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SUBTERRANEAN DRILL BIT MANAGEMENT SYSTEM

Inventors: Benjamin J. Spivey, Paul E. Pastusek, Derek M. Sanderson

CROSS-REFERENCE TO RELATED APPLICATION

[0001] This application claims the benefit of U.S. Provisional Patent Application Serial
No. 62/716,593, filed August 9, 2018, the entirety of which is incorporated by reference herein.
FIELD

[0002] The techniques described herein relate to devices for down hole drilling operations.
More particularly, the techniques relate to systems and methods for analyzing damage to drill
bits and bottom hole assemblies (BHAs) using neural networks.

BACKGROUND

[0003] This section is intended to introduce various aspects of the art, which may be
associated with examples of the present techniques. This discussion is believed to assist in
providing a framework to facilitate a better understanding of particular aspects of the present
techniques. Accordingly, it should be understood that this section should be read in this light,
and not necessarily as admissions of prior art.

[0004] Forensic analysis on drill bits and bottom hole assemblies (BHAs) pulled out of a
drilling hole is foundational for continuous drilling improvement. By current practice for major
project wells, drilling engineers or field personnel capture drill bit and BHA photos to
document damage and wear pattemns, direction of loading, and damage locations. The photos
may be the only evidence to diagnose root causes of drilling dysfunction and to make decisions
on corrective actions. Root causes for drill bit and BHA damage include torsional and axial
vibration, forward and reverse whirl, parameter set points, dog-legs, erosion, borehole patterns,
excessive loading, balling, and junk damage, among others. Photos are also used to gain insight
into borehole quality. Engineers may use the diagnosis to redesign the drill bit and/or BHA
and change operational practices to mitigate the root causes.

[0005] Current bit forensics practice relies on field personnel or trained drilling engineers
to classify drill bit and BHA damage and interpret the results. Classifying drill bit and BHA
damage can be a subjective process. Interpretation may require engineers and expert advice
and varies within and across drill teams. The subjective aspect of interpretation limits the usage
of forensics output for more widespread data analytics. Additionally, classifying drill bit and
BHA damage is also a time-consuming process requiring training. Furthermore, analyzing dull

grading of drill bits is cost prohibitive for remote projects.
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[0006] In some examples, the bottom hole assembly or BHA can include a stabilizer that
can also be damaged. A stabilizer is an implement used in downhole drilling operations to hold
a drill string essentially concentrically in place in a well bore. A stabilizer can be composed of
a cylindrical body and a set of stabilizer blades that form an effective diameter similar to that
of the drill string’s drill bit which is nominally the same diameter as the wellbore (or borehole)
when initially drilled. The stabilizer blades can help keep the drill string aligned so as to avoid
unintentional sidetracking or vibrations and to reduce the contact area between the drill string
and the wellbore during operation. Accordingly, classifying damage to the stabilizer can also
enable redesigning and manufacturing new stabilizers to prevent damage.

[0007] Several patents and pieces of literature discuss systems in which cutting tools can
be analyzed and defects in oil and gas pipes can be detected. For example, W0O2017/082874
discusses defect discrimination techniques. The techniques of W02017/082874 include using
machine vision image processing for detecting known defects in oil and gas pipes. However,
the techniques are focused on exciting eddy currents in the pipes to determine defect locations.
The techniques of this reference cannot identify damaged components of a drill bit or bottom
hole assembly using a neural network.

[0008] Additionally, U.S. Patent No. 9,670,649 describes using vision recognition software
to determine the leading edge of each wear member on the lip of an excavator bucket.
However, the techniques of this reference cannot identify damaged components of a drill bit or
bottom hole assembly using a neural network.

[0009] Similarly, U.S. Patent No. 4,845,763 describes a method for measuring wear of a
cutting tool involving illuminating the tool face, acquiring and storing a digital image in gray
scale, segmenting the wear regions based on contrast, extracting edges of new and worn tools,
and measuring dimensions of worn regions. However, the techniques of this reference cannot
identify damaged components of a drill bit or bottom hole assembly using a neural network.
[0010] These references fail to disclose generating neural networks to identify features or
components within the drill bit and BHA as discussed below. The neural networks described
herein can also identify a cause of damage to the drill bit and BHA. At present, there is not an
automated technique for identifying damage to drill bits and BHAS in the oilfield industry.
SUMMARY

[0011] An example embodiment provides a system for characterizing damage to bits or
bottom hole assemblies comprising a processor to identify, via a supervised learing model, a
location, an extent, a type, a consistency, or any combination thereof of damage to a bit or a

bottom hole assembly from an image of the bit or the bottom hole assembly. The processor
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can generate a graphical output based on the damage to the at least one component of the bit or
the bottom hole assembly. The processor can also identify, via the supervised learning model,
a cause of the damage to the bit or the bottom hole assembly based on the image.

[0012] Another example embodiment provides a method for characterizing damage to bits
or bottom hole assemblies. The method can include identifying, via a supervised learning
model, a location, an extent, a type, a consistency, or any combination thereof of damage to a
bit or a bottom hole assembly from an image of the bit or the bottom hole assembly, wherein
the image is detected in response to drilling a wellbore with a drill string comprising the bit or
the bottom hole assembly within a subsurface region. The method can include generating a
graphical output based on the damage to the at least one component of the bit or the bottom
hole assembly. The method can also include identifying, via the supervised learning model, a
cause of the damage to the bit or the bottom hole assembly based on the image.

[0013] In another embodiment, one or more non-transitory computer-readable media for
characterizing damage to drill bits or bottom hole assemblies can include a plurality of
instructions that, in response to execution by a processor, direct the processor to identify, via a
supervised learning model, a location, an extent, a type, a consistency, or any combination
thereof of damage to a bit or a bottom hole assembly from an image of the bit or the bottom
hole assembly. The plurality of instructions can also direct the processor to generate a graphical
output based on the cause of damage to the at least one component of the bit or the bottom hole
assembly. The plurality of instructions can also direct the processor to identify, via the
supervised leaming model, a cause of the damage to the bit or the bottom hole assembly based
on the image.

[0014] The foregoing summary has outlined rather broadly the features and technical
advantages of examples in order that the detailed description of the techniques that follow may
be better understood. It should be appreciated by those skilled in the art that the conception
and specific embodiment disclosed may be readily utilized as a basis for modifying or
designing other structures for carrying out the same purposes of the present techniques. It
should also be realized by those skilled in the art that such equivalent constructions do not
depart from the spirit and scope of the techniques described below. The novel features which
are believed to be characteristic of the techniques below, both as to its organization and method
of operation, together with further objects and advantages will be better understood from the
following description when considered in connection with the accompanying figures. It is to

be expressly understood, however, that each of the figures is provided for the purpose of
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illustration and description only and is not intended as a definition of the limits of the present
techniques.

DESCRIPTION OF THE DRAWINGS

[0015] The foregoing and other advantages of the present techniques may become apparent
upon reviewing the following detailed description and drawings of non-limiting examples in
which:

[0016] Fig. 1 is an illustration of a system for downhole drilling;

[0017] Fig. 2 is an illustration of items that may cause damage to drill bits or stabilizers;
[0018] Figs. 3A, 3B, and 3C are perspective views of four-blade stabilizers with different
blade configurations;

[0019] Fig. 4 is a perspective view of a drill bit;

[0020] Figs. SA and 5B are perspective views of drill bit configurations;

[0021] Figs. 6A and 6B are example process flow diagrams for identifying damage to drill
bits and bottom hole assemblies with neural networks;

[0022] Fig. 7A is an example block diagram depicting a neural network for identifying
damage to drill bits and bottom hole assemblies;

[0023] Fig. 7B is a schematic view of an example convolutional neural network for
identifying damage to drill bits and bottom hole assemblies;

[0024] Fig. 8 is an example block diagram depicting two interconnected models that can
identify damage to drill bits and bottom hole assemblies;

[0025] Fig. 9A is a diagram depicting a plurality of components in an undamaged drill bit
identified by a neural network;

[0026] Fig. 9B is a damaged cutter of a drill bit to be analyzed with a neural network;
[0027] Fig. 10 is a diagram depicting categories of cutter damage in a drill bit;

[0028] Fig. 11 is another diagram depicting categories of cutter damage in a drill bit;
[0029] Figs. 12A, 12B, and 12C are perspective views of damage to cutters in a drill bit;
[0030] Fig. 13 is a perspective view of a drill bit with a damaged plastic hinge indicating a
load direction;

[0031] Fig. 14 is a perspective view of a drill bit with cutter damage from friction and heat;
[0032] Fig. 15 is a perspective view of a drill bit with ordinary wear to cutters;

[0033] Figs. 16A, 16B, and 16C are perspective views of damage to a stabilizer in a drill

string; and
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[0034] Fig. 17 is an example system diagram for executing neural networks that can
identify components of a drill bit and bottom hole assembly and identify damage to the drill bit
and bottom hole assembly.

[0035] It should be noted that the figures are merely examples of the present techniques
and no limitations on the scope of the present techniques are intended thereby. Further, the
figures are generally not drawn to scale, but are drafted for purposes of convenience and clarity
in illustrating various aspects of the techniques.

DETAILED DESCRIPTION

[0036] In the following detailed description section, the present techniques are described
in connection with specific examples. However, to the extent that the following description is
specific to a particular embodiment or a particular use of the present techniques, this is intended
to be for example purposes only and simply provides a description of the examples.
Accordingly, the techniques are not limited to the specific examples described below, but
rather, it includes all alternatives, modifications, and equivalents falling within the true spirit
and scope of the appended claims.

[0037] At the outset, and for ease of reference, certain terms used in this application and
their meanings as used in this context are set forth. To the extent a term used herein is not
defined below, it should be given the broadest definition persons in the pertinent art have given
that term as reflected in at least one printed publication or issued patent. Further, the present
techniques are not limited by the usage of the terms shown below, as all equivalents, synonyms,
new developments, and terms or techniques that serve the same or a similar purpose are
considered to be within the scope of the present claims.

[0038] “Blade” and “blades” may be used in this application to include, but are not limited
to, various types of projections extending outwardly from a wellbore tool, such as a drill bit or
drill string. Such wellbore tools may have generally cylindrical bodies with associated blades
extending radially therefrom. Blades formed in accordance with teachings of the present
disclosure may have a wide variety of configurations including, but not limited to, helical,
spiraling, tapered, converging, diverging, symmetrical, and/or asymmetrical. Such blades may
also be used on wellbore tools which do not have a generally cylindrical body.

