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An example method includes receiving raw data
sets containing drilling parameter and operating
condition values generated during subterranean
drilling operations. The raw data sets may be
separated into training data sets based, at least
in part, on the types of the subterranean drilling
operations. At least one predictive model may be
generated based, at least in part, on at least one
training data set. The at least one predictive
model may determine a rate of penetration
(ROP) for a drilling operation of the same type to
which the at least one training data set
corresponds.
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MODEL GENERATION FOR REAL-TIME RATE OF PENETRATION PREDICTION

BACKGROUND

The present disclosure relates generally to well drilling operations and, more
particularly, to the generation and use of models for the prediction of operational parameters and
performance results.

Hydrocarbons, such as oil and gas, are commonly obtained from subterrancan
formations that may be located onshore or offshore. The development of subterrancan operations
and the processes involved in removing hydrocarbons from a subterrancan formation are
complex. Typically, subterranean operations involve a number of different steps such as, for
example, drilling a wellbore at a desired well site with a drilling assembly, treating the wellbore
to optimize production of hydrocarbons, and performing the necessary steps to produce and
process the hydrocarbons from the subterranean formation. During drilling operations, the rate
of penetration (ROP) of the drilling assembly into the formation may be an important factor in
the overall performance of the drilling operation. Specifically, increasing the ROP reduces the
time it takes to drill the wellbore and the expense of the drilling operation. An operator at the
surface may control aspects of the drilling operation by setting drilling parameters for elements
of the drilling assembly. The drilling parameters may affect the performance of the drilling
operation, including, but not limited to, the ROP of the drilling assembly into the formation.
However, determining the drilling parameters to produce an optimum ROP can be difficult due
to the number of operational and physical variables on which it depends.

WO 2013188241 A2 describes methods and relates systems of building models
and predicting operational outcomes of a drilling operation. WO 2014011171 Al describes
systems and methods of drilling control. US 2014116776 A1 describes methods and systems for

improved drilling operations using real-time and historical drilling data.

SUMMARY

The present invention relates to a method, comprising: receiving raw data sels
comprising dynanuc data and static data, wherein the dvnamic data comprises drilling parameter
and operaling condition values generated during sublgrrancan drifling operations, wherein the
static data 13 indicative of one or more lypes of the subterrancan drilling operations that
generated the dynanuc data; separating the raw data seis mto training data sets based, at least
part, on the one or more types of the sublerrancan dritling operations wdentified in the static data
of the raw data sets; generating at least one predictive model based, at least in part, on at least

one traiming data set of the traiming data sets, wherein the al least one predictive model
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deterounes a vate of penetration (ROP) for the one or more types o which the at least one
raiming data set corresponds, wherein generating the at least one predictive model comprises for
cach trainng data set of the raiming data sets generating a different context-specific predictive
model associated with the static data used to gencrate the at least one predictive model.

The present invention also relates to a non-transitory computer readable medium
confaining a set of mstructions that, when exccuted by a processor of an mformation handiing
system, cause the processor to receive raw data sets comprising dynamic data and static data,
wherein the dynanice data comprises driling parameter and operating condition values generated
doring subierrancan drilling operations, wherein the static data is indicative of one or more types
of the subterrancan drilling operations that generated the dvnamic data; separate the raw data seis
o tratning data scts based, at least in part, on the one or more types of the subterrancan drnilling
operations identified i the static data of the raw data sets; gencrate at least one predictive model
based, at least in part, on at least one {raining data set of the tratming data sets, wheremn the at
least one predictive model determines a rate of penctration {(ROP) for the one or more tvpes to
which the at least one traming data set corresponds, wherem generatmg the al least one
predictive model comprises for cach traiming data st of the training data scis gencrating a
different context-specific predictive model associated with the static data used to generate the at
least one predictive model.

Further embodiments of the method and the nou-transitory computer readable

medium according to the present invention are deseribed 1 the dependent patent claims.

FIGURES

Some specific exemplary embodiments of the disclosure may be understood by
referring, in part, to the following description and the accompanying drawings.

Figure 1 is a diagram of an example drilling system, according to aspects of the
present disclosure.

Figure 2 is a diagram illustrating an example raw dataset of drilling parameter
values and operating conditions collected during a drilling operation, according to aspects of the
present disclosure.

Figure 3 is a diagram illustrating an example process flow for generating at least
one context-specific predictive model, according to aspects of the present disclosure.

Figure 4 is a diagram illustrating example process steps for a pre-processing
operation, according to aspects of the present disclosure.

Figure 5 is a diagram of an example information handling system, according to

aspects of the present disclosure.
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While embodiments of this disclosure have been depicted and described and are
defined by reference to exemplary embodiments of the disclosure, such references do not imply a
limitation on the disclosure, and no such limitation is to be inferred. The subject matter
disclosed is capable of considerable modification, alteration, and equivalents in form and
function, as will occur to those skilled in the pertinent art and having the benefit of this
disclosure. The depicted and described embodiments of this disclosure are examples only, and
not exhaustive of the scope of the disclosure.

DETAILED DESCRIPTION

For purposes of this disclosure, an information handling system may include any
instrumentality or aggregate of instrumentalitics operable to compute, classify, process, transmit,
receive, retrieve, originate, switch, store, display, manifest, detect, record, reproduce, handle, or
utilize any form of information, intelligence, or data for business, scientific, control, or other
purposes. For example, an information handling system may be a personal computer, a network
storage device, or any other suitable device and may vary in size, shape, performance,
functionality, and price. The information handling system may include random access
memory (RAM), one or more processing resources such as a central processing unit (CPU) or
hardware or software control logic, ROM, and/or other types of nonvolatile memory. Additional
components of the information handling system may include one or more disk drives, one or
more network ports for communication with external devices as well as various input and
output (I/O) devices, such as a keyboard, a mouse, and a video display. The information handling
system may also include one or more buses operable to transmit communications between the
various hardware components. It may also include one or more interface units capable of
transmitting one or more signals to a controller, actuator, or like device.

For the purposes of this disclosure, computer-readable media may include any
instrumentality or aggregation of instrumentalities that may retain data and/or instructions for a
period of time. Computer-readable media may include, for example, without limitation, storage
media such as a direct access storage device (e.g., a hard disk drive or floppy disk drive), a
sequential access storage device (e.g., a tape disk drive), compact disk, CD-ROM, DVD, RAM,
ROM, electrically erasable programmable read-only memory (EEPROM), and/or flash memory;
as well as communications media such wires, optical fibers, microwaves, radio waves, and other
electromagnetic and/or optical carriers; and/or any combination of the foregoing.

[Mustrative embodiments of the present disclosure are described in detail herein.
In the interest of clarity, not all features of an actual implementation may be described in this

specification. It will of course be appreciated that in the development of any such actual
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embodiment, numerous implementation-specific decisions are made to achieve the specific
implementation goals, which will vary from one implementation to another. Moreover, it will be
appreciated that such a development effort might be complex and time-consuming, but would
nevertheless be a routine undertaking for those of ordinary skill in the art having the benefit of
the present disclosure.

To facilitate a better understanding of the present disclosure, the following
examples of certain embodiments are given. In no way should the following examples be read to
limit, or define, the scope of the disclosure. Embodiments of the present disclosure may be
applicable to horizontal, vertical, deviated, or otherwise nonlincar wellbores in any type of
subterrancan formation. Embodiments may be applicable to injection wells as well as
production wells, including hydrocarbon wells. Embodiments may be implemented using a tool
that is made suitable for testing, retrieval and sampling along sections of the formation.
Embodiments may be implemented with tools that, for example, may be conveyed through a
flow passage in tubular string or using a wireline, slickline, coiled tubing, downhole robot or the
like.

