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STUCK PIPE PREDICTION

CROSS-REFERENCE TO RELATED APPLICATION
[0001] This application claims the benefit of and priority to U.S.
Provisional Application Serial No. 82/044,508, having the title “STUCK PIPE
PREDICTION,” filed on September 2, 2014, the disclosure of which is

incorporated herein by reference in its entirety.

BACKGROUND

[0002] Maintaining wellbore stability and monitoring drilling None Productive
Time (NPT} are two main key faclors in improving safety and drilling efficiency
while minimizing problem cosis associated with well construction and production
operations. Despite the need to undersiand the conditions which create driliing
operation risks such as wellbore instabilities, there is no industry consensus
regarding which stability analysis methodologies are most applicable under
varying geociogic conditions. Therefore, the reliance on the manual real-time data
interpretation and human intervention is a key although it is currently performed
inefficiently.

{0003} Pipe sticking is a common, critical problem that can affect wellbore
stability. Typically, the stuck pipe is more likely when the pipe goes horizontally
deep. It can have a huge negative impact on drilling operation safety and
efficiency. The cost of fixing stuck pipe problem can reach millions of dollars per
single incident. Preemptively detecting conditions that may lead to a stuck pipe

may prevent accumulating costs associated with repairing the probiem.
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SUMMARY

[0004] A pipe may become stuck during a drilling operation, necessitating
that drilling be stopped to remedy the problem. In the oil industry, a stuck pipe is
considerad one of the biggest problems that can affect wellbore stability. A pipe
is considered stuck if it cannot be freed from the hole without damaging the pipe,
and without exceeding the drilling rig’'s maximum allowed hook load. Pipe
sticking may include differential pressure pipe sticking or mechanical pipe
sticking. Usually, pipe sticking occurs when the pipe goes horizontally deep after
a ceriain depth. When a pipe becomes stuck, the drilling operation may need {0
be halled in order 1o repair the stuck pipe, causing substantial losses in revenue.
Typically, the cost of a stuck pipe can reach millions of dollars per single
incident.

[0005] A new prediction model is provided herein for moniloring and
predicting drilling troubles. In one or more embodiments the prediction mode]
incorporates an application that can monitor drilling conditions in real time and
apply maching leaming technigues to determine if a pipe is at risk of becoming
stuck. The model can facilitate predicting key drilling attributes in real time. In
one or more aspects it can predict hook-load values in real-time and near-resl-
time during the Pull-Out-of-Hole (POOH) operation as early as 3 hours in
advance (o enable early intervention and mitigation of potential siuck pipe driliing
troubles. The prediction model, can also be trained either using offset wells data,
or real-lime operational data. Coupling these forecasis with simulation
capabilities, advanced engineering algorithms and advanced IT technologies and
technigues can significantly improve Drilling engineers responsiveness and

intervention to reduce operational risks and optimize Drilling None Productive
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Time (NPT) which in turn can lead {o oplimum field opsration. In addition, it can
provide an enwvironment for Autonomous Drilling such as  Aulo-Driller
technologies, Remote execution and Controlling of Drilling and Geo-steering
operations.

[00087 In one or more embodiments the prediction application monitors the
bit depth and hook load of an active pipe. The prediction application can
generate a linear regression mode! with or without previous training for detecling
possible stuck pipe conditions. If conditions are satisfied that indicate that a pipe
is likely to become stuck, an alert is generated, allowing remedial action o be
preemptively taken.

00077 In an embodiment, we provide a method for monitoring and predicting
a stuck pipe. The method can comprise: a) generating, by ai least one
computing device, a linear regression model based at least in part on a plurality
of hook load readings each corresponding 1o a respective one of a plurality of bit
depths; b) obtaining, by the at least one computing device, a first hook load
reading at another bit depth, <) determining, by the at least one computing
device, whether the first hook load reading is greaier than a second hook iocad
reading obtained from the linear regression model, and d) generaling, by the at
least one computing device, an indication of a risk of stuck pipe in response o
the first hook load reading being greater than the second hook load reading.

[0008] In an embodiment, a system for stuck pipe prediction is provided.
The system can comprise: at least one device for receiving a plurality of hook
load readings each corresponding to a respective one of a plurality of bit depths;
at leasi one computer processing device; and an application executable in the at

least one computer processing device, the application comprising logic that
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generates, by the at least one computer processing device, a linear regression
model based at least in part on & plurality of hook locad readings each
corresponding to a respective one of a plurality of bit depths; obtains, by the at
least one computer processing device, a first  hook load reading at ancther bit
depth; determines, by the al least one computing processing device, whether the
first hook load reading is greater than a second hook load reading obtained from
the linear regression model; and generates, by the at least one computer
processing device, an indication of a risk of stuck pipe in response to the first
hook ivad reading being greater than the second hook load reading.