[0039] “Drilling™ as used herein may include, but is not limited to, rotational drilling, slide
drilling, directional drilling, non-directional (straight or linear) drilling, deviated drilling,
geosteering, horizontal drilling, and the like. The drilling method may be the same or different
for the offset and uncased intervals of the wells. Rotational drilling may involve rotation of

the entire drill string, or local rotation downhole using a drilling mud motor, where by pumping
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mud through the mud motor, the bit turns while the drill string does not rotate or turns at a
reduced rate, allowing the bit to drill in the direction it points.

[0040] As used herein, a “drill bit” is a tool normally utilized in wellbore operations to cut
or crush rock formations to penetrate the formations. In some examples, the drill bit is on the
bottom of a drill string. Drill bits can scrape or crush rock formations as part of a rotational
motion. In some examples, drill bits known as hammer bits, pound the rock vertically to
penetrate the formations.

[0041] A “drill string” is understood to include a collection or assembly of joined tubular
members, such as casing, tubing, jointed drill pipe, metal coiled tubing, composite coiled
tubing, drill collars, subs and other drill or tool members. The drill string extends between the
surface and on the lower end of the work string and is connected to the drill bit that forms the
wellbore. A drill string may be used for drilling or an installation means. It should be
appreciated that the drill string may be made of steel, a steel alloy, a composite, fiberglass, or
other suitable material.

[0042] A “neural network™ is understood to include any suitable set of instructions or a
hardware device that can be trained or learn to perform a task based on examples. In some
examples, the neural network can be programmed without any task-specific rules. For
example, the neural network can identify objects in images by analyzing manually labeled
images with objects. In some examples, the neural network can be trained using unsupervised
techniques.

[0043] A “sleeve” is a tubular part designed to fit over another tubular part. The inner and
outer surfaces of the sleeve may be circular or non-circular in cross-section profile. The inner
and outer surfaces may generally have different geometries, i.e., the outer surface may be
cylindrical with circular cross-section, whereas the inner surface may have an elliptical or other
non-circular cross-section. Alternatively, the outer surface may be elliptical and the inner
surface circular, or some other combination. More generally, a sleeve may be considered to be
a generalized hollow cylinder with one or more radii or varying cross-sectional profiles along
the axial length of the cylinder.

[0044] A “tubular” is used herein to include oil country tubular goods and accessory
equipment such as drill string, liner hangers, casing nipples, landing nipples and cross connects
associated with completion of oil and gas wells. Tubulars also include any pipe of any size or
any description and is not limited to only tubular members associated with oil and gas wells.
Further, the term “tubular” is not restricted to flow spaces with a cylindrical shape (i.e., with a

generally circular axial cross-section), but is instead intended to encompass enclosed flow

-6 -



10

15

20

25

30

WO 2020/033111 PCT/US2019/042126

spaces of any other desired cross-sectional shape, such as rectangular, hexagonal, oval, annular,
non-symmetrical, etc. In addition, the term tubular also contemplates enclosed flow spaces
whose cross-sectional shape or size varies along the length of the tube.

[0045] A “well” or “wellbore” refers to holes drilled vertically, at least in part, and may
also refer to holes drilled with deviated, highly deviated, and/or horizontal sections of the
wellbore. The term also includes wellhead equipment, surface casing, intermediate casing, and
the like, typically associated with oil and gas wells.

Overview

[0046] Disclosed is are systems and methods for managing subterranean drill bits to
provide improved bit life, reduced bit failure risk, and identify and address issues related to bit
wear, damage, and/or failure. A key part of the disclosure related to improved consistency and
accuracy with bit analysis, assessment, and characterization (collectively, classification
techniques). The examples described herein generally relate to two classification techniques
that can be utilized individually or in combination to characterize drill bit and BHA damage
automatically: (i) a neural network technique or (ii) statistical techniques, combining image
pre-processing, feature extraction, edge detection, and statistical models. Automated drill bit
and BHA diagnosis enables interpretation of real-time data and diagnosing drilling limiters.
An automated decision support system can enable more widespread adoption of bit forensics
practices due to reduction in training, skill, and time required to identify and diagnose drill bit
and BHA damage.

[0047] In some examples, an automated decision support system can also improve
repeatability of drill bit and BHA damage diagnosis and enable further data analytics to
interpret real-time data using the diagnosis. This correlation can improve real-time diagnosis
of downhole dysfunction from surface data and improve drilling practices.

[0048] Fig. 1 is an illustration of a system for downhole drilling. The system 100 includes
a drill string 102 operating in a wellbore 104. The drill string 102 can be operatively coupled
to a drilling rig 106 configured to rotate, push, and pull the drill string 102. The drill string 102
can include a drill bit 108 and a multiple segments of drill string, or joints, 110 that can be
removed and replaced. Stabilizers 112, placed along the drill string 102, can keep the drill bit
108 in line with the wellbore 104, preventing undesirable deviations and also reducing the
contact area between the drill string and the wellbore. The drilling rig 106 can operate the drill
string 102 from the top of a surface 114. The wellbore 104 formed is a hole cutting through

overburden 116 into a reservoir 118.
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[0049] Fig. 2 is an illustration of a drill string in a wellbore showing items that may cause
damage to drill bits or stabilizers. The drill string 200 can operate in a wellbore 202, and may
be composed of alternating segments of drill pipe, drill collars 204, stabilizers 206, and a drill
bit 208. The stabilizers 206 can help keep the drill string in place during drilling operation.
[0050] The drill bit 208 is configured to drill the wellbore 202. The drill collars 204 may
be heavy, thick-walled sections of the drill string 200 that provide weight to the drill bit 208.
Obstructions 210 in the wellbore that can damage the drill bits 208 may include loose or
unstable formations, rock cuttings that remain after drilling, or broken remains from previous
drill bits. Additionally, alternating layers of hard and soft material 212 in the rock formation
can damage the drill bit 208 as the drill bit drills through the rock formation. Different types
of damage to drill bits are described in greater detail below in relation to Figs. 10, 11, 12A,
12B, 12C, 13, 14, and 15. Additionally, techniques for identifying causes of the different types
of damage to drill bits are described herein in relation to Figs. 6A, 6B, and 8.

[0051] Figs. 3A, 3B, and 3C are side views of four-blade stabilizers with blades. It may
be noted that the four blade stabilizers are merely one example of stabilizers that may be used.
Stabilizers may have fewer or more blades, and may be attached in different configurations.
The four-blade stabilizers described below in relation to Figs. 3A, 3B, and 3C, depict different
stabilizer blades that can be recognized with neural networks as described below in relation to
Figs. 6A, 6B, and 8. In some examples, identifying the different stabilizer blades can enable a
neural network to identify a cause of damage to a stabilizer based on a direction of force that
caused the damage.

[0052] In Fig. 3A, the four-blade stabilizer 300A can have a stabilizer body 302A with four
one-piece stabilizer blades 304A, each attached to the stabilizer body 302A. In some examples,
each blade 304A can be formed with any suitable angle. For example, a top portion 306A of
the blade 304A can attach to the stabilizer body 302A at a different vertical position than a
bottom portion 308A of the blade 304A. In some examples, the blade 304A form an angle
wrapping around the stabilizer body 302A in a clockwise or counterclockwise direction. In
some examples, the top portion 306A of the blade 304A and the bottom portion 308A of the
blade 304A can attach to the stabilizer body 302A at any suitable fixed horizontal or vertical
locations.

[0053] In Fig. 3B, the four-blade stabilizer 300B can have a stabilizer body 302B with four
one-piece stabilizer blades 304B, each attached to the stabilizer body 302B. In some examples,
each blade 304B can be formed with straight or linear edges. For example, a top portion 306B
of the blade 304B can attach to the stabilizer body 302B at the same vertical position as a
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bottom portion 308B of the blade 304B. In some examples, the blade 304B form a straight or
linear edge along the stabilizer body 302B. For example, the blade 304B can be attached to
the stabilizer body 302B at a perpendicular or ninety degree angle to the drill string connector
310B described below. In many examples the stabilizer blade 304B is a one-piece element,
but in other examples the stabilizer blade 304B may comprise two or more integrated or
cooperating elements.

[0054] In Fig. 3C, the four-blade stabilizer 300C can have a stabilizer body 302C with four
one-piece stabilizer blades 304C, each attached to the stabilizer body 302C. In some examples,
each blade 304C can be formed with straight or linear edges. In some examples, a top portion
306C of the blade 304C attaches to the stabilizer body 302C at a different vertical position
than a bottom portion 308C of the blade 304C. In some examples, the blade 304C can form a
straight or linear edge along the stabilizer body 302C. For example, the blade 304C can be
attached to the stabilizer body 302C at a non-perpendicular angle or angle greater than or less
than ninety degrees in relation to the drill string connector 310C described below. In some
examples, the stabilizer blade 304C is a one-piece element, but in other examples the stabilizer
blade 304C may comprise two or more integrated or cooperating elements.

[0055] The four-blade stabilizers 300A can be inserted into a drill string by a drill string
connector 310A, which can be a conventional pin or box thread. The drill string connector
310A may point towards the drill bit of the drill string. In many examples the stabilizer blade
304A is a one-piece element, but in other examples the stabilizer blade 304A may comprise
two or more integrated or cooperating elements. Similarly, four-blade stabilizers 300B and
300C can be inserted into drill string connections 310B and 310C.

[0056] Fig. 4illustrates an example drill bit. In some examples, the drill bit 400 can include
a tricone bit, a polycrystalline diarnond compact (PDC) bit, a multiple tricone bit, and the like.
The drill bit 400 can include one or more cones 402A and 402B, a nose 404, and a shoulder
406. The cones 402A and 402B can protrude from the drill bit 400 and include any number of
cutters to assist with crushing, scraping, and grinding rock at the bottom of a well during the
drilling process. The nose 404 can refer to a leading edge of the cones 402A and 402B that
removes material from a bottom of a wellbore, while the shoulder 406 can remove material
from a side of a wellbore. In some examples, the cones 402A and 402B can include a face
cutter 408, a gauge cutter 410, and a back reaming cutter 412. The face cutter 408, gauge cutter
410, and back reaming cutter 412 can be placed with a particular geometry, density, and
orientation within each cone 402A and 402B based on predetermined characteristics

corresponding to a reservoir. For example, the face cutter 408, gauge cutter 410, and back
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reaming cutter 412 can be placed in the cones 402A and 402B to increase a cleaning efficiency,
increase a bit aggressiveness, and prolong cutter life. In some examples, the face cutter 408,
gauge cutter 410, and back reaming cutter 412 are placed in the drill bit 400 at a back rake
angle to cause cuttings to curl away from a cutting element and reduce a tendency for cuttings
to stick to a face of the drill bit 400. The drill bit 400 can also include a gauge insert 414, which
can be constructed of a harder, more wear-resistant material, such as tungsten carbide, which
can withstand severe abrasive wear.