The terms “couple™ or “couples™ as used herein are intended to mean either an
indirect or a direct connection. Thus, if a first device couples to a second device, that connection
may be through a direct connection or through an indirect mechanical or electrical connection
via other devices and connections. Similarly, the term “communicatively coupled™ as used herein
is intended to mean either a direct or an indirect communication connection. Such connection
may be a wired or wireless connection such as, for example, Ethernet or LAN. Such wired and
wireless connections are well known to those of ordinary skill in the art and will therefore not be
discussed in detail herein. Thus, if a first device communicatively couples to a second device,
that connection may be through a direct connection, or through an indirect communication
connection via other devices and connections.

Modern petroleum drilling and production operations demand information
relating to parameters and conditions downhole. Several methods exist for downhole
information collection, including logging-while-drilling (“LWD”) and measurement-while-
drilling (“MWD™). In LWD, data is typically collected during the drilling process, thereby
avoiding any need to remove the drilling assembly to insert a wireline logging tool. LWD
consequently allows the driller to make accurate real-time modifications or corrections to
optimize performance while minimizing down time. MWD is the term for measuring conditions
downhole concerning the movement and location of the drilling assembly while the drilling

continues. LWD concentrates more on formation parameter measurement. While distinctions
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between MWD and LWD may exist, the terms MWD and LWD often are used interchangeably.
For the purposes of this disclosure, the term LWD will be used with the understanding that this
term encompasses both the collection of formation parameters and the collection of information
relating to the movement and position of the drilling assembly.

Figure 1 is a diagram illustrating an example drilling system 100, according to
aspects of the present disclosure. In the embodiment shown, the system 100 comprises a derrick
102 mounted on a floor 104 that is in contact with the surface 106 of a formation 108 through
supports 110. The formation 108 may be comprised of a plurality of rock strata 108a-¢, each of
which may be made of different rock types with different lithology. At least some of the strata
108a-e may be porous and contain trapped liquids and gasses. Although the system 100
comprises an “on-shore” drilling system in which floor 104 is at or near the surface, similar “off-
shore” drilling systems are also possible and may be characterized by the floor 104 being
separated by the surface 106 by a volume of water.

The drilling system 100 may comprise a drilling assembly that includes a drill
string 118, a bottom hole assembly (BHA) 120, a drill bit 122. The drill bit 122 may comprise
different sizes and types of drill bits. Example drill bit types include, but are not limited to, a
roller cone drill bit and a polycrystalline diamond compact (PDC) drill bit. The drill string 118
may comprise multiple drill pipe segments that are threadedly engaged and may extend
downwardly through a bell nipple 132, blow-out preventer (BOP) 134, and wellhead 136 into a
borehole 116 within the formation 108. The wellhead 132 may include a portion that extends
into the borehole 116. In certain embodiments, the wellhead 136 may be secured within the
borehole 116 using cement. The BOP 134 may be coupled to the wellhead 136 and the bell
nipple 1232, and may work with the bell nipple 132 to prevent excess pressures from the
formation 108 and borehole 116 from being released at the surface 106. For example, the BOP
134 may comprise a ram-type BOP that closes the annulus between the drill string 118 and the
borehole 116 in case of a blowout. The BHA 120 may be coupled to the drill string 118, and the
drill bit 122 may be coupled to the BHA 120. The BHA 120 may include tools such as
LWD/MWD eclements 120a and telemetry system 120b. The LWD/MWD elements 120a may
comprise downhole instruments, including sensors, that continuously or intermittently monitor
downhole conditions, drilling parameters, and other formation data. Information generated by
the LWD/MWD element 120a may be stored while the instruments are downhole and recovered
at the surface later, or communicated to the surface using telemetry system 120b.

The derrick 102 may comprise a traveling block 112 for raising or lowering the

drilling assembly within the borchole 116. The drilling assembly may be suspended from the
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traveling block 112 by a hook assembly 180 coupled to the traveling block 112. In the
embodiment shown, the drilling assembly is suspended from the hook assembly 180 via a swivel
126 that is coupled to the drill string 118 through a kelly 128, which supports the drill string 118
as it is lowered through a top drive or rotary table 130. A motor 124 may control the relative
position of the traveling block 122 and therefore the position of the drilling assembly within the
borehole 116. Once the drill bit 122 contacts the bottom of the borehole 116, the motor 124 and
traveling block 122 may be used to control the downward force applied to the drill bit 122 from
the drilling assembly. Specifically, lowering the traveling block 122 will increase the downward
force applied to the drill bit 122 by increasing the amount of drilling assembly weight born by
the formation 108 through the drill bit 122 rather than by the hook assembly 180. Conversely,
raising the traveling block 122 will decrease the downward force applied to the drill bit 122 by
increasing the amount of drilling assembly weight born by the hook assembly 180 rather than the
formation 108 through the drill bit 122. The downward force on the drill bit 122 may comprise a

2

drilling parameter of the drilling system 100 referred to as the “weight-on-bit.” The amount of
drilling assembly weight born by the hook assembly 180 may be referred to as the “hook load.”

During drilling operations, drilling fluid, such as drilling mud, may be pumped by
a mud pump 138 from a reservoir 140 through a suction line 142. The drilling mud may flow
from the mud pump 138 into the drill string 118 at the swivel 126 through one or more fluid
conduits, including pipe 144, stand-pipe 146, and hose 148. The drilling mud then may flow
downhole through the drill string 118, exiting at the drill bit 122 and returning up through an
annulus 150 between the drill string 118 and the borehole 116 in an open-hole embodiments, or
between the drill string 118 and a casing (not shown) in a cased borehole embodiment. The rate
at which the drilling mud flows downhole may be controlled by the pump 138 and may comprise
a drilling parameter of the drilling system 100 referred to as the “downhole flow rate.”

While in the borehole 116, the drilling mud may capture fluids and gasses from
the formation 108 as well as particulates or cuttings that are generated by the drill bit 122
engaging with the formation 108. The bell nipple 132 may be in fluid communication with the
annulus 150, and drilling mud may flow through the annulus 150 to the bell nipple 132 where it
exits though a return line 152. The return line 152 may be coupled to one or more fluid
treatment mechanisms 154/156, and provide fluid communication between the annulus 150 and
the fluid treatment mechanisms 154/156. The rate at which the drilling mud flows through the
return line 152 may be referred to as the “return flow rate.” The fluid treatment mechanisms
154/156 may separate the particulates from the returning drilling mud before returning the

drilling mud to the reservoir 140, where it can be recirculated through the drilling system 100.
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The drill bit 122 may be driven by rotation of the drill string 114 by the top drive
130. The top drive 130 may be coupled to the drill string 118 and driven by the motor 124 or a
separate motor. The motor 124 or another motor of the system 100 may cause the top drive 130
to rotate and impart torque to the drill string 118, therefore causing the drill string 118 and drill
bit 122 to rotate. This may be referred to as a “rotary” mode of operation, which the rotational
speed of the top drive 130 being referred to as the “rotary speed” in revolutions per minute
(RPM) of the drilling assembly, and the torque applied to the drill string 118 by the top drive 130
being referred to as the “surface torque.” The “surface torque” may be imparted to the drill bit
122 through the drill string 118, with a separate “torque on bit” value characterizing the torque
felt by the drill bit 122. Generally, the “torque on bit” may be a function of the “surface torque™
and the interaction of the drill bit 122 with the formation. In alternative embodiments, a
downhole motor, such as a fluid-driven turbine, may be deployed in the BHA 120 and may
solely rotate the drill bit 122, or rotate the drill bit 122 in addition to rotation applied to the drill
bit 122 through the top drive 130 and drill string 118. This may be referred to as a “sliding”
mode of operation. In those instances, the rotational speed of the drill bit 122 may be based, at
least in part, on a flow rate of drilling fluid through the drill string 118, with the “torque on bit”
being a function of the torque applied by the downhole motor, rather than the surface torque.
The rotational speed of the drill bit 122 in both instances may be referred to as the “drill bit
RPM.” Other drilling assembly arrangements are possible, as would be appreciated by one of
ordinary skill in the art in view of this disclosure.