(00091 In an embodiment, a non-statutory computer readable medium is
provided employing a program executable in at least one computing device,
comprising code that: generates, by at least one computing device, a linear
regression model based at least in part on a plurality of hook load readings each
corresponding o a respective one of a plurality of bit depihs; obtains, by the at
least one computing device, a first hook load reading at ancther bit depth;
determings, by the at least one computer processing device, whether the first
hook ioad reading is greater than a second hook ivad reading obiained from the
linear regression model;, and generates, by the at least one compuling device, an
indication of a risk of stuck pipe in response io the first hook load reading being
greater than the second hook load reading.

(00107 in any one or more aspects of any one or more of the
embodiments, generating the linear regression model can comprise obtaining
the plurality of hook locad readings from a well from which the first hook load
reading is obtained. Obtaining the plurality of hook load readings can comprise

filtering those of the hook load readings meeting a predefined threshold. The
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linear regression model can be genserated in response to obtaining a number of
hook load readings meeting a predefined threshold.  Generating the linear
regression model can comprise obtaining the plurality of hook load readings from
a plurality of wells distinct from a well from which the first hook load reading is
cbiained. Obtaining the plurality of hook ioad reading can comprise filtering
those of the hook load readings meeting a predefined threshold. The predefined
threshold can be 170 kibs. The linear regression model can be generated
minimize a sum squared error. The linear regression model can be regenerated
based at least in part on the first hool load reading. Any one or more of these
steps or processes can be carried out by a computing device or a computing
processing device and/or by code or logic executable therein.

{0011] Other systems, methods, features, and advantages of the present
disclosure will be or become apparent to one with skiil in the art upon
examination of the following drawings and detlailed description. i is intended that
alt such additional systems, methods, features, and advantages be included
within this description, be within the scope of the present disclosure, and be

protecied by the accompanying claims.

BRIEF DESCRIPTION OF THE DRAWINGS
(00127 Many aspects of the present disclosure can be better undersiood with
reference to the following drawings. The components in the drawings are not
necessarity to scale, with emphasis instead being placed upon clearly iHustraling
the principles of the disclosure. WMoreover, in the drawings, like reference

numerals designate corresponding parts throughout the several views.
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{00131 FiGs. 1 and 2 are flowcharts illustrating examples of functionality
implemented as portions of a prediction application executed in a computing
environment according to various embodiments of the present disclosure.

[0014] FIG. 3 is a schematic block diagram that provides one exampie
iustration of a computing environment configured to execute the prediction
application according to various embodiments of the present disclosure.

[0015] FIG. 4 depicis ALRA-TPR and ALRA-FPR data from a running of the
adaptive linear regression algorithm for 4 randomly selected wells, the adaptive
linear regression algorithm run five times.

[0016] FIG. 5 depicts charts showing the obtained regression model of
different weills.

{00171 FIGS. 6A and 6B depict charts showing some record readings and
the alerts of Well-10.

[0018] FiG. 7 depicts ALRA-TPR and FPR data from use of eight wells for
fraining to oblain g linear regression mode! and four wells used for festing, the
linear regression algorithm run five times.

{0019] FiG. 8 depicts charts showing the obtained regression model of
different runs.

{00207 FiGs. 9A and 9B depict charts showing some record readings and the
aleris of Well-2.

[0021] FiGs. 10A-10C depict charts showing examples of real alerts

provided by our present system and method.
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DETAILED DESCRIPTION

(00227 Inthe following discussion, a general description of the system and iis
components is provided, followed by a discussion of the operation of the same.
Further embodiments ¢f a prediction application are provided in "Real-Time
Stuck Pipe Trouble Prediction during Drilling Operation Using Hock Load
Parameter” by Majed Alzahrani, which is hereby incorporated by reference in its
entirety, a copy of which is atiached hereto as Appendix A

[0023} In one or more embodiments the present prediction application can
be configured to apply a liner regression approach that modeis the relationship
between a scalar dependent variable v and one or more explanatory variables
denoted X Linear regression can be used to fit a predictive model o an
chserved data set of y and X values. After developing such a modsl, if an
additional value of X is then given without ils accompanying value of y, the fitied
model can be used to make a prediction of the value of y. An exemplary mode]
of the fifth degree can be represented by the following system of squations,

where y represents the hook load and X is the Bit Depth:
V=W WX WX WX WK WK

y=X'w
[0024] Although the above-represented system of equations is shown in the
fifth degree, it is understood that a model of n dimensions can alse be used by
the prediction application o predict a stuck pipe. In some embodimenis, the
prediction application can appiy an adaptive linear regression algorithm {(ALRA)
having no previcus training, for example at start-up. In such a situgtion, the
prediction application can take a series of sampies of bit depth and hook load for

a given well. The hook load samples can be taken while moving the drill string
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out of the hole, or at other times. Additionally, the prediction application can be
configured io ignore readings that are higher than a predefined hook load
threshold. The hook load threshold can be defined in order to maximize a true
positive rate and minimize a false-positive rate. Such a hook load threshold can
be preferably approximately 270 kibs, or ancther value. The threshold can be
determined by the drilling engineer or by learning it from other wells.