[0057] The drill bit 400 can also include a breaker slot 416, a shank bore 418, an
interchangeable nozzle 420, a gauge pad 422, a weld groove 424, and an API pin connection
426. The breaker slot 416 can enable restraining the drill bit 400 from rotation with a spanner
or drill stem wrench. For example, if the drill bit 400 is to be detached from a drill string, a
wrench can attach to the drill bit 400 via the breaker slot 416 to prevent rotation. In some
examples, the shank bore 418 can attach to the interchangeable nozzle 420, which can include
an opening for drilling fluid to exit the drill bit 400 into the bottom of a wellbore. In some
examples, the gauge pad 422 can reinforce the drill bit 400 to resist against impacts caused by
direct contacts with walls of a wellbore. The API pin connection 426 can attach the drill bit
400 to a drill string.

[0058] Fig. 5A is an example drill bit S00A. The drill bit S00A can include any number of
interchangeable nozzles 502, blades 504, and cutters 506. In some examples, the cutters 506
are PDC cutters, or any other suitable cutters, which are integrated into blades 504. In some
examples, the interchangeable nozzles 502 can release drilling fluid, which can be dispersed
around the drill bit SO0A via the fluid course 508. In some examples, the cutters 506 can
remove cuttings or material from a bottom of a bore hole and the cutting can pass through the
junk slot 510. In some examples, the drill bit S00A can include any suitable number of blades,
cutters, and interchangeable nozzles.

[0059] Fig. 5B is an example drill bit S00B. The drill bit S00B can include any number of
interchangeable nozzles 512, blades 514, and cutters. In some examples, each blade 514
includes primary cutters 516 and backup cutters 518. The primary cutters 516 and the backup
cutters 518 can be positioned on each blade 514 with a different orientation, geometry, and the
like. For example, the primary cutters 516 and the backup cutters 518 can be oriented at
different angles with respect to a blade 514. In some examples, each blade 514 includes a
different number of primary cutters 516 and backup cutters 518. In some examples, the primary
cutters 516 and backup cutters 518 can be PDC cutters, or any other suitable cutters. In some

examples, the interchangeable nozzles 512 can release drilling fluid, which can be dispersed

-10 -



10

15

20

25

30

WO 2020/033111 PCT/US2019/042126

around the drill bit S00B via the fluid course 520. In some examples, the primary cutters 516
and backup cutters 518 can remove cuttings or material from a bottom of a bore hole and the
cutting can pass through the junk slot 522. In some examples, the drill bit S00B can include
any suitable number of blades, cutters, and interchangeable nozzles.

[0060] Figs. 6A and 6B are example process flow diagrams for identifying damage to drill
bits and bottom hole assemblies with neural networks. The methods 600A and 600B can be
implemented with any suitable device, such as the cluster computing system 1700 of Fig. 17
described below.

[0061] At block 602A of Fig. 6A, a device can determine a location of at least one
component of a bit or a bottom hole assembly with a first neural network. For example, the
device can determine a location of a cutter, a blade, a cone, a shoulder, a stabilizer, or any other
suitable component of a drill bit or bottom hole assembly. In some examples, the location of
the component is determined with a neural network that is trained based on images of
undamaged components. Training a neural network is described in greater detail below in
relation to Fig. 6B.

[0062] At block 604A, a device can identify at least one damaged component image of the
bit or the bottom hole assembly, wherein the at least one damaged component image is detected
in response to drilling a wellbore with a drill string comprising the bit or the bottom hole
assembly within a subsurface region. In some examples, the damaged component image can
depict a drill bit or bottom hole assembly from any suitable angle or distance. The damaged
component image can indicate a damaged component, a missing component, or ordinary wear
of a component.

[0063] Atblock 606A, a device can identify, via a second neural network, a type of damage
to the at least one component of the bit or the bottom hole assembly based on the at least one
damaged component image. In some examples, the type of damage can include any type of
damage to a drill bit or bottom hole assembly such as whirl or lateral damage to a shoulder of
a drill bit, axial or tag bottom damage to a nose of a drill bit, or stick-slip damage to a cone of
a drill bit, among others. The type of damage can be identified with a second neural network
that is trained based on images of damaged components as discussed in greater detail below in
relation to Fig. 6B.

[0064] At block 608A, a device can generate a graphical output based on the type of
damage to the at least one component of the bit or the bottom hole assembly. For example, the
device can generate any suitable graphical interface output indicating a location of damage to

a component, an orientation of the damage to the component, and an extent of the damage to
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the component, and the like. In some examples, the graphical interface output includes damage
to each of the components of a drill bit or BHA in a three dimensional image, a series of two
dimensional images, and the like.

[0065] In Fig. 6B, at block 610B, a device can detect one or more undamaged component
images of a bit or a bottom hole assembly (BHA). In some examples, the undamaged
component images of a bit of BHA are captured using any suitable imaging device, such as a
camera, among others, before the bit or BHA is used for drilling. In some examples, the device
captures a separate image of each component or feature to be monitored for a drill bit or BHA.
For example, the device can capture a separate image for each blade, cone, portion of a gauge
pad, set of cutters, and the like. In some examples, the bottom hole assembly includes a drill
bit, which is used to break up the rock formations. The bottom hole assembly can also include
drill collars, which are heavy, thick-walled tubes used to apply weight to the drill bit.
Furthermore, the bottom hole assembly can include drilling stabilizers, which keep the
assembly centered in the hole. The BHA may also contain other components such as a
downhole motor and rotary steerable system, measurement while drilling (MWD), and logging
while drilling (LWD) tools. In some examples, the components are joined together using
rugged threaded connections and short “subs™ to connect components with dissimilar threads.
[0066] At block 612B, the device can generate a first neural network to identify a location
of at least one component of the bit or the bottom hole assembly based on the one or more
undamaged component images. For example, the device can generate a neural network with
an input layer, any number of hidden layers, and an output layer. The input layer of the first
neural network can include the undamaged component images. In some examples, the first
neural network can identify components of a drill bit or BHA from the undamaged component
images. For example, the first neural network can identify cutters, blades, cones, gauge pads,
and the like. The first neural network can also identify any number of stabilizers from a drill
string. In some examples, the first neural network can identify locations of components of a
drill bit or BHA following a pre-processing of the undamaged component images. The pre-
processing techniques are described in greater detail below in relation to Fig. 8.

[0067] In some examples, the device generates the first neural network by training the first
neural network with components manually labeled in images of undamaged components. For
example, the device can detect a set of labeled images, which identify locations and features
corresponding to components of a drill bit or BHA. The device can train the first neural
network to recognize the components of the drill bit or BHA based on the features

corresponding to each component in the set of labeled images.
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[0068] In some examples, the first neural network is a convolutional neural network with
a feed-forward network comprised of any suitable number of convolutional layers. In some
examples, at least two of the convolutional layers are fully connected. The first neural network
can also include any number of pooling layers, which combine the outputs of multiple neuron
clusters at one layer into a single neuron in a subsequent layer. In some examples, the pooling
layer utilizes a max pooling technique that relies on a maximum value from each cluster of
neurons at a previous layer.

[0069] At block 614B, the device can detect one or more damaged component images of
the bit or the bottom hole assembly. In some examples, the damaged component images are
detected in response to drilling a wellbore with a drill string comprising the bit or the bottom
hole assembly within a subsurface region. For example, the damaged component images can
be detected by a camera or any other suitable imaging device following the removal of the drill
bit or BHA from the wellbore. In some examples, the damaged component images are captured
from any suitable number of predetermined angles to detect damage to the drill bit or BHA.
For example, the damaged component images can include images of cutters or blades from any
suitable angle, images of a stabilizer from any suitable angle, images of a gauge pad from any
suitable angle, and the like. As discussed below in relation to Fig. 8, the damaged component
images can also include pre-processed images to normalize a scale of the components in the
images, adjust for differences in lighting, and the like.

[0070] At block 616B, the device can generate a second neural network to identify a type
of damage to the at least one component of the bit or the bottom hole assembly based on the
one or more damaged component images. In some examples, the second neural network can
identify a type of damage to a component of a drill bit or BHA based on an extent or
classification of damage to the component, an orientation of the damage to the component, a
location of the component, and damage to adjacent components, among others. For example,
the classified damage can include any suitable scale of damage such as none, low, medium,
and high, or any suitable numerical scale, among others. In some examples, the type of damage
indicates an amount of bit wear or an amount of bottom hole assembly wear below a
predetermined threshold level, wherein the predetermined threshold level indicates whether the
component is damaged or has experienced ordinary wear. The orientation of the damage to the
component can include no damage, circumferential damage, or axial damage, among others.
In some examples, the second neural network detects any suitable type of damage such as whirl
or lateral damage to a shoulder of a drill bit, axial or tag bottom damage to a nose of a drill bit,

or stick-slip damage to a cone of a drill bit, among others.
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[0071] In some examples, the location of the component and damage to adjacent
components enable the second neural network to identify damage to cutters and other
components of the drill bit or BHA. For example, the second neural network can identify stick-
slip damage to cutters if the cutters are located in a predetermined location of a blade of a drill
bit. In some examples, the second neural network can also identify axial vibration or bit
bounce, and lateral vibration or bit whirl based on a location of the damaged cutters and
locations of adjacent damaged cutters.

[0072] In some examples, the second neural network extracts a feature from a set of
processed damaged component images, wherein the extracted feature indicates a cause of the
type of damage to the bit or the bottom hole assembly. As discussed below in relation to Fig.
8, extracting the feature can include performing edge detection on the set of processed damaged
component images. In some examples, extracting the feature comprises identifying the feature
based on a statistical measurement from the set of processed damaged component images.
[0073] In some examples, the device can generate the second neural network by training
the second neural network with components manually labeled in images of damaged
components. For example, the device can detect a set of labeled images, which identify types
of damage corresponding to components of a drill bit or BHA. The device can train the second
neural network to recognize the damage to the components of the drill bit or BHA based on the
damage characteristics corresponding to each component in the set of labeled images. The
damage characteristics can include the classified damage to the component, orientation of the
component, location of the component, and damage to adjacent components, as discussed
above.

[0074] At block 618B, the device can generate a graphical output based on the type of
damage to the at least one component of the bit or the bottom hole assembly. For example, the
device can generate any suitable graphical interface output indicating a location of damage to
a component, an orientation of the damage to the component, and an extent of the damage to
the component, and the like. In some examples, the graphical interface output can include
damage to each of the components of a drill bit or BHA in a single image.