In certain embodiments, the system 100 may also comprise or more sensors that
monitor the operating conditions of the system 100 in real-time or near real-time. The sensors
may be located within the drilling assembly, such as within the LWD/MWD elements 120a of
the BHA 120, and at other locations at the surface 106, such as the pressure sensors 182 coupled
to the stand pipe 146 to measure a stand pipe pressure (SPP) of the assembly 100. Operating
conditions include, but are not limited to, the torque at the drill bit 122, the rate of penetration
(ROP) of the drilling assembly, and the pressures within the fluid circulation system. The output
of the sensors may be collected at the surface and stored, for example, in a database or data
warchouse to be retrieved later.

In certain embodiments, the drilling system 100 may comprise a control unit 160
positioned at the surface 106. The control unit 160 may comprise an information handling
system that may be communicably coupled to one or more controllable elements of the drilling
system 100, including the pump 138 and motor 124. Controllable elements may comprise

drilling equipment whose operating states can be altered or modified through an electronic
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control signals. An operator may interact with the controllable elements through the control unit
160 to alter the drilling parameters of the system 100. For example, an operator may set the drill
bit RPM at a particular value, which may, in turn, cause the control unit 160 to issue a control
signal to the motor 124 to alter the RPM of the top drive 130 and/or issue a control signal to the
pump 138 to alter the flow rate of the drilling fluid. Similarly, the operator may set the WOB to
a particular value, which may, in turn, cause the control unit 160 to issue a control signal to the
motor 124 to move the traveling block 112.

The drilling parameters of the system 100 set by the operator may affect the
operating conditions of the system 100. For example, the ROP of the drilling assembly, the
torque at the drill bit, and the SPP may depend, in part, on the WOB, flow rate, and drill bit
RPM. Generally, the operator may attempt to maintain the operating conditions in optimal
ranges by searching for and identifying optimal combinations of drilling parameters. With
respect to ROP, for example, the operator may attempt to alter the set points of the drilling
parameters to maximize the ROP and therefore reduce the overall time it takes to drill the well.
Determining the drilling parameters to maximize the ROP, however, may be difficult given its
dependence on the number of drilling parameters and the physical characteristics of the drill
assembly, wellbore, and formation.

Fig. 2 is a diagram illustrating an example raw dataset generated during a drilling
operation. In the embodiment shown, the dataset comprises dynamic data 250 and static data
250. The dynamic data 250 may comprise drilling parameters, operating conditions, or any other
numerical values tracked and stored during a drilling operation, including, but not limited to,
WOB, rotary speed, drill bit RPM, hook load, surface torque and torque on bit, downhole mud
flow rate, return mud flow rate, SPP, and ROP. In the embodiment shown, the dynamic data
comprises WOB values 201 and drill bit RPM value 202 set by an operator while the drill bit is a
particular depth 203 in the formation, and the ROP values 204 resulting from the corresponding
WOB and drill bit RPM values 201/202. Each row in the dataset may comprise a unique data
entry in which all of the dynamic values correspond. The static data 260, in contrast, may
comprise numerical or nominal variables selected during well planning operations that cannot be
quickly or easily changed during a drilling operation, such as the formation lithology, the drill bit
type, the drill bit size, the type of drilling assembly (e.g., sliding or rotary), and the inclination of
the well with respect to the surface. Here, the static data 260 includes the bit-type 205 and
drilling type 206 of the drilling operation that produced the dynamic data 250.

According to aspects of the present disclosure, a predictive model may be

generated using raw data sets similar to the one shown above. That model may be specific to the
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type of drilling operation that generated the raw data sets, and may be used to predict the ROP of
a similarly configured drilling assembly based on certain drilling parameter and operating
condition values of that drilling assembly. In certain embodiments, the static data described
above may at least partially define the type of the corresponding drilling operation for purposes
of predictive model generation. The raw data sets may be stored or real-time information from
one or more well sites. For instance, a raw dataset may be a collection of sensor data and drilling
parameter values stored in real-time or near real-time at an information handling system located
at the drilling site, or a collection of sensor data and drilling parameter values transmitted to a
data center, sever, or other storage device located remotely from the drilling site. In certain
embodiments, the raw data sets from multiple drilling operations may be aggregated into a
central data repository containing the raw data sets for a group of well drilled into a particular
formation, or into multiple formations at remote geographic locations. These datasets may be
retrieved and segregated according to the types of drilling operations and formations from which
they were produced, and used to generated context-specific predictive models that can be used to
predict the ROP of future drilling operations of similar types and in similar formations.

Fig. 3 is a diagram illustrating an example process flow 300 for generating at least
one predictive model, according to aspects of the present disclosure. In certain embodiments,
some of all of the steps below may be implemented in one or more information handling systems
executing computer readable instructions in the form of software. For example, an information
handling system may include software executable by a processor of the information handling
system to perform ecach of the steps below, including accessing or otherwise receiving raw data
from a remote data storage facility through a data network, manipulating the raw data, generating
one or more predictive models, and storing the generated predictive models to the same or a
different remote data storage facility through the data network.

Step 301 comprises receiving data generated during at least one drilling operation
performed at one or more well sites. In the embodiment shown, the data comprises dynamic data
301a and static data 301b, and may be similar to the dataset described above with reference to
Fig. 2. In the embodiment shown, any nominal variables within the static data 301b may be
binarized into a numerical form and incorporated with the numerical values of the dynamic data
301a. In other embodiments, some or all of the static data 301b may be left in a nominal form,
separate from the dynamic data 301a received at step 301, and used later in the process to
segregate the dynamic data 301a for the purpose of generating context-specific predictive models
associated with some or all of the static data.

Step 302 may comprise pre-processing steps to eliminate noisy, corrupted, or
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missing data from the received data 301. For example, the pre-processing steps may include the
application of one or more thresholds, data filters and noise reduction algorithms, to alter or
remove specific data entries or entire data sets. In certain embodiments, the pre-processing step
302 may also include data segregation functionality in which the received data 301 is separated
into one or more training data sets Ti-Tn that each include some or all of the pre-processed
received data 301. Each of the training data sets Ti-Tn may be associated with one or more
different static variables, identified either through the binarized variables in the received data
301, or through nominal values 350 received at the pre-processing step 302. For instance, one of
the training data sets T1-Tn may comprise all of the pre-processed data entries from the received
data 301 that were generated during a drilling operation using a roller cone drill bit; another may
comprise all of the pre-processed data entries generated during a drilling operation using a PDC
drill bit; and yet another may comprise all of the pre-processed data entries generated during a
drilling operation using a PDC drill bit and a sliding-type drilling assembly in a shale formation.
As will be described below, each of these segregated training data sets Tq1-Tn may be used to
generate a different context-specific predictive model associated with the same static variables as
the training data set used to generate the model. These models can then be used to accurately
predict ROP for future drilling operations utilizing the same static variables as the model.

Step 303 comprises a feature extraction step that may be used to reduce the
dimensionality of the training data sets T1-T, before they are used to generate predictive models.
As will be described in detail below, the context-specific predictive models may identify a
relationship between certain the drilling parameters and operating conditions of a drilling
operation and the resulting ROP of the drilling assembly, such that when a combination of
drilling parameters and operating conditions are used as an input to the model, the resulting ROP
can be calculated. In certain instances, however, some of the drilling parameters and operating
conditions may be redundant or otherwise have little, if any, effect on the resulting ROP, and
including those drilling parameters and operating conditions may increase the computational
load required to generate the predictive model, and actually reduce the accuracy of the model
through overfitting. The feature extraction step may simplify the training data sets Ti-Tn by
excluding certain data entries and/or drilling parameters and operating conditions using at least
one feature extraction technique, thereby simplifying and increasing the accuracy of the resulting
predictive models.