[0025] After collecting a predefined number of hook load readings, the
prediction application generates the nifial linear regression modsl.  The
predefined number of hook load readings can preferably be five readings, or
another number of readings. For subsequent readings of hook load values at a
provided bit depth, the prediction application calculates a normal hook load valug
at the provided bit depth using the linear regression model.

[0026] The prediction application then compares the normal hook load value
to the detected hook load value. If the detected hook load value is greater than
the normal hook load value, the prediction application generates an alert that the
pipe may become stuck. Otherwise, the detected hook load value and the
provided bii depth are added to the linear regression model for subsequent use.

(00277 In other embodiments, the prediction application can generate a linear
regression mode! for a given well based on training data from other wells. In
such an embodiment, the prediction application seiecis a predefined number of
training wells. The predefined number of training wells can be preferably eight
wells, or ancther number. The prediction application then tries to find the value
of W that minimizes the sum square error using hook lcad readings for the
fraining wells at corresponding bit depths. As above, the hook load readings for

the training wells can be taken while moving the drill string out of the training well
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hole(s), or at another time. Additionally, the prediction application can be
configured o ignore or reject readings having a hook ioad value above a
predefined hook load threshold. Such a predefined hook load threshold can be
preferably 170 kbps, or another value. The threshold can be determined by the
drilling engineer or by learning it from other wells.

[0028] After generating the linear regression model from the training wells,
the prediclion gpplication calculates a normal hook load value at the provided bit
depth using the linear regression model. The prediction application then
compares the normal hook load value to the detected hook load value. If the
detected hook load value is greater than the normal hook locad value, the
prediction application generates an alert that the pipe may become siuck, or take
another action. In one or more aspects the model can record the della or
difference between the detected hook load value and the normal hook load value
and use this difference as the basis for an alert.

[0029] Referring next to FIG. 1, shown is a flowchart that provides one
example of the operation of a portion of the prediction application according to
various embodimenis. It is undersiood that the flowchart of FIG. 1 provides
merely an example of the many different types of funclional arrangements that
can be employed o implement the operation of the portion of the prediction
application as described herein. As an aiternative, the flowchart of FIG. 1 can be
viewed as depicling an example of elements of a method implemented in a
computing environment according to one or more embodiments.

{0030} Beginning with box 101, the prediction application aggregates a
series of readings of bit depth at a corresponding hool ioad for a given well. In

some embodiments, the prediciion application can be configured to ignore
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readings that are higher than a predefined hook load threshold. Such a hook
ioad threshold can be preferably approximately 270 kibs, or another vaiue. The
threshold can be determined by the drilling engineer or by leaming it from other
wells.

[0031] Nexi, after aggregating a predefined number of hook load readings,
the prediction application generates the inifial linear regression model in box
104, The predefined number of hook load readings can be five readings, or
ancther number of readings. Once the prediction application has generated the
initial linear regression model, the prediction application obtains a current hook
load at a current bit depth in box 107. In box 111, the prediction application
compares the current hook load value with a normal hook load value generated
from the linear regression model at the current bit depth. if the current hook load
value is greater than the normal hook load value, the operation proceeds {0 box
114 where the prediction application generates an alert that the pipe may
become stuck, after which the process ends. Otherwise, if the current hook load
is less than or equal to the normal hook load, the process advances {o box 117
where the prediction application updates the linear regression model with the
current hook load and current bit depth. Alternatively the alert can be based on
an amount of difference, or the delia, between the current hook load and a
normal hook load. For example an alert can be sel not simply based on a
difference between the two values, but instead if the difference exceeds a
selected della or amount of difference belween the two values. The process
then returns o box 107 where subsequent hook load values can be calculated.

{00321 Tuming now to FIG. 2, shown is a flowchart that provides one

example of the operation of a portion of the prediclion application according to
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various embodiments. If is understood that the flowchart of FIG. 2 provides
merely an example of the many different types of functional arrangements that
can be employed o implement the operation of the portion of the prediction
application as described herein. As an giternative, the flowchart of FIG. 2 can be
viewed as depicting an example of slements of a method implementad in a
computing environment according to one or more embodiments.

[0033] Beginning with box 201, the prediction application selects a
predefined number of training wells from which the linear regression mode!l will
be generaied. The predefined number of training wells can be eight training
wells, or another number of training wells. Next, in box 104, the prediction
application generates the linear regression medel using hook load readings at
corresponding bit depths from the training well(s). The lingar regression model
can be generated to find the value of W that minimizes the sum square ervor.

{0034] Once the prediction application has generated the initial linear
regression model, the prediction application obtains a current hook load at a
current bit depth in box 207. In box 211, the prediction application compares the
current hook load value with a normal hook lpad value generated from the linear
regression model at the current bit depth. I the current hook load value is
greater than the normal hook load valug, the operation proceeds o box 214
where the prediction application generates an aleri thal the pipe may become
stuclk, after which the process ends. Otherwise, if the current hook load is less
than or egqual to the normal hook load, the process advances 1o box 217 where
the prediction application updates the linear regression model with the current
hook load and current bit depth. The process then returns to box 207 where

subsequent hook load values are calculaled.  Alternatively the alert can be
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based on an amount of difference, or the delta, between the current hook load
and a normal hook load. For example an alert can be set not simply based on a
difference between the two values, but instead if the difference exceeds a
selected delta or amount of difference between the two values.