[0075] At block 620B, the device can recommend a modification of a design of the bit or
the bottom hole assembly based on the type of damage identified by the second neural network.
For example, a drill bit can be selected that has a decreased or increased taper gauge size, a
modified depth of cut (DOC) limiter, a modified gauge edge chamfer, a modified hardfacing
and TSP placement, an extra gauge cutter, a modified backrake, or a modified TCC setting,

among others.
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[0076] In some examples, the blocks of methods 600A and 600B can be executed in
alternate orders. Furthermore, the methods 600A and 600B can include any suitable number
of fewer or additional blocks.

[0077] Fig. 7A is a schematic view of an example neural net 700A that may be used in
examples of the present techniques. The neural net 700A may include a network of nodes
702A. The neural net 700A may include an input layer 704A, an output layer 706A and one
or more hidden layers 708A. Each node 702A in a layer may be connected to the nodes 702A
of a preceding layer by a connection 710A characterized by a weighting value, w. The value
computed for any given node may be a function of the values at each connected node in the
preceding layer modified by the weighting values, w. For example, the node labeled “h1” may

be computed by the formula shown in Eqn. 1.
h =f(W1i1 +W, i, + Wy, +W4i4) Eqn. 1

[0078] A training set including a set of inputs 712A and a set of desired outputs 714A may
be used to train the neural net 700A, e.g., to set the values of the weights. A set of inputs 712A
may be fed into the input layer 704A of the neural net 700A. Node values may then be
computed for each node in the hidden layer 708A. If the neural net includes more than one
hidden layer 708A, node values are successively computed for each subsequent hidden layer
708A. Node values are then computed for the output layer 706A to generate a set of outputs
716A of the neural net. The set of outputs 716A may be compared to a desired output set 714A
to determine a measure of the deviation, sometimes referred to as an “objective function” 718A
or “cost function,” between the set of computed outputs 716A and the desired output set 714A.
The desired output set 714A may be generated by a comparison to labeled training data or
based on measured characteristics of the system. The objective function 718A computed for
one iteration of the neural net computation may be used to alter the weighting values applied
to each of the node connections 710A for the next iteration of the neural net computation. The
neural net may be iteratively computed and the calculation of the objective function 718A
repeated until the objective function 718A is below an acceptable threshold. After the last
iteration of the neural net, the weight values correspond to an approximation of the response
function of the system under consideration. The weight values may be extracted and used to
identify a type of damage to a drill bit or bottom hole assembly, as discussed with respect to

Fig. 8, below.
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[0079] It will be appreciated that the example neural net described herein is used to
introduce concepts of machine learning. In actual practice, the neural net may be any suitable
neural net, such as a convolutional neural network, including any number of hidden layers
708A and any number of nodes 702A per layer, as well as any other proper topology of neuron
connections. Further, it will be appreciated that examples may include other supervised
machine learning techniques, such as probabilistic trees, support vector machines, radial basis
functions, and other machine learning techniques.

[0080] Fig. 7B is a schematic view of an example convolutional neural network 700B that
can be used in examples of the present techniques. The neural net 700B can detect a pre-
processed bit image 720B of a damaged drill bit or bottom hole assembly. In some examples,
the pre-processed bit image 720B is combined with any number of additional images to train
the neural net 700B. The neural net 700B can include any suitable number of layers for
convolution and pooling 722B. Each layer can identify a portion of the pre-processed bit image
720B to analyze for features. In some examples, any number of convolutional layers are fully
connected. In some examples, a pooling layer utilizes a max pooling technique that relies on
a maximum value from each cluster of neurons at a previous layer. The neural net 700B can
identify and extract features 724B based on the layers for convolution and pooling 722B. The
features 724B can enable identifying a type of damage to a drill bit or bottom hole assembly,
as discussed with respect to Fig. 8, below. For example, the features 724B can classify the
location, extent, types, and/or consistencies of wear across the bits or bottom hole assemblies.
In some examples, the features 724B also classify causes of damage to bits or bottom hole
assemblies.

[0081] It will be appreciated that the example convolutional neural net described herein is
used to introduce concepts of machine learning. Further, it will be appreciated that examples
may include other supervised machine learning techniques, such as probabilistic trees, support
vector machines, radial basis functions, and other machine leaming techniques.

[0082] Fig. 8 is an example block diagram 800 depicting two interconnected models that
can identify damage to drill bits and bottom hole assemblies. The models may include neural
networks, support vector machines, decision trees, and the like. In some examples, neural
network 802 can detect any number of drill bit images 804. For example, the neural network
802 can create a training data set of images of damaged bits and BHAs along with metadata
for each bit or BHA image. The metadata can include expert diagnoses of damage patterns,
directions, and locations for each feature (cutter, blade, etc.). In some examples, the neural

network 802 can also pre-process the drill bit images 806. For example, the neural network
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802 can preprocess images by augmenting the image data set, rescaling images, and
normalizing images. Images may also be rescaled to ensure consistent feature size between
images. Images may further include preprocessing to zero-center and normalize the pixel data.
In some examples, the training data is augmented by producing rotated, translated, and rescaled
versions of existing images. In some examples, the images are preprocessed by applying at
least one modification to the one or more damaged component images, wherein the at least one
modification comprises a rotation modification, a translation modification, a scaling
modification, a red-green-blue (RGB) scale modification, or a hue-saturation-intensity (HSI)
scale modification, among others. In some examples, generating the set of processed damaged
component images comprises modifying the one or more damaged component images to be
from a uniform perspective.

[0083] In some examples, the neural network 802 is trained with the pre-processed images
of the drill bits and BHAs. For example, the neural network 802 can select a subset of
processed images as input to identify features of components of a drill bit or BHA. The neural
network 802 can also identify the relative location and number of cutters for bits, separate
blades for drill bits, and a location and number of blades of each stabilizer. In some examples,
the neural network 802 extracts features 808 of each drill bit and BHA component based on
dedicated images for individual components of the bit or BHA. For example, images may be
focused on individual blades, cutters, or other bit features. In some examples, extracting
features 808 can include extracting edges and classifying according to the desired feature set,
for example, cutters, blades, numeric markings, and the like.

[0084] In some examples, the neural network 802 can be trained 810 by analyzing edges
of features to determine a measure of damage or missing components. For example, the neural
network can classify a type of wear (e.g., regular wear or damage) and extent of wear/damage
(e.g.. none, low, medium, high, missing). In some examples, the neural network 802 is trained
810 in part based on manually entered 812 labels indicating bit wear characteristics. For
example, the manually entered 812 labels can include information provided by professionals
regarding drill bit wear to cutters, stabilizers, and the like.

[0085] In some examples, the neural network 802 detects 814 damage information such as
wear locations, the extent of the wear, types of wear, and consistencies of wear. The neural
network 802 can transmit the damage information to a second neural network 816 for
identifying a cause of the damage. The wear location can indicate a spatial orientation and a
position with respect to the bit or bottom hole assembly. The consistency can indicate whether

the damage is repeated in other locations on the bit or the bottom hole assembly. The type of
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wear can indicate a fracture pattern of the damage to the bit or the bottom hole assembly,
wherein the fracture pattern includes but is not limited to smooth wear, tangential cutter
fracture, spalling, heat checking, or blade wear scars. The extent can indicate an amount of
wear on the bit or an amount of wear on the bottom hole assembly below threshold levels.
[0086] The second neural network 816 can be trained 818 based on the damage information
814 and manually detected 820 dysfunction diagnosis. The trained second neural network 816
can then generate 822 an output indicating a cause of the damage or wear to a drill bit or bottom
hole assembly. In some examples, the second neural network 816 can be trained to indicate a
probability of a cause of damage or wear to a drill bit or a bottom hole assembly. The second
neural network 816 can also provide a list of probabilities corresponding to potential causes of
damage or wear to a drill bit or bottom hole assembly. In some examples, the second neural
network 816 determines the probability of a cause of damage based on consistency of
individual feature damage, a correlation between drill bit and BHA damage, and image
classification algorithm output scores, among others. In some examples, the second neural
network 816 identifies an orientation of individual feature damage within a drill bit or BHA by
classifying damage based on a direction of damaging force. The orientation of feature damage
can be used by the second neural network 816 to determine a probability of a cause of damage
to a drill bit or BHA. In some examples, the second neural network 816 synthesizes damage
classification corresponding to drill bits and bottom hole assemblies to form a list of high
probability causes of damage or damage mechanisms.

[0087] In some examples, the second neural network 816 is a support vector machine,
decision tree, or any suitable type of neural network such as a convolutional neural network,
among others. If the second neural network 816 is a convolutional neural network, the second
neural network 816 can be trained with a combination of images and extracted features from
the images, as well as manual classification information provided by experts reviewing the
images.

[0088] In some examples, a system can use a statistical technique to identify a cause of
damage to a drill bit or BHA rather than a second neural network 816. For example, the system
can predict forensics classification and diagnosis using a validated subset of images. The
system can also compare actual and predicted classifications of damages components or
features in an image to determine a score model accuracy. The system can iterate the statistical
technique any suitable number of times until a score model accuracy is below a predetermined

threshold level.
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[0089] In one example, the second neural network 816 can identify damage to a stabilizer.
For example, an image can indicate that stabilizer blades are worn to the stabilizer body, which
indicates the jump rope motion seen with forward whirl. A drill bit photo can demonstrate
shoulder cutter wear, which also indicates whirl. The second neural network 816 can combine
the stabilizer damage with the drill bit damage to indicate dysfunctions occurring while drilling.
In some examples, real-time data combined with pre-drill modeling can support the stabilizer
and drill bit damage identified by the second neural network 816. Accordingly, the accuracy
of the second neural network 816 can be increased by combining multiple images of various
components of a drill string.

[0090] In some examples, a drill bit or BHA is modified based on the type of damage
experienced by the drill bit or the BHA. For example, the second neural network 816 can detect
that a base design of a drill bit experienced gauge hardfacing flaking and trisodium phosphate
(TSP) loss on the gauge pads. Following a redesign of the drill bit based on the bit forensics
observations from the second neural network 816, the drill bit can have an increased gauge
length, modified gauge edge chamfer, and modified hardfacing and TSP placement.
Accordingly, the redesigned drill bit may not experience hardfacing flaking or loss of TSP.
[0091] It is to be appreciated that in some examples, a single supervised learning model
can implement the techniques described above in relation to the neural network 802 and the
second neural network 816. The supervised learning model can include linear discriminant
analysis, a support vector machine, a k-nearest neighbor technique, a random forest learning
technique, or any combination thereof. In some examples, the supervised learning model can
also include a scale-invariant feature transform (SIFT) technique, a histogram of gradients
(HOG) technique, local binary patterns (LBP), or wavelet transforms. For example, the
supervised learning model can identify a location, an extent, a type, a consistency, or any
combination thereof of damage to a bit or a bottom hole assembly from an image of the bit or
the bottom hole assembly. The supervised learning model can also identify a cause of the
damage to the bit or the bottom hole assembly based on the image.