In certain embodiments, the feature extraction techniques may comprise one or
more lincar and/or nonlincar dimensionality reduction techniques. Example linear

dimensionality reduction techniques include, but are not limited to, principal component
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analysis, partial least squares regression, and independent component analysis. Example
nonlinear dimensionality reduction techniques include, but are not limited to, isomaps and
autoencoders. Generally, each of the reduction techniques may be implemented by a processor
of an information handling system executing software in the form of computer readable
instructions stored in a memory device coupled to the processor. The instructions may cause the
processor to perform one or more steps of the algorithms associated with the linear and/or
nonlinear dimensionality reduction techniques, examples of which are described below.

With respect to the example linear dimensionality reduction techniques, principal
component analysis may comprise a statistical algorithm in which a set of observations of
possibly correlated variables, ¢.g., the dynamic variables and the ROP for a drilling operation,
are converted using an orthogonal transformation into a set of values of lincarly uncorrelated
variables referred to as principal components. These principal components for the variables in
the training data sets Ti-Tn may comprise hyperplanes of minimum variance between the ROP of
a drilling operation and the independent variables in the training data sets Ti-Ty that affect the
ROP. The number of principal components for the variables in the training data sets 203 may be
less that or equal to the number of variables within the variables in the training data sets T1-Th,
with the higher order principal components having little appreciable variance with the ROP. By
excluding some of these higher order principal components, the variables with high variance
with the ROP may be determined and selected, and those with little variance may be excluded.
Another example lincar dimensionality reduction technique, partial least squares regression, is a
statistical algorithm in which dependent variables (e.g., ROP) and independent variables (e.g.,
hook load, flow rate, etc.) of the training data sets T1-Ty are received by a processor are projected
into a new space. The processor may then determine a linear regression model that identifies the
covariance structures between the projections, which can then be used to identify the
independent variables of the training data sets T1-Tn that most affect the resulting ROP. Other
example linear dimensionality reduction techniques comprise independent component analysis,
and any other lincar dimensionality reduction techniques that would be appreciated by one of
ordinary skill in the art in view of this disclosure.

One example nonlinear dimensionality reduction technique includes the use of an
autoencoder, which may comprise a feed-forward neural network that is trained to perform a
specific function. As used herein, a neural network may comprise one or more processors or
information handling systems implementing a statistical learning algorithm that generally
presents a system of interconnected “neurons” that are trained to produce a pre-defined output

based on a set of pre-defined input values. Within the context of the present applications, the
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neural network may be trained to receive as inputs the independent and dependent variables from
the training data sets T1-Tn and “encode™ inputs into a set of data with a lower dimensionality.
Through the encoding step, the neural network may select the variables that have the most
significant effects on the resulting ROP, such that the variables not selected by the neural
network may be excluded from the training data sets Ti-Tn. Other nonlinear dimensionality
reduction techniques are possible, as would be appreciated by one of ordinary skill in the art in
view of this disclosure.

Step 304 comprises a training set size optimization step that may be used to
improve predictive performance of the resulting predictive models, described below. The size of
the training set can impact the accuracy of the resulting predictive model. Generally, the training
set needs to be big enough to capture the underlying behavior, but training sets that are too large
can lead to overfitting. Optimizing the size of the training sets can, therefore, improve the
accuracy of the resulting predictive model and reduce the computational time needed to generate
the model.

In certain embodiments, the size optimization step may be performed by
determining an optimum size threshold for a particular data set or a group of data sets, and
limiting the number of data entries in the training data sets according to that threshold. In certain
embodiments, a threshold may be determined by dividing a sample training data set into a
training subset and a testing subset. A predictive model may then be trained using increasing
numbers of data entries from the training subset, until the accuracy of the resulting predictive
model plateaus, such that increasing the number of data entries used to train the predictive model
does not improve the accuracy of the resulting model more than a threshold amount, ¢.g., 0.5%.
Once established, this threshold may be applied globally to all training data sets, or to training
data sets that share characteristics, e.g, static variables, with the training data set used to establish
the threshold. In other embodiments, data analytics may be used to determine an optimum
training data size. Once the threshold and/or optimum training data size are selected, each
training data set may be reduced to a subset of randomly sclected data entries from the
corresponding training data set, with the number of data entries in each subset being based, at
least in part, on the threshold and/or optimum training data size.

Step 305 comprises a training step, in which at least one learning algorithm 305a
with associated parameters 305b may be trained with the training data sets T1-Tx to produce one
or more context-specific predictive models Mi-M;,. For instance, a learning algorithm may
receive as an input training data set T; and determine a relationship between the drilling

parameters and operational conditions within training data set Ti and the ROP values within
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training data set T; that result from the associated drilling parameters and operational conditions.
The determined relationship may comprise a context-specific predictive models M;
corresponding to the training data set T; that is trained to determine a resulting ROP value for
drilling operations with the same static variable values or context as the training data set Ti,
when it receives as an input drilling parameters and operational conditions of the same type as in
training data set T1. Context-specific predictive models Mi-M; respectively corresponding to
cach one of the training data sets T1-Tn may be generated in the same manner.

In certain embodiments, the learning algorithm 305a may comprise supervised
and unsupervised learning algorithms and may include a descision tree, a Bayesian belief
networks, a genetic algorithms, an artificial neural network, and/or a support vector machines.
Each of the above learning algorithms may “learn™ by generating and refining an internal model
based on the training data set. This internal model may be the context-specific predictive model
corresponding to the training data set.

In certain embodiments, the learning process of a particular learning algorithm
may depend, at least in part, on one or more tunable parameters of the algorithm. The parameter
selection process may comprise a separate step within the training step 305 to be completed
before the predictive models M1-M;, are generated. The parameters may be tuned manually, by a
user, or automatically selected to optimize the learning process. One example process for
selecting optimized parameters comprises a grid search, whereby grid of parameters within
specified ranges are identified, and each combination of parameters is tested within the learning
algorithm and scored. Another example process comprises a randomized parameter optimization
technique in which sample values from a distribution of possible parameter values are randomly
selected and scored, with the optimized parameter values being extrapolated from the sample
scores. Another example process comprises a linear search technique in which each parameter
value in a set of parameter values is selected and tested individually. In certain embodiments,
the range of parameter values may be pre-defined by a user, and a process of an information
handling system may retrieve the pre-defined values according to a set of instructions computer
readable instructions associated with the corresponding learning algorithm and parameter
selection process. In certain embodiments, separate parameter selection processes may be
performed for each of the training data sets Ti-Ty to increase the accuracy of the corresponding
predictive models M;-Mjy,

In certain embodiments, once the predictive models Mi-M,, have been generated,
they may be stored in a central data repository similar to the data repository in which the raw

data sets are stored. These context-specific predictive models M;-M, may be subsequently
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accessed and selected as needed to predict the ROP values for drilling operations. In certain
embodiments, one or more of the context-specific predictive models Mi-M; may be selected
based on the operation context of the subsequent drilling operation. For instance, if a planned
drilling operation will use a roller cone drill bit and a sliding-type drilling assembly, the context-
specific predictive models associated with the operational context may be selected and used with
dynamic drilling parameters and operating conditions from that drilling operation to identify the
resulting ROP. If the resulting ROP is not sufficient, the drilling parameters can be modified
until an acceptable value is reached.

In certain embodiments, the stored context-specific predictive models M;-M, may
also be accessed and modified based on subsequently available raw data. Specifically, raw data
generated after the context-specific predictive models Mi-M, were made may be used as new
training data sets that may alter the established relationships within the predictive models. This
may improve the accuracy of the models, for example, resulting in a more accurate ROP
determination going forward.