[0035] With reference to FiG. 3, shown is a schematic block diagram a
computing device 301 according to an embodiment of the present disclosure.
The computing device 301 includes atl least one processor circuit, for example,
having a processor 302 and a memory 304, both of which are coupled o a local
interface 307. To this end, the computing device 301 can comprise, for example,
at least one server computer or like device. The local interface 307 can
comprise, for example, a data bus with an accompanying address/control bus or
cther bus structure as can be appreciated.

{00368] Stored in the memory 304 are both data and several components that
are executable by the processor 302. in particular, stored in the memory 304
and executable by the processor 302 are a prediction application 311, and
potentially other applications. In addition, an operating system can be stored in
the memory 304 and executable by the processor 302.

(00377 Itis understood that there may be other applications that are stored in
the memory 304 and are executable by the processor 302 as can be
appreciated. VWhere any component discussed herein is implemented in the
form of sofiware, any one of a number of programming languages can be
employed such as, for example, G, C++, C# Objective C, Java®, JavaScript®,
Perl, PHP, Visual Basic® Python® Ruby, Flash® or other programming

languages.
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[0038Y A number of software components are stored in the memory 304 and
are executable by the processor 302, In this respeci, the term "executable”
means a program file that is in a form that can ullimately be run by the processor
302. Examples of executable programs can be, for example, a compiled
program that can be translated inte machine code in a format that can be loaded
into a random access portion of the memory 304 and run by the processor 302,
source code that can be expressad in proper format such as cbject code that is
capable of being loaded into a random access portion of the memory 304 and
executed by the processor 302, or source code that can be interpreted by
another executable program io generate instructions in a random access portion
of the memory 304 {¢ be execuled by the processor 302, efc. An executable
program can be stored in any portion or component of the memory 304
including, for example, random access memory (RAM), read-only memory
(ROM), hard drive, solid-state drive, USB flash drive, memory card, opfical disc
such as compact disc {CD) or digital versatile disc (DVD), floppy disk, magnetic
{ape, or other memory components,

[0039] The memory 304 is defined herein as including both voiatile and
nonvolatile memory and data storage components.  Volatile componenis are
those that do not retain data values upon loss of power. Nonvolatile components
are those that retain data upon a loss of power. Thus, the memory 304 can
comprise, for example, random access memory (RAM), read-only memory
(ROM), hard disk drives, solid-state drives, USB flash drives, memory cards
accessed via a memory card reader, floppy disks accessed via an associated
floppy disk drive, oplical discs accessed via an optical disc drive, magnetic tapes

accessed via an appropriaie tape drive, and/or other memory components, or a
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combination of any two or more of these memory components. In addition, the
RAM can comprise, for example, slatic random access memory (SRAM),
dynamic random access memory (DRAM), or magnetic random access memory
(MRAM) and cther such devices. The ROM can comprise, for example, a
programmable read-only memory (PROM), an erasable programmable read-only
memory (EPROM), an electrically erasable programmable read-only memory
{(EEPRCOM]), or other like memory device.

[00407 Also, the processor 302 can represent multiple processors 302 and/or
muitiple processor cores and the memory 304 can represent muliiple memories
304 that operate in parallel processing circuits, respectively. in such a case, the
local interface 307 can be an appropriate network that facilitates communication
between any two of the muitiple processors 302, between any processor 302
and any of the memories 304, or between any two of the memories 304, efc.
The local interface 307 can comprise additional systems designed o coordinate
this communication, including, for example, performing load balancing. The
processor 302 can be of electrical or of some other available construction.

[00417 Although the prediction application 311, and other various systems
described herein can be embodied in software or code executed by general
purpose hardware as discussed above, as an alternative the same can also be
embodied in dedicated hardware or a combination of software/general purpose
hardware and dedicated hardware. [f embodied in dedicated hardware, each
can be implemented as a circuil or state machine that employs any one of or a
combination of a number of technologies. These technologies can include, but
are not limited to, discrete logic circuils having iogic gates for implementing

various logic funclions upon an application of one or more data signals,
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application specific infegrated circuits (ASICs) having appropriate logic gates,
field-programmable gate arrays (FPGAs), or other components, efc.  Such
technologies are generally well known by those skilled in the art and,
conseguently, are not described in detail herein.

{0042] The flowcharts of FiGs. 1 and 2 show the functionality and operation
of an implementation of portions of the prediction application 311. If embodied in
software, each block can represent a module, segment, or portion of code that
comprises program instructions to implement the specifisd logical function(s).
The program instructions can be embodied in the form of source code ihat
comprises human-readable statements writlen in a programming language or
machine code that comprises numerical instructions recognizable by a suitable
execution system such as a processor 302 in a computer system or other
system. The machine code can be converted from the source code, efe. |f
embodied in hardware, each block can represent a circuit or @ number of
interconnectad circuits 1o implement the specified logical function{s).