[0092] Fig. 9A is a diagram depicting a plurality of components in an undamaged drill bit
identified by a neural network. In some examples, the drill bit 900A can include any suitable
number of nozzles 902A for injecting drilling fluid into a borehole, blades 904A, and primary
cutters 906A for removing material from a borehole. In some examples, each blade 904A can
also include any number of backup cutters 908A for removing material from the borehole. In
some examples, the neural network can also capture a handwritten blade number marking,

which can be used to classify wear location by blade automatically. In some examples, a neural
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network uses an edge detection algorithm to extract edges along the bit cutters to serve as
features for identifying the extent of cutter wear.

[0093] Fig. 9B is a damaged cutter of a drill bit 900B to be analyzed with a neural network.
In some examples, the neural network can identify a marking 910B that indicates a blade 912B
of the drill bit. For example, the number “2” marked on the blade 912B can indicate a location
of the blade 912B on a drill bit. In some examples, the neural network identifies damage to
any number of cutters of the blade 912B. For example, primary cutters 914B and 916B are
damaged in Fig. 9B, while primary cutter 918B is undamaged. Additionally, the neural
network can detect that the backup cutters 920B and 922B are also undamaged. The neural
network can identify damage information corresponding to the primary cutters 914B and 916B
such as the extent of the damage to primary cutters 914B and 916B, the location of the primary
cutters 914B and 916B in relation to the blade 912B, and the damage to each of the primary
cutters 914B and 916B in relation to each other. The neural network can combine the damage
information regarding each of these factors to determine a cause of the damage to the primary
cutters 914B and 916B.

[0094] Fig. 10 is a diagram depicting categories of cutter damage in a drill bit. In Fig. 10,
various causes of damage to cutters of a drill bit are identified based on a direction of the
damage to the cutters. In some examples, a neural network identifies damage to cutters 1002
from direction 1004. This may indicate a lateral vibration or a bit whirl. In some examples, a
neural network identifies damage to cutters 1006 from direction 1008. This damage may
indicate an axial vibration or bit bounce. In some examples, a neural network identifies damage
to cutters 1010 from direction 1012. This damage may indicate stick-slip damage.

[0095] Fig. 11 is another diagram depicting categories of cutter damage in a drill bit. In
some examples, a blade 1102 includes any suitable number of cutters C1 1104, C2 1106, C3
1108, C4 1110, C5 1112, C6 1114, C7 1116, C8 1118, and C9 1120. In some examples,
damage to cutter C1 1104 and C4 1110 can indicate a medium extent of damage with an axial
orientation. The damage to cutter C2 1106 may be less extensive, which can indicate a lower
extent of damage with an axial orientation. By contrast, the damage to cutter C3 1108 may be
more extensive with more of the cutter missing or eroded, which indicates a higher extent of
damage with an axial orientation. The axial orientation can be detected based on manually
classified images depicting axial or circumferential damage.

[0096] In some examples, cutters C5 1112 and C6 1114 can indicate circumferential

orientation of damage, while cutter C5 can indicate a medium extent of damage compared to
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the low extent of damage to cutter C6 1114. In one example, cutters C7 1116, C8 1118, and
C9 1120 may not demonstrate any type of damage.

[0097] Figs. 12A, 12B, and 12C are perspective views of damage to cutters in a drill bit.
In Fig. 12A, a drill bit 1200A is depicted from a side view. The drill bit 1200A can include a
blade 1202A with a number of cutters 1204A. In some examples, any of the cutter 1204A can
be damaged. For example, the cutters 1206A are damaged. In some examples, a marking
1208A is visible on the blade 1202A to indicate the blade in the side view image.

[0098] In Fig. 12B, an overhead view 1200B of the drill bit 1200A is depicted. The
overhead view can indicate damage to blade 1202A or blade 1202B. The overhead view can
also indicate damage to any number of cutters 1204A and 1204B.

[0099] In Fig. 12C, a close-up view 1200C of cutters 1206A are depicted. The close-up
view can indicate damage to cutters 1206A that is not visible from the overhead view of Fig.
12B or the side view of Fig. 12A. In some examples, a neural network can detect any suitable
number of views of a drill bit, such as the side view of Fig. 12A, the overhead view of Fig.
12B, and the close-up view of Fig. 12C. The neural network can detect damage to any
component of a drill bit by analyzing the blades, cutters, and other components from various
images captured at different angles and distances.

[00100] Fig. 13 is a perspective view of a drill bit with a damaged plastic hinge indicating a
load direction. The drill bit 1300 includes four blades 1302, 1304, 1306, and 1308. Each blade
1302, 1304, 1306, and 1308 includes a number of cutters 1310, 1312, 1314, and 1316. In some
examples, a plastic hinge 1318 is located in a blade 1302, 1304, 1306, or 1308. In the event
that the plastic hinge 1318 is damaged or broken, the direction of the load on the drill bit 1300
can be detected. Accordingly, a neural network can detect if a plastic hinge 1318 has been
damaged and can detect a direction of a load of the drill bit 1300. The direction of the load can
be used to indicate a cause of damage of the drill bit 1300. In some examples, the plastic hinge
1318 is the last surface to fail in bending of the drill bit 1300 and a fracture changes direction
due to a shear failure.

[0100] Fig. 14 is a perspective view of a drill bit with cutter damage from friction and heat.
In some examples, a drill bit 1400 can include a blade 1402 with a number of cutters 1404. In
some examples, a portion of the cutters 1406 are cracked due to sliding and poor mud flow,
which generates heat. Accordingly, a neural network can detect the cracking of the portion of
the cutters 1406 and identify the cause of damage as excessive heat.

[0101] Fig. 15 is a perspective view of a drill bit with ordinary wear to cutters. In drill bit
1500, any number of cutters 1502 can be included within the drill bit 1500. In some examples,
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the cutters 1502 can be evenly worn during the drilling process. Accordingly, a neural network
analyzing an image of cutters 1502 can determine that the smooth, even wear of the cutters
1502 indicates routine wear that is not indicative of damage to the cutters 1502 or the drill bit
1500.

[0102] Figs. 16A, 16B, and 16C are perspective views of damage to a stabilizer in a drill
string. Each of Figs. 16A, 16B, and 16C depicts a different stabilizer blade attached to a
stabilizer body. In Fig. 16A, the image of stabilizer body 1600A includes a single stabilizer
blade 1602A with a marking “1” 1604A. In some examples, the stabilizer blade 1602A may
not exhibit any damage or wear.

[0103] In Fig. 16B, the image of the stabilizer body 1600A includes a different stabilizer
blade 1602B with a marking “2” 1604B. A region of stabilizer blade 1602B can indicate wear
and damage near an edge 1606B of the stabilizer blade 1602B. In Fig. 16C, the image of the
stabilizer body 1600A includes a different stabilizer blade 1602C with a marking “3” 1604C.
A region of stabilizer blade 1602C can indicate wear and damage near an edge 1606C of the
stabilizer blade 1602C. A neural network can detect the damage and wear to stabilizer blades
1602B and 1602C. The neural network can analyze the relationship between the damaged
regions 1606B and 1606C of stabilizer blades 1602B and 1602C to determine a cause of the
damage. For example, leading edge wear of the stabilizer blades 1602B and 1602C can
indicate forward whirl.

Example Cluster Computing System

[0104] Fig. 17 is a block diagram of an example cluster computing system 1700 that may
be used in examples of the present techniques. The cluster computing system 1700 illustrated
has four computing units 1702, each of which may perform calculations for part of the
simulation model. However, one of ordinary skill in the art will recognize that the present
techniques are not limited to this configuration, as any number of computing configurations
may be selected. For example, a small simulation model may be run on a single computing
unit 1702, such as a workstation, while a large simulation model may be run on a cluster
computing system 1700 having 10, 100, 1000, or even more computing units 1702. In an
example, each of the computing units 1702 will run the simulation for a single subdomain or
group of computational cells. However, allocation of the computing units 1702 may be
performed in any number of ways. For example, multiple sub regions may be allocated to a
single computing unit 1702 or multiple computing units 1702 may be assigned to a single sub
region, depending on the computational load on each computing unit 1702. Further, training

and operations may be run on separate systems, with the more complex training operations run
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on the cluster computing system 1700, and the analysis using the trained model run on a client
system 1704. The use of the model may be performed by the client system 1704 on an offshore
platform, a local computer in a drill shack, or a tablet computer taking the image for analysis,
among others.

[0105] The cluster computing system 1700 may be accessed from one or more client
systems 1704 over a network 1706, for example, through a high speed network interface 1708.
The network 1706 may include a local area network (LAN), a wide area network (WAN), the
Internet, or any combinations thereof. Each of the client systems 1704 may have non-
transitory, computer readable memory 1710 for the storage of operating code and programs,
including random access memory (RAM) and read only memory (ROM). The operating code
and programs may include the code used to implement all or any portions of the methods
discussed herein. Further, the non-transitory computer readable media may store a neural
network for identifying components of a drill bit and BHA, and identifying damage to the drill
bit and BHA, for example, as shown in Figs. 6A, 6B, 7, and 8 above. The client systems 1704
can also have other non-transitory, computer readable media, such as storage systems 1712.
The storage systems 1712 may include one or more hard drives, one or more optical drives,
one or more flash drives, any combinations of these units, or any other suitable storage device.
In some examples, the storage systems 1712 are non-transitory, computer-readable media such
as magnetic storage devices (e.g., hard disk, floppy disk, and magnetic strips, among others),
optical disks (e.g., compact disk (CD), and digital versatile disk (DVD), among others), smart
cards, and flash memory devices (e.g., card, stick, and key drive, among others). The storage
systems 1712 may be used for the storage of code, models, data, and other information used
for implementing the methods described herein. For example, the data storage system may
store a plurality of images of damaged components of drill bits and BHAs, as well as a plurality
of images of undamaged components of drill bits and BHAs. The data storage system can also
store trained neural networks that can identify components within an image of a drill bit or
BHA and identify a cause of damage to the drill bit or BHA.

[0106] The high speed network interface 1708 may be coupled to one or more
communications busses in the cluster computing system 1700, such as a communications bus
1714. The communication bus 1714 may be used to communicate instructions and data from
the high speed network interface 1708 to a cluster storage system 1716 and to each of the
computing units 1702 in the cluster computing system 1700. The communications bus 1714
may also be used for communications among computing units 1702 and the storage array 1716.

In addition to the communications bus 1714 a high speed bus 1718 can be present to increase
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the communications rate between the computing units 1702 and/or the cluster storage system
1716.