As described above with reference to Fig. 3, the process may include pre-
processing steps to eliminate noisy, corrupted, or missing data from the received data. Fig. 4isa
diagram illustrating example process steps for a pre-processing operation, according to aspects of
the present disclosure. Generally, the steps described below may be performed by a processor of
an information handling system that retrieves the data from the drilling operations and modifies
or removes data entries from the data sets based on a set of computer readable instructions
associated with each of the steps.

Step 401 comprises a threshold step that targets numerical values in the data
entries of the received data that fall outside of a user defined range. For example, if a numerical
value for the WOB parameter in a particular data entry falls outside of a particular threshold
(c.g., the WOB parameter has a negative value) the data entry may be removed from received
data such that it is not propagated into a training data set. Some or all of the drilling parameters
and operting conditions may have associated thresholds that are selected to remove from the
received data any data entries with non-realistic values, or values that otherwise do not reflect
proper operation of a drilling assembly. The thresholds may be applied, for example, by
iteratively checking the value in each data entry corresponding to a particular threshold,
repeating the process for each identified threshold, and removing from the received data any data
entries with at least one value that falls outside of a threshold.

Step 402 comprises a filtering step in which data entries may be removed based

on a qualitative assessment of the data entry. For example, certain raw data sets include ROP
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values that were measured during the drilling operation, but calculated after the fact, and data
entries or entries raw data sets containing these ROP values may be removed from the received
data. Other qualitiative factors may also be accounted for, including the range of the measured
bit depth to the measured hole depth when the data was collected.

Step 403 comprises a noise reduction step that may identify values in data entries
that fall within the thresholds of step 401 but still contain corrupted values. In certain
embodiment, this step may comprise plotting the corresponding values in consecutive data
entries and determining one ore more trend lines within that plot. If a value deviates from the
trend line by a certain percentage, or by an amount exceeding an error trehsold, for example, that
value may be identified as “noise™ or an error and the data entry containing that value may be
removed from the received data.

Step 404 comprises an averaging step that may be used instead of or addition to
the nosie reduction step 403. In certain embodiment, the averaging step may include
determining the average value of a given drilling parameter or operating condition within a pre-
determined number of consecutive data entries, or within a pre-determined range of depth or
time. By averaging the values, noisy or erroneuos entries may be identified or removed, or the
average value may be substituted for the instantancous values in the data entries.

Step 405 comprises a scaling step in which the values within the data entries may
be scaled or otherwise normalized. For instance, the values in the data entries for the WOB
parameter may be scaled or normalized to between 0 and 1, or -1 and 1. The scaling operation
may comprise identifying the maximum and minimum values from the WOB parameter within
the data entries, and then for each WOB parameter value within the data entries, subtracting the
minimum value and dividing by the difference between the maximum and minimum values.
Scaled or normalized values may increase th accuracy of the resulting predicitve model in certain
instances.

Step 406 comprises a subset generation step in which the received data may be
divided into a plurality of training data sets Ti-Tn. As described above, the received data may be
divided based on the context of the drilling operationg during which the data was generated, as
indicated by static variables corresponding to the data. For example, the received data may be
divided or segregated based on the lithology of the formation drilling when the data was
collected, the drill bit size or type used during the drilling operation, and/or the type of drilling
assembly used. As is also described above, each of the training data sets Ti-Tn may be used to
train a different context-specific predictive model.

Step 407 compriese a data selection step, in which the data in the training data
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sets T1-Tn is limited to data entries corresponding to ideal or acceptable drilling operation
performances. For instance, step 407 may include a selection process whereby only the data
entries with optimal or near optimal ROP values are included in the training sets. This may
improve the predictive model redulting from the training data set by focring the learning
algorithm to account for only acceptable results.

In certain embodiments, the seclection process may comprise a quantile
aggregation procedure in which the data entries are ordered by their corresponding ROP values,
and divided into two or more groups. The groups may be determined, for example, such that
cach group has the same number of data entries, or based on the percentage deviation from
maximum ROP within the group of data entries. Once the data entries are grouped, one or more
of the groups may be selected and the corresponding data entries included in the training data set,
and the data entries from the other group(s) excluded from the trainin data set.

Fig. 5 is a block diagram showing an example information handling system 500,
according to aspects of the present disclosure. Information handling system 500 may be used,
for example, as part of a control system or unit for a drilling assembly and/or to generate the
context-specific predictive models described above. The information handling system 500 may
comprise a processor or CPU 501 that is communicatively coupled to a memory controller hub
or north bridge 502. Memory controller hub 502 may include a memory controller for directing
information to or from various system memory components within the information handling
system, such as RAM 503, storage element 506, and hard drive 507. The memory controller hub
502 may be coupled to RAM 503 and a graphics processing unit 504. Memory controller hub
502 may also be coupled to an I/O controller hub or south bridge 505. 1/O hub 505 is coupled to
storage elements of the computer system, including a storage element 506, which may comprise
a flash ROM that includes a basic input/output system (BIOS) of the computer system. /O hub
505 is also coupled to the hard drive 507 of the computer system. 1/O hub 505 may also be
coupled to a Super I/O chip 508, which is itself coupled to several of the I/O ports of the
computer system, including keyboard 509 and mouse 510. The information handling system 500
further may be communicably coupled to one or more elements of a drilling system though the
chip 508.

According to aspects of the present disclosure, an example method includes
receiving raw data sets containing drilling parameter and operating condition values generated
during subterrancan drilling operations. The raw data sets may be separated into training data
sets based, at least in part, on the types of the subterranean drilling operations. At least one

predictive model may be generated based, at least in part, on at least one training data set. The at
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least one predictive model may determine a rate of penetration (ROP) for a drilling operation of
the same type to which the at least one training data set corresponds.

In certain embodiments, the method may further comprise the step of reducing the
dimensionality of at least one of the training data sets using at least one feature extraction
technique. In certain embodiment, the at least one feature extraction technique may comprise at
least one of a principal component analysis, a partial least squares regression, an independent
component analysis, an isomap, and an autoencoder. In certain embodiments, generating at least
one predictive model based, at least in part, on at least one training data set may comprise
training a learning algorithm using the at least one training data set. In certain embodiments, the
learning algorithm may comprise at least one of a descision tree, a Bayesian belief network, a
genetic algorithm, an artificial neural network, and a support vector machines. In certain
embodiments, training a learning algorithm using the at least one training data set may comprise
determining at least one parameter of the learning algorithm using at least one of a grid search, a
randomized parameter optimization, and a linear search.

In certain embodiments, the method may further comprise reducing the number of
data entries in at least one of the training data sets based, at least in part, on a pre-determined
threshold. In certain embodiments, the method may further comprise at least one of thresholding,
ROP filtering, averaging, and normalizing the raw data. In certain embodiments, the method
may further comprise separating the raw data sets into dynamic and static data. In certain
embodiments, the type to which the at least one training data set corresponds is based, at least in
part, on the static data. In certain embodiments, the method may further comprise removing at
least some data entries of the raw data sets based, at least in part, on ROP values within the data
entries.

In any of the embodiments described in the preceding three paragraphs, the
method may further comprise determining a ROP for a drilling operation using the model and
altering at least one drilling parameter of the drilling operation based, at least in part, on the
determined ROP. In any of the embodiments described in the preceding three paragraphs,
receiving raw data sets containing drilling parameter and operating condition values generated
during subterrancan drilling operations may comprise receiving raw data sets containing
numerical values corresponding to at least one of a weight on bit (WOB), rotary speed, drill bit
rotations per minute (RPM), hook load, surface torque, torque on bit, downhole mud flow rate,
return mud flow rate, stand pipe pressure (SPP), and ROP; and separating the raw data sets into
training data sets based, at least in part, on the types of the subterranean drilling operations may

comprise comprise separating the raw data sets based, at least in part, on a formation lithology, a
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drill bit type, a drill bit size, a drilling assembly type, and a well inclination of the subterrancan
drilling operations.