{0043] Although the flowcharts of FiGs. 1 and 2 show a specific order of
execution, it is understood that the order of execution can differ from that which
is depiclted. For example, the order of execution of two or more blocks can be
scrambled relative o the order shown. Also, two or more blocks shown in
succession in FiGs. 1 and 2 can be executed concurrently or with partial
concurrence. Further, in some embodiments, one or more of the blocks shown
in FiGs. 1 and 2 can be skipped or omitted. [n addition, any number of counters,
state varigbles, warning semaphores, or messages can be added o the logical

flow described herein, for purposes of enhanced utility, accounting, performance
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measurement, or providing troubleshooting aids, efc. It is understood that &l
such variations are within the scope of the present disclosure.

(00447 Also, any logic or application described herein, including the
prediction application 311, that comprises software or code can be embodiad in
any non-transitory computer-readable medium for use by or in connection with
an instruction execution system such as, for example, a processor 302 in a
computer system or other system. In this sense, the logic can comprise, for
example, statements including instructions and declarations that can be fetched
from the compuier-readable medium and executed by the instruction execution
system. In the context of the present disclosure, a "computer-readable medium”
can be any medium that can contain, storg, or maintain the logic or application
described herein for use by or in connection with the instruction execution
system.

[0045] The compuler-readable medium can comprise any one of many
physical media such as, for example, magnetic, optical, or semiconducior media.
More specific examples of a suitable computer-readable medium would include,
but are not limited to, magnetic tapes, magnetic floppy disketies, magnetic hard
drives, memory cards, solid-state drives, USB flash drives, or optical discs. Also,
the computer-readable medium can be a random access memory (RAM)
including, for example, static random access memory (SRAM) and dynamic
random access memory (DRAM), or magnetic random access memory (MRAM).
in addition, the computer-readable medium can be a read-only memory (ROM),
a programmabile read-only memory (PROM), an erasabie programmable read-
only memory (EPROM), an electrically erasable programmable read-only

memory (EEPROM), or other type of memory device.
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{00467 Further, any logic or application described herein, including the
prediction application, can be implemented and structured in a variety of ways.
For example, one or more applications described can be implemented as
modules or componants of a single application.  Further, one or more
applications described herein can be executed in shared or separate computing
devices or a combination thereof. For example, a plurality of the applications
described hersin can execuls in the same computing device 301, or in mulliple
computing devices in the same computing environment 103, Additionally, it is

N

understood that terms such as “application,” “service,” “sysiem,” “engine,
“module,” and so on may be interchangeable and are not intended 1o be limiting.
(00477 Disjunctive language such as the phrase “gtleastone of X Y, or 2
unless specifically stated otherwise, is otherwise understood with the context as
used in general {o present that an item, term, etc., may be either X, Y, or Z, or
any combination thereof (e.g., X, Y, and/or Z). Thus, such disjunclive language
is not generally intended 1o, and should not, imply that certain embodiments

require at least one of X, at least one of Y, or at least one of Z to 2ach be

present.

Experimental Data and Resulis

[00487 We now demonstrate a stuck pipe prediction using an embodiment of
our sysiem and method including the two iearning aigorithms: ALRA, and LRA.
Due to the limitation of the given data and unbalanced classes, we evaluale the
models using True Positive Rate (TPR), and False Posilive Rate (FPR) instead
of the accuracy. We define True Positive Rate (TPR) and False Positive rate

(FPR), used {o measure the accuracy of the algorithm, as foliows:
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7

PR = e T Fw
FPR =10
TR =

FF+ TN

- TP {True Positive): is the sum of all TP in the testing data. Any Positive
Data Point (PDP) that has an identified aleri(s) within 1200 records
reading ahead of the exact time of the {abeled PDP is considered as 1 TR.
{the average data reading frequency is 1 record every 3 second: 1200
record reading ahead of PDF is equal to 1 hour)

- FN (False Negative): is the sum of all FN in the tesling data. Any Positive
Data Point (PDP) that has NO identified alert within 1200 records reading
ahead of the exact time of the labeled PDF is considered as 1 FN.

- FP {False Positive): is the sum of all FP in the testing data. For each 1200
records reading that have NO PDP and have any alert is considered as 1
FP.

- TN (True Negative). is the sum of all TN in the testing data. For each
1200 records reading that have NO PDP and have NO alert is considered
as 1 TN,

~  The accuracy calculation is done for the points starting from the first
record reading tll the first Positive Data Point. All data after that are not

inciuded in the caiculation.

(004597 It will be understood by one skilled in the arl, however, that other
definitions for TPR and FFR and the values TP, FN, FF and TN can be used.

For example, more record readings or fewer record readings can be applied, the
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frequency and duration of the readings can be higher or lower, and the accuracy
calculation can be adjusted.