[0107] The cluster storage system 1716 can have one or more tangible, computer readable
media devices, such as storage arrays 1720 for the storage of data, visual representations,
results, code, or other information, for example, concerning the implementation of and results
from the methods of Figs. 6A, 6B, and 8. The storage arrays 1720 may include any
combinations of hard drives, optical drives, flash drives, holographic storage arrays, or any
other suitable devices.

[0108] Each of the computing units 1702 can have a processor 1722 and associated local
tangible, computer readable media, such as memory 1724 and storage 1726. The processor
1722 may include a single processing core, multiple processing cores, a GPU, or any
combinations thereof. The memory 1724 may include ROM and/or RAM used to store code,
for example, used to direct the processor 1722 to implement the methods illustrated in Figs.
6A, 6B, and 8. The storage 1726 may include one or more hard drives, one or more optical
drives, one or more flash drives, or any combinations thereof. The storage 1726 may be used
to provide storage for intermediate results, data, images, or code associated with operations,
including code used to implement the methods of Figs. 6A, 6B, and 8. In some examples, each
of the computing units 1702 can include a neural network circuit 1728 that can train neural
networks to identify components in a drill bit or bottom hole assembly and identify damage to
a component of a drill bit or bottom hole assembly as described above.

[0109] The present techniques are not limited to the architecture or unit configuration
illustrated in Fig. 17. For example, any suitable processor-based device may be utilized for
implementing all or a portion of examples of the present techniques, including without
limitation personal computers, networks personal computers, laptop computers, computer
workstations, GPUs, mobile devices, and multi-processor servers or workstations with (or
without) shared memory. Moreover, examples may be implemented on application specific
integrated circuits (ASICs) or very large scale integrated (VLSI) circuits. In fact, persons of
ordinary skill in the art may utilize any number of suitable structures capable of executing
logical operations according to the examples.

[0110] While the present techniques may be susceptible to various modifications and
alternative forms, the examples discussed above have been shown only by way of example.
However, it should again be understood that the present techniques are not intended to be

limited to the particular examples disclosed herein. Indeed, the present techniques include all
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alternatives, modifications, and equivalents falling within the true spirit and scope of the

appended claims.
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CLAIMS
What is claimed is:

1. A method for characterizing damage to bits or bottom hole assemblies comprising:

identifying, via a supervised learning model, a location, an extent, a type, a consistency,

or any combinations thereof of damage to a bit or a bottom hole assembly from
an image of the bit or the bottom hole assembly; and

generating a graphical output based on the damage to the bit or the bottom hole

assembly.

2. The method of claim 1, wherein the type indicates a fracture pattern of the damage
to the bit or the bottom hole assembly, wherein the fracture pattern comprises smooth wear, a
tangential cutter fracture, spalling, heat checking, or blade wear scars.

3. The method of claim 1, wherein the extent indicates an amount of wear on the bit or
an amount of wear on the bottom hole assembly below threshold levels.

4. The method of claim 1, 2, or 3, wherein the supervised learning model is a
convolutional neural network.

5. The method of claim 1, 2, or 3, wherein the supervised learning model comprises
linear discriminant analysis, a support vector machine, a k-nearest neighbor technique, a
random forest learning technique, or any combination thereof.

6. The method of claim 1, comprising generating a processed image by applying at
least one modification to the image, wherein the at least one modification comprises a rotation
modification, a translation modification, a scaling modification, a red-green-blue (RGB) scale
modification, or a hue-saturation-intensity (HSI) scale modification.

7. The method of claim 6, wherein generating the processed image comprises
modifying the image to be from a uniform perspective shared with a second image.

8. The method of claim 1, 2, or 3, comprising identifying, via the supervised learning
model, a cause of the damage to the bit or the bottom hole assembly based on the image.

9. The method of claim 1, comprising extracting a feature, via the supervised learning
model, from a processed image, wherein the extracted feature indicates a cause of the damage
to the bit or the bottom hole assembly.

10. The method of claim 9, wherein extracting the feature comprises performing edge
detection on the processed image.

11. The method of claim 1, 2, or 3, comprising identifying a component location of the

bit or the bottom hole assembly.
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12. The method of claim 1, 2, or 3, comprising modifying a design of the bit or the
bottom hole assembly based on a cause of damage identified by the supervised learning model.

13. The method of claim 1, 2, or 3, comprising:

generating the supervised learning model to identify an undamaged component location

based on least one image of an undamaged component of the bit or the bottom
hole assembly; and

training the supervised learning model to identify a cause of the damage based on at

least one image of a damaged component of the bit or the bottom hole assembly,
wherein the damaged component corresponds to the undamaged component
location.

14. A system for characterizing damage to bits or bottom hole assemblies comprising;

a processor to:

identify, via a supervised learning model, a location, an extent, a type, a
consistency, or any combination thereof of damage to a bit or a bottom
hole assembly from an image of the bit or the bottom hole assembly,
wherein the image is detected in response to drilling a wellbore with a
drill string comprising the bit or the bottom hole assembly within a
subsurface region; and

generate a graphical output based on the damage to the bit or the bottom hole
assembly.

15. One or more non-transitory computer-readable media for characterizing damage to
drill bits or bottom hole assemblies comprising a plurality of instructions that, in response to
execution by a processor, cause the processor to:

identify, via a supervised learning model, a location, an extent, a type, a consistency, or

any combination thereof of damage to a bit or a bottom hole assembly from an

image of the bit or the bottom hole assembly, wherein the image is detected in
response to drilling a wellbore with a drill string comprising the bit or the bottom
hole assembly within a subsurface region; and

generate a graphical output based on a cause of damage to the bit or the bottom hole

assembly.

-27-



PCT/US2019/042126

WO 2020/033111

(Lo o
L]
peer £
grors
i g 3
“dp puss
e 2,
o # 3
7
7 7
7 il
7%
it
£
£e
74
£
I
.
;i
7
:
i
H
%
?
3
A
,
%
%
Y
f %
H oy, Y
4 Fe )
f Fa™) )
{ Lo,
H EETE G,
v H e, F55F % T
ok p 02 cnri crn vhni ans vos 286 w85 con cons I S Coa, $00 5%
7 cornerfarsrsecrre el B
7, H H “w Pl ig f ot
4t H h R b4
o, H i e Kkl iV i
[ H P, e B 77i: L9
H ! ! o, AR :
H vy, A F L ok grn
: b ; 2
P \ ’ o f gt \\‘\.\\;\“ g
pere 3 %
et m % \“ e % cgeess
. qreee h PR
oppeeees i e d / [ H — P
K 2 \\ e 7 P i \\ i m o x\
o, G4 7 ; e P Té)
“ g oo n g £ . g H g
epereen A \\ s gl \\ %, H et E TSV K
; am - A ] 4
g %, \J\\\\u rrreriod Z go i W e g i
S eI s D - 7 - 7 7o 2L, e o ancrrs,
iy =) 1 e : A R ) = i
I oo BRI A } L0 i 909 : g H
o % K 7 e 7 o
/£ ‘., " H ., H
o, ) i e H
§ e, % H (]
£ oy £t “ H
V 5 [ »\vw“ 7
, -
] geen: ? bt i 7
P e | Q. i H
o3 ki P H 4
? H H
i H H
% # ’
4 i i
s i
7 7
H 7
rd
i

\\\

H
i
n
1
7
I
H
H
H
H
1
‘
]
H
1
’
/
£
H
H
§

S,
o
o
o,
B XS
e

£

\
P/
P
17
[
1
k7
P
]

:




PCT/US2019/042126

WO 2020/033111

A D
& § M
A ]
Sad AW

K

g
s
§
d
R
}
JURTERRPENRE SRS |
i
Y
kY
kY

s
AL A

-
e SRR .

AN
LSO
Bt e
R
[P T Y-
o P A
o ™ 3
s o §
it X < :
N, o N4 {
> \\\\\\\\‘\\:\.\‘\\\\ & S E“E\"\'s \\
R R & ‘ 3
w RS \\\\\\:\\\“\’\ \
¥ s e
} N ‘\(\,\\ N N
e e s . ay
\\“““““\\“\“\\“::{X\\\::::\\\\\ \\\“\::: \\\ _—
e, N
“\\\“\::“\& N,
N -
A R
Sl

\\k\\\§\

R ——

N\

i RESRRRRRA

RO
W

X \\\\\
R
ﬁ\:ﬁu«‘\:\
2\}:@@\ N

N
““?‘§ o

S

-~
iy

+
i

& o
LA




PCT/US2019/042126

WO 2020/033111

P
Yt
]
b
il
\\
7 < .,
£ J
H 4
H [
H frteny, s
h H teor,, e e,
i 4 S 3 b e
: R L T L P rrn | vEgesii
H SEGE L i Ramggiarity
4 3 i 45zasreil s
] etk oty sy, {4 ggzasagiagy
wreneees DR e A L s, {22z thriagss
i Hhnrzigagnneiianiiong cecen, I
: T it
. i R g “mmmm\&“m\“
L] H e 1 GG
oo H w\“\\\\ %
[ : ] ,
P £ %
V\\N e, i %
»ﬂ\h\ £ " ar - 4
. Forey P
% kil i3
£ it s
et s Yeosd
5 3 bt
a . ‘
5T i PXs
5 " A
", - 9
-»i!\.‘\\ et
7
i ",
H “
H H
H |
] o0
] | i,
Fl P
aperres H creeses. [
% H f ey z e x|
3 7 4 i ) ok rih Sdvena El H § GaLiegisy
ha, 7 i et z % 4 H H e
“trg, . H T o R R AT S P A A b Al H g mwuwwvmm““
P -~ 1 b Zhiriini
AR ‘ x
z o g i B -4
) ; m\ \Wm“ e 4
o e g p
(28] L 4
[
Lk
ey
L
rgnen
2
“la
TSI,
. S i
] e Y
H Errgy e, b )
H et H
H i H
H sty
H X
[ { T,
H
ensonnsh iy
i ‘ e
Va [
H s
e ; ) .
<z, i 7 ] “\\\\.\
) *, G ey e ey, ]
b i st ors e e
o e
%3] 7 \&mﬁ»ﬁ?ﬁtﬁ.\%&\\\ L
H
i
H
o
“5,
e
f
il
[

SQ0G

G, 3C

LG8

FIG. 3B

SU0A

HiG. 3A



PCT/US2019/042126
WO 2020/033111

418

A8 N
ST N ECTRRRRRNE L N
SifEM p - \

:

A

SR—— ey
™ NSRS £ T4
JIRELN PR
. et Y I y
o v
& o P \\\\ \\‘\\ \§ f .
L R §
Thed WA od
L SR S Y ¢ \
™ Y Reandad X
3 YIF Y H
H \ oy » N
d d & X
N Rl %
N orvachoodooo . Y
o J— »
ry - & - 3
41 PN § g \
R v 8 o - y
N
3 H g,
$ §“‘“‘\‘N ’E \\\\ \ §
s i1 S
R §f . )
i §ey }
N §13 3 §
R R i 3
A § 13 4 i
Y ey [ b H
& 7} N ¢ N
U I B B 3
3 ¥ 3 N H $
S14d I i) S §
;s Yot fdod, $ S
L T Ranananad XN g \\ RS
3 § N i
3 3
3 E
3 3 o
1 § 5 o
» ¥ & 3 o
3 & s &
. & $ i §
3 o § §
N H P, H ¥
i N § { §
§
S R — § i e
N N i
i
3
3
A
3
~ S P T
., oS = QI8
S IS —— \\\\
S5~ . ~
Nt e
Ny \\\\“\\“\‘“\ . e
s ———RY PRRRRURIRE.
&
Non,
.
\\\ " \“\\“‘\\\
P s
H § “
H 8
¢ \
& \
- pe
- . R
R o
T ™
. SRS <
T i e —
§ \{\‘\“\\\\ )
ey s i PR
i \\Q\\\\\ s AR
R PN St et
B s
}\\\\\ R e i NS 11y
N PR SO ST
b3 Ny n:::\\\\\“““““::“““‘“ o r R
Ky \\\“\\ S CCREEERRE R M
N ey R e
3 RSttt rete S
Sam. i
O e
i\\\\ \.\\‘ B e e
S 3
Ty N £ Y
N NM‘&&&&&:{::&:::\‘\" e §
L Ny i e 8
N, ey P
o T
Moo SRR s
T e C— g §
N . an o™ &
o N st e s
\\\\\

o
e
\\\\\\\\\\\\\\\“\\\\\\\“\\



PCT/US2019/042126

WO 2020/033111

e

L

s

N

4 / ; P
P % P
\\\ ; , .ik.\\ 74 % o

o

o, s rerl 4
e [ s, P ¥ i
5 e, et Y ok o
g I Yan Poerrsh, 47
Y i f 5% H i i
rtoes % ; i 4 4 it -
- ) s |
4 g, it 4 \\&\\ ioEz P w\\...\s. e 7y
% £ Yy b, / , L £y {#
s s IR _ b ol o
Lol . it e
gt i P
7 i1
K rd G

a8

HIG. 5B



PCT/US2019/042126

WO 2020/033111

i)

P
Y

]
%

torry,

e
St

[0 T ]
N par
Hhere “nnm
]

Y
g
P, ek
e Hern
y o
A
%

S—

fer

4
e
%y
it

hees

derd

e
=
g
(o=}
Yorrd
e
(e
[
Y
)

.,
257
2z
pcd

J s
L e
[
yon
L en
s
fade iy

: W
[P

Arre
2]
AR
Al rr
ii 4
w2
B
=
0o Yennd?
e ron
L
=d
P o
LI R )

be

wtect

[77]

[

(5]

A

et

[

G
Ly
5

i
s

Iy

g

GH0A



PCT/US2019/042126

WO 2020/033111

Feal £y P ey
0% 74 7% o o
bt 9] e 755 ] o)
[ g e ) ot erd
bt i gz o b
. . apres gpon g £t
o e g s P % 4
Skt Eai ) L5y 25 £ P
i = “ht (a9 (2]
P .
P P P
% 4 4 H g ?
Y p 4 } } }
%, % %, % % %
", ", %,
o
o] oo
<
g0
G T ey
TR I
63 gt
i e W2
7y gr S
Ly G
<y L i
. w\\\\“ brrs
ek TE
oy
P ]
[
By Lk
s,
o
[
e 25
[ e
toid “a
ey il
[a# %
Py ) s
A5 ford
b G iz
P S coeai
“ Z LY o r
o o P .
tntr, @4 “ “ z
G, brrs
[ (o]
[ LR I ]
P iy =
o [or B 5
>, 2L bere oz
[ H Gy s
P pre A ]
Yrrnd P 21
v G
L
' [ e
N\w\\m N“Wh n\\\!
o 7R
2z [
wdead P Bl
n\\\\\h Frawd P
z Z
i s
it “o
P )
253 ipn, vgpes
1753 W g
v i 44y
“ e 2
=, Tk ifs
Lt iy
I ]
e s
i 444

GH0R

FiG. BB




PCT/US2019/042126

= -
et
Sea,, s
free o
; ;
2 4
%
7 5
£, %
oo ooe e et ARy wei Yge cors ns
; B 4
i , % :
; “L, £
4 o e,
H P *
H s
[} “
¥ % %
H )
oy i,
PE Y
; W,
H K \.
3
.
s A
i
3 %
¢ .\v\ %
s s ¥4
NG N N N
‘ =y / %4 ?‘v\
P b AT
", ",
: Y- 44
‘ sy o avd
. o f 4 W,
L3 ‘
4
P i
; %
‘ 3
H "5t
5 b
H o %,
: %,
H
.
H
i
;
/
4 ; PR s=
. H eyt
‘ %
. tareme <ns  poeren wee o sppesees. oo

/£

/

orsk

porey

prrry

el ey,

—

WO 2020/033111

H Ve H
el H e
=i ? “
P o o
“Z “. [y
Pl o 24
g ©ok [
Feoen £
terr,

el e,

-
oeey

G

Fonis

beecd e,

o
Y -

=3
s
[l

s
“g
=

opee

7
frerey

errery

T

asnananany

Srrrereds

;
;
i
}

Bannanans

Freee

S
N\

G, TA




PCT/US2019/042126

WO 2020/033111

o T
A D
§§78
SHID
LN -
4
D
ot
=
3
@3
§ I3
3
§ W
&
&
N
5
H
¥
s
N
H .
H
[ TSRS ——
§
i
H .
# &8
it o4
i O
i Y N
& H
N
N H
Ny N
N .
Ny N R
i § §
] H §
i H {
i N §
s S
N
{
N
8
N
3
% N
{
$ H
N g
§ _—
H =*
N fame
§
H
Feaax
5
H
¥ s
R
3
: ~
: R
¥ »
-~ \ s
\\\o‘
PRTEeTR—— el
n a
i L)
N HH
ati Soabooy
HH
HH
HH
i - ~
i N W
i H by
Sanae
i . QB
HH § o
i H )
o=
i H W3
H 3 3
1} { anad
s § 3
[ &
? e
i
H
H
= R
K Y
43 H
H 8
y ¥
H 3
| i
i {
H &
A ¥
3 H
§
I { H
NN N 3
N § : :
i { Samwad
N N
N N
N H
iy H
i K
i §
8 N
bR 8
"W ¥
W 3
N H
¥
3
3 3 5 -
¥ ¥
H §
§ N
3 $
N H
N H
3 §
§ N
¥ 3
H §
Feavnad
[ SENEe——
[
X
N AN
Sy
H
H
H
- H
e L
& i
§ R
H
H
N H
A 3
Tt :
N o
N @
. b
P
) L




WO 2020/033111 PCT/US2019/042126

10/18

)
7
-

4
i

oy A R
ot . & 3
= i Bad

e o~

ey
R Ny e

LG

>
Wl

Geveelp

Srveracen PN D
a8 A

W

r?

v,

N

N
o ¢ R
O P Sooder

o=

&3

AN

<t £
;(“ Lo P
ol s o

w3 & A

R % N T
% W

S

N N
< e B N N




WO 2020/033111

PCT/US2019/042126

A

R
£

LN

1118

~,
R \
%
N

.
R e
o

e

ANt
S

SOINNR
&

&

s

&

s‘s

&

oneeiina,

o

Ny
N
3

7
7 f17
AN 1
H 7t
7 %4
H S i,
i Sz,
3 oo, 52
% 4
%,
y
%,
gy, et

s
o T
i 4 %,
77, Fi N e
Py “, payi
£ Y 7L
2% % e
EE T T H
% Y Y %8 4
W% % %Y
Y %,
[ T Y
T
%, 1 74
Yom %2
i 7 1%
4 W 4 b
e 2%
5 % 7%
Ty b2
4% %
L)
errellyly Yt e,
et it b

e,
\\\\\\\ \\sﬂf

'

u,

o
st

7 .\Sa:«:\.» o,

&
SN
v
™
R

", “,
s, "
S Y
", %
W %
ey, %
", L)
s
L it
P

et

b ..««.s.-\#

N
s

.
Moo

<

i

e,

2
3

Pairn)
ik

ey,

7%
fes
wgeees

it

o,
7
Frernds
%8 Y
[
Zia
Nﬁ\m o
L Py
f4nl & %%
PR Renh
LS
5w
HE
G



PCT/US2019/042126

WO 2020/033111

29
o st

s

E
§

fpa
g, P
ford H
£,
bk g ..\ oy, m A
s ) o X H
B Jegn b
%, ik il %, et
o prrnis [ ,
whnssnnsn i 3
A y
%
craare ? Y \
1 ) /
3 % H
rrenit’ g H 4
oy F, i
o0y o Fr et 7
R ntecotrececscreoscocrectn,, — i | Fi
agereen, “n, 2 F e, F
= H erer, f e,
ra, 2 otnd \ 7
tere 5 e, § H
%, N P 3.\\ \\\\\\\N\iu.\.»...
% g %% H : g
tone F; 1 £40%
wgreeen, 7 g o
% e 7 4 4
Z
5, H s
gy \\ e,
Yrrlirens i -
I £
I
/£
/
H
e,
] 7
H
o H
o H
s p
ey v ven - re ¢ H
3
H
£
1
Y
L O VTR Vel SR |
i)
:
Y
)
Y
H
H
H

[
e

P

G, 11



WO 2020/033111

Q"N FS M
TRIIR
T3 1S
¥ YA
s e
\\\\,. Nt Ey ‘3“‘. \ ‘._.\i‘
3 SE &3

N

ree.

Eez

oy

£

L

,

I's

vrrrrery

s,

oo
)

g

Lrere,
T,
s

%
%,
s rerers,

RERRES

e - ‘\\\\\
— ‘
TR N

.“\g\ IR \\

¥
st

-

Ve
os2

orrarr s

<

¥
LA
ey
A
\.\“‘,“‘N\

|

X

o

T et

2

3

i,

2,

,
7

”
,

a

e

e,

%
%
't

]

7

¥
1

o)

&
p

e

X

gy

il

N
B

gy
4

JRCCECER .