According to aspects of the present disclosure, an example non-transitory
computer readable medium may contain a set of instructions that, when executed by a processor
of an information handling system, cause the processor to receive raw data sets containing
drilling parameter and operating condition values generated during subterrancan drilling
operations, and separate the raw data sets into training data sets based, at least in part, on the
types of the subterrancan drilling operations. The set of instructions may further cause the
processor to generate at least one predictive model based, at least in part, on at least on¢ training
data set, wherein the at least one predictive model determines a rate of penetration (ROP) for a
drilling operation of the same type to which the at least one training data set corresponds.

In certain embodiments, the set of instructions may further cause the processor to
reduce the dimensionality of at least one of the training data sets using at least one feature
extraction technique. In certain embodiments, the at least one feature extraction technique may
comprise at least one of a principal component analysis, a partial least squares regression, an
independent component analysis, an isomap, and an autoencoder. In certain embodiments, the
set of instructions that cause the processor to generate at least one predictive model based, at
least in part, on at least one training data set may further cause the processor to train a learning
algorithm using the at least one training data set. In certain embodiments, the learning algorithm
comprises at least one of a descision tree, a Bayesian belief network, a genetic algorithm, an
artificial neural network, and a support vector machines. In certain embodiments, the set of
instructions that cause the processor to train a learning algorithm using the at least one training
data set may further cause the processor to determine at least one parameter of the learning
algorithm using at least one of a grid search, a randomized parameter optimization, and a linear
search.

In certain embodiments, the set of instructions may further cause the processor to
reduce the number of data entries in at least one of the training data sets based, at least in part, on
a pre-determined threshold. In certain embodiments, the set of instructions may further cause the
processor to threshold, ROP filter, average, and normalize the raw data. In certain embodiments,
the set of instructions may further cause the processor to separate the raw data sets into dynamic
and static data. In certain embodiments, the type to which the at least one training data set
corresponds is based, at least in part, on the static data. In certain embodiments, the set of
instructions may further cause the processor to remove at least some data entries of the raw data

sets based, at least in part, on ROP values within the data entries.
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In any of the embodiments of the preceding three paragraphs, the set of
instructions may further cause the processor to determine a ROP for a drilling operation using
the model and altering at least one drilling parameter of the drilling operation based, at least in
part, on the determined ROP. In any of the embodiments of the preceding three paragraphs, the
set of instructions that cause the processor to receive raw data sets containing drilling parameter
and operating condition values generated during subterranean drilling operations may further
cause the processor to receive raw data sets containing numerical values corresponding to at least
one of a weight on bit (WOB), rotary speed, drill bit rotations per minute (RPM), hook load,
surface torque, torque on bit, downhole mud flow rate, return mud flow rate, stand pipe pressure
(SPP), and ROP; and the set of instructions that cause the processor to separate the raw data sets
into training data sets based, at least in part, on the types of the subterranean drilling operations
may further cause the processor to separate the raw data sets based, at least in part, on a
formation lithology, a drill bit type, a drill bit size, a drilling assembly type, and a well
inclination of the subterrancan drilling operations.

Therefore, the present disclosure is well adapted to attain the ends and advantages
mentioned as well as those that are inherent therein. The particular embodiments disclosed
above are illustrative only, as the present disclosure may be modified and practiced in different
but equivalent manners apparent to those skilled in the art having the benefit of the teachings
herein. Furthermore, no limitations are intended to the details of construction or design herein
shown, other than as described in the claims below. It is therefore evident that the particular
illustrative embodiments disclosed above may be altered or modified and all such variations are
considered within the scope and spirit of the present disclosure. Also, the terms in the claims
have their plain, ordinary meaning unless otherwise explicitly and clearly defined by the
patentee. The indefinite articles “a” or “an,” as used in the claims, are defined herein to mean

one or more than one of the element that it introduces.
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CLAIMS
1. A method, comprising:

receiving raw data sets comprising dynamic data (250, 301 a) and static data (260, 301b),
wherein the dynamic data (236, 361a) comprises drilling parameter and operating condition
values generated during subterrancan dridling operations, wherein the static data (260, 301h)
18 indicative of ane or more types of the subterrancan dnlling operations that generated the
dyvnamic data (250, 301a);

separating the raw data sets nio traming data sets (T1-Ta) based, at least in part, on the one or
mote types of the subterrancan dniling operations identified 1n the stanc data (260, 301b) of
the raw data sets;

generating at least one predictive model based, at feast in part, on af least one training data st
of the traming data sets {T1-Th), wherein the at least one predictive model determines a rate of
penetration {ROP) for the one or more types to which the at least one raming data set
cotresponds, wherein generating the at least one predictive model comprises for each training
data set of the training data sets (T1-Tny generating a different context-specific predictive
moded (M1-My) associaied with the static data (260, 301b} used to generate the at least one
predictive model

2. The method of claim |, further comprising the siep of reducmg dimensionality of at least
one of the tramning daia sets (T1-To) using at least one feature extraction techmique belore the
at ieast one of the training data sets (T1-Ty) 15 used for the at least one predictive model.

3. The method of claim 2, wherein the at least one feature extraction technigue comprises at
least one of a principal component analysis, a partial least squares regression, an ndependent
component analysis, an isomap, and an autoencoder,

4. The method of claim 1, wherein generating at least one prediciive model based, at least in
part, on at least one fraining data set comprises (raining a learning algorithm using the at least
ong training data set.

5. The method of claim 4, wherein the leaming algorithm comprises at least one of a decision
tree, a Bavestan belief network, a geneie algorithm, an artificial neural network, and a
support vector machings.

6. The method of claim 5, wherein tratming a learning algorithm using the at least one training
data set comprises determining at least one parameter of the learning algonthim ssing at Jeast
one of a grid search, a randomized parameter oplimization, and a linear search.
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7. The method of claim 1, further comprising reducing a number of data entrics m at least one
of the tratomg data sets {T1-Tn) based, at least in part, on a pre-determined threshold.

8. The method of claim 1, further comprising at least one of thresholdmg (401}, ROP filtering
{402}, averaging {404), and normalizing the raw data.

9. The method of claim 1, further comprising scparating the raw data sets into the dynamic
data (230, 301a) and the static daéa (260, 301b).

10. The method of claim @, wheren the one or more types (o which the at least one traiming
data set corresponds is based, at least in part, on the stauic data (260, 301b).

11 The method of claum 1, further comprising removing at feast some data entries of the raw
data sets based, at least in part, on ROP values (204) within the data entries.

12. The method of claim 1, further comprisimg determimng a ROP for a driling operation
using the model and aliering at least one dnilling parameter of the drilling operation based, at
{east in part, on the determmed ROP.

13. The method of clam 1,

wheretn receiving raw data sets containing drilling parameter and operating condition values
generaied during sublerrancan dnilling operations comprises receiving raw data sets
contatming numerical values corresponding o at least one of a weight on bit (WOB), rotary
speed, dril bit rotations per nunute (RPM), hook load, surface torque, torgue on it, downhole
mud flow raie, retum mud flow rate, stand pipe pressure {SPP), and ROP; and

wherein separating the raw data sets into fraimng data sets (T1-Th) based, at least in past, on
the one or more types of the subterrancan dnlling operations comprises separaling the raw
data sets based, at least m part, on a formation lithology, a drill bit type, a dnll i size, a
driliing assembly tvpe, and a well inclination of the subterrancan drlling operations.