{00507 For the Adaptive Linear Regression Algorithm (ALRA), all wells are
considered as testing data. Hence, no training dala are required for the
algorithm. However, the other algorithm (the LRA algorithm) uses random &
wells for training and the remaining 4 wells for testing. For consistency the first
algorithm randomily selects 4 wells in each run. The sexperiments were run
muitiple times for both algorithms, and average TPR/FPR are calculated. The

data distributions are provided in Table 1.

TABLE 1
5 Es _
well-10 10
wel-11 2 3363
well-11 i 303
well-17 1889%
well-17 3 pies:
well-18 3 32084
wel-18 i 4%
well-Z ] 8%
wall-2 ki 330
well-25 8 AT
wel-F5 3 47
well-31 ] 19783
wel-21 ki i%
well-32 i L0658
well-32 i £8
wel-41 i3 18855
well-43 k] 4%
well-% {1 1Fa8e
well-% 3 pies:
wel-g ] O
well-R g 1)
well-F 1 IT6TS
well-3 3 302
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ALRA Experiment Results:

[0051] For ALRA experiment, 4 welis were selected randomly from the
available 12 wells for testing in each run. The algorithm was run & times. As we
can see from the ALRA-TPR, and ALRA-FPR charts (FIG. 4) the aigorithm was
able to predict on average 75% of the true alerts. Details of the experimental
runs are provided in Table 2. FIG. § depicts charts showing the obtained
regression model of different wells. FiGs. 8A and 8B depict charls showing

some record readings and the alerts of Well-10.

TABLE 2

i 8 Q.533583

2 3 1= 34 53 QEII8TR 872

3 3 5 K 1 4373 QFS

4 2 i8 2R 2 G.H37821 .5
@ %

LRA Experiment Results:

(00527 For LRA experiment, 8 wells were randomly selected from the
available 12 wells for training to cobtain a Linear Regression Model Once
training finishes, the remaining 4 wells are used for testing. The algorithm was
run 5 times. As we can see from the ALRA-TPR, and ALRA-FPR charts (FIG. T)
the algorithm was able to predict on average 90% of the true alerts. Details of
the experimental runs are provided in Table 3. FIG. 8 depicts charts showing the
obtained regression model of different runs. FiGs. 8A and 98 depict charts

showing some record readings and the alerts of Well-2.
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TABLE 3
LES
2 3 a7 18 1| ¢,253563 0.7%
3 4 43 17 £ | 28533 b1
g 3 35 1| D.3487 0.75
3 5 28 T | 9.38
Implementation

[0053] Our system and method was implemented and used for evaluation at
Saudi Aramco Real-Time Drilling Operation Center, RTOC, one of the most
advanced drilling operation monitoring centers worldwide. The center monitors
critical operations and provides technical alerts and recommendations o
engineers in the field {o ensure operation safety and smoothness. During a pilot
test of the proposed model, 25 wells were monitored by our sysiem and method.
it was able to observe and alert for every trouble related to over-pull and tight
holes earlier than any aler! issued by the RTCC engineers. FIGs 10A-10C are
charts showing some samples of the real alerts provided by our system and
method. In FiGs. 18A-10C the “red” curve is the actual hook-load, the dashed
black line is the calculated Hook-load by our system and method.

Conclusion

[0054] Both algorithms have shown high True Positive Rate (75%-90%;),
which is an indication that such algorithms can be used as a real-time drilling
trouble prediclor. The Trained algorithm has shown even betler TPR
performance than the non-trained one. We can see that the False Positive Rate

is high (40%-50%). In implementation, using our sysiem and method we were
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able to provide alerts earlier than currently used methods. Other indicators, for
exampie pump pressure-flow rate, and torque-RPM, can optionailly be included
in the model {o expand its predictive capability.

(00557 It should be emphasized that the above-described embodiments of
the present disclosure are merely possible examples of implementations set
forth for a cdlear understanding of the principles of the disclosure. Many
varigions and modifications may be made to the above-described
embodiment(s) without departing substantially from the spirit and principles of

the disclosure.
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Real-Time Stuck Pipe Trouble Prediction
during Drilling Operation Using Hook
Load Parameter

Majed Alzahrani
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in oil industry, stuck pipe is considered to be one of most problems affects wellbore stability.
Usually, the stuck pipe problem occurs when the pipe goes horizontally deep after a certain
depth. Typically, the cost of fixing stuck pipe problem can reach millions of dollars per single
incident. In addition to the cost, the efficiency of drilling oil is decreasing sharply in case of stuck
pipe due large fixing periods. like any other Gl Company in the world Aramco is suffering from
such a problem. In order to improve their operation safety and efficiency Aramco has
established a state-of-art Drilling Real-Time Operation Center (RTOC) to monitor the drilling
operation in real time to provide on-time recommendation and alerts. Unfortunately, no
automated system is found to be suitable and adopted by them till now to provide first line
operation maonitoring. Thus, we propose to build a real-time system that can alert drilling
engineers ahead of time before stuck pipe happens using machine learning technigues.