R

g,
7

7

g
e

7

v

s,

R

7

4/

",

)
3

o,

7

™\

N,
:‘\\\\\\\
A

“
7z

PN

& . \\s_f‘\
\“(:‘\\QIQ’\“X:‘;*‘*“
Ay ey \
U T e —

W \\\“::‘o‘
b

Ay §
S
% TR

Y

/4
H
7
/,/
——_——

Nxaawee™
&

v

e

o

h—

i7
el

",

SRR

ey
g
!
eesinnd

R

A

S

&

¥
R

&
&

&
Ao

b

e

(5

PCT/US2019/042126

g

&



WO 2020/033111

PCT/US2019/042126

el nrd

—
%

b,
Lot
£
egparhes
ek

cqpaneea
%

i
“s
il poliid
£ H
e :
. H
Y
) e p it * Eenrian,
L \\S.\\\\\in\\\\ 1 o
7 e " et areryes
P
i ; ot
;
g f o,
4 4 ¢
% 4 e tnres,
/ e,
.\\N B Iy e,
) P N Sy e
. LY e T e,
o, s \ el ) i s,
e - AR 4 A
L A Y . orrect ", oo,
s 6, b et i s “ntan,
\\\\ e \\w o\“\ s ﬁ\“\\\iﬁj‘ of oot
% o OS. S ten,
M P S iy,
w4 Lt i % oo, e,
“ 7 % %, R s, s g el o
P ) i % N e e e
e - IR S—— 1 , Hntrnech § s, i) rerrs -
0 cooricd e T D 2
fre] %7
i, P
o %
et ?
g7y ecrrecqprrerecsan,,
e "
p P
", i
o, “\‘ L e
e B
R
P etz heess
P :\\!!tu\\ O S
\ ooty
7 by
i Gpers?
ol
cpeee
oy
e
Y
4
s
; \\!\e
"7
rtaad
/ .
i o
» Gy, Fe,
A PR e
0, WA 78 B Syprernet
S 2R P L -
y. bbb foi
£
o
“. siane 3
H )
:
] ¢
H Y
i :
? H
A H
; H
: H
L g
il
- P
.\&\W ‘a\«\
4 oy
e e

HG 13



PCT/US2019/042126

WO 2020/033111

%,
*,
%, ", \
“tto, et
e, o
S o e
s, Ve ottt %, P
% o, % Lo,
H W 7 %, ™, wy
H g % % A
\ £ \\\» F el
AN /
o 7 Y
s 7o, ...».5\\\\
e A W iyt
o i
- ;  cttern,
A e | \ < . iy,
/ coerer 7 Y » -
H i 7 % toc,,
H i f y oy,
? {4 i 7 -
[ ! P14 i
H i A P ", st
H FaE) ¢ 7 \\ e
z g i 7 iy B i &
' i 5, i it . %
¢ i IS0, W, R
% f § B UL Thael e,
% i 8 el I e
e, 7 .
Yerares oty 7 [ b’
2 \\:\5...”.« “ £ s, H “.w o
"o % Y
- L/ o i Y ob M
o i/ 4 1P [N RS
o i ¢ Fhod Foo e
% ‘. 7 b N i
4.4 s rrprir e it i e,
ol R B . i
W I B oo, oo pnnis
g % \\‘ \“ e s »@
e parene, %
4 Bl
4 ",
"4 *,
[
b
%
t
)
s,
\\ %,
£ y
A
g
‘£
H
H
iy, £ 1
&an\\ 7
e i
Forres, 71
i e, EH
H - %
e i,

cgnder
o
s

£

P

1400

G, 14



WO 2020/033111

PCT/US2019/042126

16/18

N
P iy —
oy # St et
o Y by { k
& 3y H
§ o X &
T N
..“.‘-“\\\ N
S0 PN
- S . SO NN
S e f88 3
§ S FESRNN W
& & ~\}\\$::‘-«‘\\:\\\\_\‘:‘a.~
O {8 YNy TS
o SV &5
¥ Wt T80 WY 4
N e, Y SN 8RN
o SR el B A -~ -
"X =™t yo g { \ Ty
i RS T S SN SN
3 Y T B Y PR
& ot 1 S T 3 Y3
& =LY e o R Y8
M Ry Nadyyd Yo
> g R il A
S \ “.“‘Q\\\-\\ \ s
.‘\\: LN
¢ - _— 3
e i w\\\\\ Je
i WA S
~ N N SR
Sy Ny A R
F1 Y y L
] AN N N N
S AN i E - I
i \ i Y T [
L N 4 A R y &
y § 1 ey
- 3 i Y N
1 N o § H I i
Y S S T
N B A I S -\ T
\ ‘\S e :4 $ § oca® :_.::“\5 s\
\ N o § H NN
R s § & i § \
G s PN,
iy
: oo ey § O
. s F AW 5 &
& § ¥ § S
S & s
S e
Sl

e S o
S

& Sy Ty ;\:\.j -

T A e

X WL P2

R

oo

ThowsimRye
= N

LNy



PCT/US2019/042126

WO 2020/033111

17718

J9L "Dl

AL -

Y9l Ol

L/

H

e P08

APGL

\

e wOnSL




PCT/US2019/042126

WO 2020/033111

-
H
Yy
\-Ws\\
e
Joeen

gree.

ot s o,
4 (A ] e o)
g ) P o4, Lo
L PR Y] % [
e Feo,, #ea, e o
g Eiitisd 4w Frovea Poeve,
s wgren P Py g prer.
4, i, 5 N ° “,
o) %, 4, %,
ergprrrres e
. s
i iy ot
P oz
7, i 4o
[] [ P
54 prs L
A 7] i
foe o b
& i =
: 3
s Fe) L
b i "
<4 P b
45
H ) 7
i H H
U ey e g § 7 P H 5
§AEE et WD L H e H e £ et
i ; [ 4 H [ s
H
%
% 5 7 Z 7
) s % % ) %
£y A I3 i 7% 7
FARY s 44 ) R 7%
7 4 T ) 7% £%
[ S g i ;4 Pt
[ it ot &y 3 L4
i oo H : ]
H g H
H . s 7 H
i [ s H s
| i3 B4
el it
4 e
5 7 i
e HH 0%
4 Y 3
oo 7 i it
“eos PR’
£ %7 7% o 4, 2%
P 54 vy 7%
O % 7 %4 57 [
U] if Y4 iy
L i Y i
Y, 4 7 #
7 i 7
i 7 7
H 7 T %
H H e Y B h gy e ., 4
e g : Lo g i Ay I3 4
(7% 5 i P i
Py 7%
red &
2
i
o [
¥ 1
%
", P
Kt
z
b1 crrrrengrsss
) i st
2% g4 %
£ I
A 7
Y i
g Pk
[ Wi
HH s
54 27
il o f
= %)
P \ o
v q (4 Yt

i cereeserreeeniy,

oo,
g Y ‘a.‘\\g\
&

Corverssnssnsss

G, 17



INTERNATIONAL SEARCH REPORT

International application No

PCT/US2019/042126

A. CLASSIFICATION OF SUBJECT MATTER

INV. E21B12/02 E21B10/00 GO6T7/00
ADD.

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

B. FIELDS SEARCHED

Minimum documentation searched (classification system followed by classification symbols)

E21B GO6T

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

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

EPO-Internal, WPI Data

C. DOCUMENTS CONSIDERED TO BE RELEVANT

Category™ | Citation of document, with indication, where appropriate, of the relevant passages Relevant to claim No.

X US 20037118230 Al (SONG HAOSHI [US] ET AL) 1-15
26 June 2003 (2003-06-26)

paragraphs [0004], [0033], [0034],
[0042] - [0055]

figures 3-5

A US 4 845 763 A (BANDYOPADHYAY PULAK [US] 1-15
ET AL) 4 July 1989 (1989-07-04)
cited in the application

the whole document

A,P US 20197145183 Al (POTASH BENJAMIN RICHARD 1-15
[US]) 16 May 2019 (2019-05-16)
the whole document

A US 2018/005362 Al (WANG HONGCHENG [US] ET 1-15
AL) 4 January 2018 (2018-01-04)
claim 1

paragraph [0045]

D Further documents are listed in the continuation of Box C. See patent family annex.

* Special categories of cited documents : . . . . L
"T" later document published after the international filing date or priority
date and not in conflict with the application but cited to understand

"A" document defining the general state of the art which is not considered the principle or theory underlying the invention

to be of particular relevance
"E" earlier application or patent but published on or after the international "X" document of particular relevance; the claimed invention cannot be

filing date considered novel or cannot be considered to involve an inventive
"L" document which may throw doubts on priority claim(s) or which is step when the document is taken alone

°ited.t°| establish the pul_r;_licdation date of another citation or other "Y" document of particular relevance; the claimed invention cannot be
special reason (as specified) considered to involve an inventive step when the document is

"O" document referring to an oral disclosure, use, exhibition or other combined with one or more other such documents, such combination
means being obvious to a person skilled in the art
"P" document published prior to the international filing date but later than
the priority date claimed "&" document member of the same patent family
Date of the actual completion of the international search Date of mailing of the international search report
8 October 2019 16/10/2019
Name and mailing address of the ISA/ Authorized officer

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

Tel. (+31-70) 340-2040, .
éx%mq&smsme Schouten, Adri

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



INTERNATIONAL SEARCH REPORT

Information on patent family members

International application No

PCT/US2019/042126
Patent document Publication Patent family Publication
cited in search report date member(s) date
US 2003118230 Al 26-06-2003 AU 2002346689 Al 24-07-2003
BR 0215292 A 21-12-2004
CA 2471374 Al 17-07-2003
CN 1608273 A 20-04-2005
EP 1468395 Al 20-10-2004
JP 2005514629 A 19-05-2005
MX  PAO4006208 A 08-06-2005
US 2003118230 Al 26-06-2003
WO 03058545 Al 17-07-2003
US 4845763 A 04-07-1989  NONE
US 2019145183 Al 16-05-2019  NONE
US 2018005362 Al 04-01-2018 EP 3243166 Al 15-11-2017
US 2018005362 Al 04-01-2018
WO 2016112018 Al 14-07-2016

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




	Page 1 - front-page
	Page 2 - front-page
	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 - claims
	Page 29 - claims
	Page 30 - drawings
	Page 31 - drawings
	Page 32 - drawings
	Page 33 - drawings
	Page 34 - drawings
	Page 35 - drawings
	Page 36 - drawings
	Page 37 - drawings
	Page 38 - drawings
	Page 39 - drawings
	Page 40 - drawings
	Page 41 - drawings
	Page 42 - drawings
	Page 43 - drawings
	Page 44 - drawings
	Page 45 - drawings
	Page 46 - drawings
	Page 47 - drawings
	Page 48 - wo-search-report
	Page 49 - wo-search-report