14. A non-transitory computer readable medium containing a set of mstractions that, when
executed by a processor of an mnformation handling svstem, cause the processor o

receive raw data sets compnising dynanue data (254, 301a) and statie data (260, 301h),
wherein the dynavue data (256, 301a) comprises drilling parameter and operating condition

values generated during subterrancan drilling operations, wherein the static data (260, 301b)

is indicative of ong or more types of the subterrancan drilling operations that generated the

-~

dynamic data (250, 301a};
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separate the raw data seis info training data sets {T-Th) based, at least in part, on the onc or
more types of the subterrancan dridling operations identified i the static data (260, 361b) of
the raw data sets;

generate at least one predictive model based, at least in part, on af least one traiming data set of
the training data sets (T1-Tn), wherein the at least one predictive model determines a rate of
penetration {ROP) for the one or more types to which the at least one training data set
corresponds, wherein generating the at least one predictive model comprises for each traming
data set of the tratming data sets (T1-Tha) generating a different context-speaific predictive
model (Mi1-Mp) associated with the static data (260, 301b) used (o generate the at least one
predictive model.

15 The non-transitory computer readable medium of claim 14, wherein the set of instructions
further cause the processor to reduce dimensionality of at least one of the training data sets
{T1-Ta} using at least one feature exiraction technique betfore the at least one of the training
data sets {T1-To) 1s used for the at least one predictive model

16, The non-transitory computer readable medium of claim 15, wherein the at least one
feature extraction technique comprises at least one of a principal component analysis, a partial

least squares regression, an independent component analvsis, an isomap, and an awioencader.

17. The non-transitory computer readable medium of claim 14, wherein the set of wstructions
that cause the processor to generate at least one predictive model based, at least in part, on at
icast one training data st further cause the processor to fram a learning algorithm using the at
icast ong training data set.

18. The non-transitory computer readable mediom of clamm 17, wherein the learning
algorithm comprises at least one of a decision tree, a Bavesian belief network, a genetic

algorithm, an artificial newral network, and a support vector machmes.

19. The non-transitory computer readable medivm of clamm 18, wherein the set of instructions
that cause the processor o train a learning algorithm using the at feast one traiming data sci
further cause the processor to determine at least one parameter of the leaming algonthm using
at least one of a grid search, a randomized parameter optimization, and a linear scarch,

20. The non~-transitory computer readable medium of clamm 14, wherein the set of mstructions
further cause the processor to reduce a number of data entries 1o at least one of the tramming
data seis (Ti-Ta) based, at keast in part, on a pre-determined threshold.

21 The nop~transitory compuler readable medium of claim 14, wherein the set of mstractions
further cause the processor to threshold (401), ROP filter (402), average (404}, and normalize
the raw data.
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22, The von-transifory computer readable medium of claim 14, whererm the set of instructions
further cause the processor (o separaie the raw data seis nto the dvnamic data (230, 301a) and
the static data (260, 3¢1b).

23 The non-transitory computer readable medium of claim 22, wherein the one or more types
to which the at least one training data set corresponds is based, at least i part, on the static
data (260, 301h).

24 The non-transitory computer readable medium of claim 14, wherein the set of wstructions
further cause the processor to remove at lgast some data entries of the raw data sets based, at
least n part, on ROP values (204) within the data eninies.

25. The non-transitory computer readable medivm of clamm 14, wherein the set of fnstructions
further cause the processor to determine a ROP for a drilling operation using the model! and
altering at least ong drilling parameter of the dridhing operation based, at least in part, on the
determined ROP.

26. The nov-~transttory compuier readable mediom of clamm 14,

wherein the set of instructions that cause the processor to receive raw data seis contaming
drilling parameter and operating condition values generated during subterrancan drifling
operations further cause the processor to receive raw data seis contamming mumerical valies
corresponding o at least one of a weight on bit (WOR), rotary speed, drill bit rotations per
ninute (RPM), hook load, surface torgue, torque on bit, downhole mud How rate, return mud
flow rate, stand pipe pressure (5PP), and ROP; and

wherein the set of wstructions that cause the processor to separate the raw data sets into

traiming data sets (Ti-To) based, at least in part, on the one or more types of the subterrancan
drilling operations further cause the processor o separate the raw data sets based, at least in
part, on a formation Bithology, a drill bit type, a dnill bt size, a drilling assembly tvpe, and a

well inchimation of the subterrancan drilling operations.
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PATENTKRAY
1. Fremgangsmate, omfattende:

3 motta ridataseit omfattende dynamiske data (250, 301a) og statiske data (260, 301b), hvort
de dvnamiske datacne (250, 301a) omfatier borcparameter- og drifistilstandsverdier generert
under underjordiske boreoperasjoner, hvort de statiske dataene (260, 301a) indikerer én oller
flere typer av de underjordiske boreoperasionene som genererte de dynamiske datacne (250,
3Gia)

i separere radataseticne o 1 opplaringsdatasett (T1-Ty) basert, munst delvis, pd den ene eller
flere typene av de underjordiske boreoperasjonene identifisert 1 de statiske dataene (260,
301b) av radatasettene;

a generere nunst én prediktiv modell basert, minst delvis, pd minst et opplzingsdataset! av
oppleringsdatasstione (Ti-Ta), hvort den minst eng predikiive modellen bestemmer en
peneirasjonsrate (ROP) for den ene eller flere typene som det minst ene opplaerngsdatasetict
tilsvarer, bvort a generere den roinst ene prediktive modellen omfatter for hvert
oppleringsdatasett av oppleringsdatasetiene (T1-Th) 4 generere on forskjellig
kontekstspesifikk prediktiv modell {M;-M,} assosiert med de statiske datacne (260, 301b)
anvendt G 4 gencrere den minst ene prodikiive modelien.

2. Fremgangsmaten ifoige krav 1, videre omfationde trinnet med 2 redusere dimensjonaliteten
il nuinst et av opplenngsdatasettene (T1-Tn} ved a anvende minst én
funksjonsckstraksjonsteknikk for det munst enc av opplicringsdatasetiene (T1-Th) anvendes for
den minst ene prediktive modelien,

3. Fremgangsmaten ifpdge krav 2, hvort den minst ene funksjonsekstraksionsteknikken
omfatier minst én av en hovedkomponentanalyse, en delvis minste kvadraters regresjon, en
uavhengig Komponentanalyse, et isokart og en aulokoder.

4. Fremgangsmaten ifalge krav 1, hvort 4 geverere minst éo predikiiv modell basert, munst
delvis, pa munst ett opplaringsdatasett omfaiter opplaring av on oppleringsalgoritme ved 8
anvende det minst ene oppleringsdatasetiet.

5. Fremgangsmaien iolge krav 4, hvort opplaringsalgoritmen omfatier minst én av et
beslutningstre, of bayesiansk trosnetiverk, en genetisk algornitme, of kunstig nevralt nettverk
og cn stattevekiormaskin,

6. Fremgangsmaien ifolge krav 5, hvort 3 lzere opp en oppleenngsalgontme ved & anvende det
minst ene oppleeningsdatasettet omfatter 4 bestemme nunst én parameter av
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opplaringsalgoritmen ved & anvende minst én av ot rutengitsek, on randonusert
parameteroptiunalisering og of Hncert sok.

7. Fremgangsmaten ifolge krav 1, videre omfattende a redusere et antall dataoppforinger 1
nunst ett av oppleringsdatasetione (T1-Ta) basert, minst delvis, pa en forhandsbestemt terskel.

8. Fremgangsmaten ifolge krav 1, videre omiatiende minst én av 4 terskelbehandle (401},
ROP-filtrere (402}, grennomsnittsberegne (404), og normalisere radatacne.

9. Fremgangsmaten ifedge krav 1, videre omfattende 4 separere radatasetione mnn 1 de
dynamiske dataene (230, 301a) og de statiske dataene (260, 301b}.