Hempking et al of Chevron [1] proposed to use twenty cornmaon drilling variables to determine
whether a particular well has a stuck pipe problem or not.  Their method is based on
discriminant analysis particularly fisher score to separate three groups: Mechanically stuck,
differentially stuck, and nonstuck. The field results of 90 wells showed that the discriminant
analysis method can achieve a correct classification of 87% M.W. Biegler et al [2] proposed 1o
discriminant analysis with physical stuck pipe parameters. However, their model can only be
used in water-based fluid and failed to work in oil-basad fluid.

Siruvuri et al [3] used an artificial neural network {ANN) as supervised learning to cdlassify
correctly the pipe sticking in particular wells. They claimed that ANN could predict a stuck pipe
well: however, thelr model is 2 poor generalization due to insufficlent amount of data set for
experiments. In addition, key features used in the classifier were not present.

Edy Soeiinah [4] used the hook load measurement while free rotating while moving the string
out of the well fir an incremental distance and while moving the drill string into the hole the
same incremental distance. These hook loads are used in determining the effective friction
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factor of the drill string as a function of depth. The hook loads and free rotating torque are
plotted as a function of time in order to produce an indication of hole problems. However, this
method need special rig operation procedure to take measurements as described in his work.

Aramco has provided us with large data sets which are collected from differant welis across
the kingdom. We selected 12 positive wells where they have a stuck pipe related alerts or
recommendations. Feature space has been limited to following:

Features Meaning

HKLD Hook Load

These two features were selected after many experiments, tests, and discussion with drilling
experts at RTOC, and influenced by the available data in the collected data set. Other features
were eliminated due to incompleteness or weakness of relation with research subject.

The considered problem has the desired class labels, which can be represented by either stuck
or non-stuck pipes. Our main objective in this project is to minimize the error between the
desired output and predicted labels using the following learning algorithm.

Lmear regressmn{b} is an approach to modeling the relationship between a scalar dependent
variable y and one or more explanatory variables denoted X, Linear regression can be used to fit
a predictive model to an chserved data set of y and X values. After developing such a model, if
an additional value of X is then given without its accompanying value of v, the fitted model can
be used to make a prediction of the value of y. The used model is of the 5" degree and has the

following formula; where y represent the hook load and X is the Bit Depth:
Vi = Wo +Whx; + szf + W3X W4;\’ + WsX
Vo= XTW

N XY A
‘\\\\\\\\ ALY RS
NN AN

SRAIRY

Thas =ig@rithm starts wsth no previous irammg As the algorithm starts reading the hook load

gy

ATY
R

%
/”;,.

N
< X3

values/readings of the test well, it generates a linear regression model of a normal hook load.
The hook load values used in the model training are the one recorded while moving the drill
string out of the hole, and ignoring any reading that are higher than a high hook load value of
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270 kibs {this value was selected through optimization process to Maximize TPR and Minimize
FPR}. After collecting 5 hook load readings, the algorithm generates the initial linear regression
model. For every new moving out of the hole hook load value, the algorithm calculates the
normal hook load value at the provided Bit Depth, and then compares the obtained hook load
value from the model with the provided hook load. If the provided value is higher, then the
algorithm records the delta and this considered as an alert of trouble. Otherwise, the new value
is used again o retrain the model. This algorithm is suitable if no training data is available for
training, like new drilling area.

RS R RXIRN R 3
The second zlgorithm used to solve the subject problem: is to use some of the available wells
data for training to obtain a linear Regression model, which can be used to test the algorithm on
the remaining data set. The algorithm selects 8 random welis and tries to find the value of W
that minimize the sum square error. Similar to previous algorithm, the hook load values used in
the model training are the one recorded while moving the drill string out of the hole, and
ignoring any reading that are higher than a high hook load value of 170 klbs{this value was
selected through optimization process to Maximize TPR and Minimize FPR}.. This algorithm is
more suitable if abeled historical data is availabie for training, like developed drilling area.
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First, the original data set are transferred from WITSML/XML files to MySQOL database in order to
combine different files. Then, the features space is identified using the most common features.
All records with missing values in the selected common features eliminated from the data set.
By using RTOC report information, the exact date/time of the trouble alerts are located and
labeled as Positive Data Point.
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True Positive Rate {TPR} and False Positive Rate {FPR} are used to measure the accuracy of the

algorithm.
TPR = r
TP+ FN
FPR = ki
T FP+TN

TP {True Positive}): is the sum of all TP in the testing data. Any Positive Data Point (PDP) that has
an identified alert{s} within 1200 records reading ahead of the exact time of the labeled PDP is
considered as 1 TP. {the average data reading frequency is 1 record every 3 second: 1200 record
reading ahead of FDP is egual to 1 hour)

FN {False Negative): is the sum of ail FP in the testing data. Any Positive Data Point (PDP) that
has NO identified alert within 1200 records reading ahead of the exact time of the [abeled PDP is
considered as 1 TN.

FP (False Positive): is the sumn of all FP in the testing data. For each 1200 records reading that
have NO PDP and have any alert is considered as 1 FP.

TN {True Negative): is the sum of all TN in the testing data. For each 1200 records reading that
have NO PDP and have NO alert is considered as 1 TN.