10, Fremgangsmaten ifolge krav 9, hvort den ene eller flere typene som det nunst ene
opplaringsdataseitet tilsvarer ¢r basert, minst debvis, pa de statiske datacne {260, 361b).

11 Fremgangsmaten ifelge krav 1, videre omfattende & ferme minst noen datamnforinger av
radatasettene basert, minst debvis, pa ROP-verdier (204) tnnenfor dataoppforingene.

12. Fremgangsmaten welge krav 1, videre omfatiende a bestermme cn ROP foren
borcoperasjon ved a anvende modelien og & endre munst én boreparameter for
boreoperasjonen basert, minst delvis, pa den bestemte ROP-en.

13, Fremgangsmaten ifolge krav 1,

bvort & motta radatasett som inncholder boreparameter- og dnifistilstandaverdier generert
under underjordiske boreoperasjoner omfatior mottak av radatasett som 1anchoider numeniske
verdier som tidsvarer minst €n av en veki pa borkrone (WOB), rotasjonshastighet,
borkronerotasioner per nunutt {RPM), kroklast, overflatedreiemoment, drelemoment pa
borkronen, dlamstremmngsrate nede 1 bronnhudlet, stromningsrate for retarslam, trvkla:
stativror {SPPY 0og ROP; og

hvori & separere radatasctiene mnn 1 opplaoringsdatasett (T1-Th) basert, minst delvis, pa den ene
cller flere typene av de underjordiske boreoperasjonene omfatier 2 separcre radatascticne
basert, minst delvis, pd en formasjonstitclogi, en borkronetype, en borkronestorrelse, en
boresammenstillingstype og en bronnhelling av de underjordiske boreoperasionene.

14, Ikke-flvkug datamaskinlesbart medium som mucholder ot sett med instruksjoner som, nér

¢ uifores av en prosessor 1 of informasjonshandtcringssyster, {ir prosessoren il

& motta radataseit omfattende dynamiske data (250, 301a) og statiske data (260, 301b). hvort
de dynamiske dataene (250, 301a) omfatier boreparameter- og drifistilstandsverdier generert
under underjordiske boreoperasjoner, hvort de statiske datacne (260, 301b) indikerer én eller
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flere typer av de underjordiske borcoperasjonene som genererte de dynamiske dataenc {250,
3Giay;

a separere radataseitene on i opplenngsdatasett (T1-To) basert, minst delvis, pa den ene eller
flere typene av de underjordiske boreoperasionene 1dentifisert 1 de statiske datacne (2640,
301b) av radatasstiene;

& generere minst én prediktev modell basert, minst delvis, pa muinst cit opplingsdatasett av
oppleeringsdataseticne {Ti-Ta), hvort den minst enc prediktive modelen bestemmer en
peneirasjonsrate (ROPY for den ene elier flere typene som det nunst ene opplaringsdatasettet
tilsvarer, hvori & generere den nunst ene prediktive modellen omfatier for hvert
opplaringsdatasett av oppleerningsdatasettene (T1-Ta) & generere en forskjellig
konickstspesifikk predikitv modell (Mi1-My) assosiert med de statiske dataene (260, 301h)

anvendt {if a generere den minst ene predikiive modellen.

15. Det ilke-flvktige datamaskinlesbare mediet ifolge krav 14, hvon settet med instruksjoner
videre far prosessoren @ 4 redusere dimengionaliteten @ minst etf av opplarngsdatasetione
{T1-Tn) ved & anvende minst én funksjonseksiraksjonsteknikk for det minst ene av
opplarringsdataseitenc (T1-Ta) anvendes for den minst ene prediktive modelion.

16. Det ikke-flvkiige datarnaskiniesbare medict dblge krav 135, hvori den minst ene
funksjonsekstraksionsteknikheon omf{atier minst én av en hovedkomponentanalyse, en delvis
minste kvadraters regresjon, en vavhengig komponentanalyse, et 1sokart og en autokoder.

17, Det ikke-fivkiige datamaskinlesbare mediet tblge krav 14, hvor setiet mod instruksjoner
som far prosessoren {1 & generere minst én prediktiv modell basert, minst deivis, pd minst ett
oppleeringsdataseti videre far prosessoren tif  leore opp en opplanngsalgonime ved & anvende
det minst ene opplenngsdatasetiet.

18, Det ikke-flvkiige datamaskinlesbare mediet olge krav 17, hvort opplenngsalgonitmen
omfaiter minst én av ¢t beslutrungsire, ot bavesiansk trosnetiverk, en genetisk algorime, et
kunstig nevralt nettverk og on stottevektormaskin,

19. Det ikke-flvktige datamaskinieshare mediet ifolge krav 18, hvort settet med instruksjoner
som far prosessoren ti a lore opp en oppleringsalgoritme ved a anvende det minst ene
oppleringsdatasetiet videre f8r prosessoren 41l 4 bestenime minst én parameler av
oppleringsalgonitmen ved & anvende munst én av ot rutenstisok, en randomisert
parameteroptimalisering og ot meart sok.

20. Det ikke-fivktige datamaskinleshare mediet ifolge krav 14, hvort settet med instruksjoner
viderg far prosessoren il d redusere ot antall dataoppfonnger 1 munsi ett av
oppleringsdatasetiene (T:1-Ty) basert, nunst deivis, pa en forhandsbestent terskel.
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21 Det ikke-fivktige datamaskindesbare medict ifelge krav 14, hvort seitet med jnstruksjoner
videre {far prosessoren il & terskeibehandle (401), ROP-fltrere (402}, giennomsnitisberegne
{404} og normalisere radataene.

22 Detikke-lvktige datamaskiniesbare mediet ifelge krav 14, hvon settet med mstruksjoner
videre far prosessoren 1l 4 separere radatasctione mn 1 de dynamiske datacne (250, 301a) og
de statiske datacne {260, 30ib)

23, Det ikke-flvktige datamaskinlesbare mediet ifolge krav 22, hvon den ene cller flore typene
som det minst ene opplermgsdatasetict tilsvarer er basert, minst delvis, pa de statiske dataene
(260, 301b).

24, Det kke-flvkiize datamaskiniesbare mediet folge krav 14, hvori settet med instruksjoner
videre far prosessoren til 4 fierne minst noen dataoppieringer av ridatasettene basert, minst
delvis, pa ROP-verdier (204) mnenfor dataoppferingene.

25. Det ikke-fivkiige datamaskinleshare mediet ifolge krav 14, hvort settet med instruksjoner
videre far proscssoren Gl 4 besternme on ROP for en boreoperasjon ved & anvende modelien
og endre minst én boreparameter for borcoperasionen basert, nvnst delvis, pa den bestente
ROP-gn.

26. Det ikke-flvktige datamaskinieshare mediet ifelge krav 14,

hvort setiet med instruksioner som far prosessoren i a motia radatasett som mncholder
boreparameter- og drifistilstandsverdier generert under underjordiske boreoperasjoner viders
far prosessoren 6l 4 motta radatasett som inncholder numerniske verdier som flgvarer minst én
av en vekt pa borkrone (WOB), rotasionshastighet, borkronerotasjoner per minutt (RPM),
kroklast, overflatedreiemoment, drelemoment pa borkronen, slamstromuingsrate nede 1
bronnhullet, strovingsrate for retursiam, wykk 1 stativror (SPP)Y og ROP; og

hvort setict med instruksjoner som far prosessoren i 4 separere radatasctiene inn i
opplarringsdataseit {(T1-Tq) basert, minst delvis, pa den one eller flere typene av de
underjordiske boreoperasjonene videre far prosessoren til 4 separere radatascitone basert,
panst delvis, pa en formasjonsiitolog, en borekronetype, en borckronestorrelse, en
boresammenstillingstype og en bronnhelling av de underjordiske operasjonene.
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