The accuracy calculation is done for the points starting from the first record reading till the first
Positive Data Point. All data after that are not included in the calculation.
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We demonstrate stuck pipe prediction using the two learning algorithms: ALRA, and LRA. Due to
the limitation of the given data and unbalanced classes, we evaluate the models using TPR, and
FPR instead of the accuracy. For the Adaptive Linear Regression algorithm, all wells are
considered as testing data, hence, no training data are required for the algorithm. However, the
other algorithm uses random & wells for training and the remaining 4 wells for testing. For
consistency the first algorithm selects random 4 wells in sach run. The experiments were run
multiple times for both algorithms, and average TPR/FPR are calculated.

Figure 2 shows the distributions of positive and negative examples in each well.

well-10 0 40609
well-10 1 i0
weli-11 0 39694
well-11 1 303
well-17 0 19899
well-17 1 100
well-18 0 33040
well-18 1 245
well-2 0 79589
well-2 1 330
well-25 O 52017
well-25 1 47
well-31 0 19793
well-31 1 i5
well-32 0 54068
well-32 1 483
well-41 0 19955
well-41 1 45
weli-5 o 17989
well-5 1 100
well-8 0 70140
well-8 1 90
well-9 O 39695
well-8 1 302
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ALRA DXPErImEnT Jesuns

For ALRA experiment, 4 wells were selected randomly from the available 12 wells for testing in each run.
The algorithm run 5 times. As we can see from the ALRA-TPR, and ALRA-FPR charts: the algorithm was
able to predict on average 75% of the true alerts.

ALRA-TPR ALRA-FPR

% 3 5 % Fa i B E § Ay

Experiment Runs details:

ALRA
1 4 11 16 3.592593 1
2 3 15 34 0.693878 0.75
3 3 9 7 {.4375 0.75
4 2 18 29 0.617021 0.5
5 3

34

41

0.546667

0.75

Foliowing charts show the obtained regression model of different wells:
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For LRA experiment, 8 wells were selected randomly from the available 12 wells for training to obtain a
Linear Regression Model. Once training finishs, the remaining 4 wells are used for testing. The algorithm
run 5 times. As we can see from the ALRA-TPR, and ALRA-FPR charts: the algorithm was able to predict
on average 90% of the true alerts.

LRA-TPR LRA-FPR

)
=2
N H
R
R3]

NAVG

Experiment Runs details:

LRA all
L 4 5 22 1 0.814815
2 3 47 16 14 0.253868 0.75
3 4 43 17 0 i 0.283333 1
4 3 4: 35 14 0.448718 0.75
5 4 ; 26 010361111
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Both algorithms have shown high True Positive Rate (75%-90%), which is an indication that such
algorithms can be used as a real-time drilling trouble predictor. The Trained algorithm has shown even

better TPR performance than the non-trained one.

We can see that the False Positive Rate is high {40%-50%), however, if other indicators like pump
pressure-flow rate, torgue-RPM,... etc are included in some future research work; it might help improve

the overall performance of the algorithm.
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Therefore, the following is claimed:
1. A method for stuck pipe prediction, comprising:

generating, by at least one computing device, a linear regression
mode! based at least in part on a plurality of hook load readings each
corresponding to a respective one of a plurality of bit depths;

obtaining, by the at least one computing device, a first hook load
reading at another bit depth;

determining, by the at least one computing device, whether the first
hook load reading is greater than a second hook lcad reading oblained from the
linear regression model; and

generating, by the at least one computing device, an indicationcof a
risk of stuck pipe in response to the first hook load reading being greater than
the second hook load reading.

2. The method of claim 1, wherein generating the linear regression
model further comprises oblaining the plurality of hook load readings from a well
from which the first hook load reading is obtained.

3. The method of claim 1 or 2, wherein obtaining the plurality of hook
load readings further comprises filtering those of the hook load readings meeling
a predefined threshold.

4. The method of any of claims 1-3, wherein the linear regression
model is generated in response o obtaining a number of hook load readings
meeting a predefinad threshold.

5. The method of any of claims 1-4, wherein generating the linear

regression model further comprises obtaining the plurality of hook load readings
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from a plurality of wells distinct from a well from which the first hook load reading
is obtained.

6. The method of any of claims 3-5, wherein the predefined threshold
is preferably 170 klbs.

7. The method of any of claims 1-8, wherein the lingar regression
model is generated to minimize a sum sguared error.

8. The method of any of claims 1-7, further comprising regenerating,
by the computing device, the linear regression mods! based at least in part on
the first hook load reading.

9. A system for stuck pipe prediction, comprising:

at least one device for receiving a plurality of hook load readings each
corresponding to a respective one of a plurality of bit depths;

at least one compuler processing device, and

an application executable in the at least one computer processing device,
the application comprising logic that

generates, by the at least one computer processing device, a linear
regression model based at least in part on a plurality of hook foad
readings each corresponding to a respective one of a plurality of bit
depths;

ohtains, by the at least one computer processing device, a first
hook load reading at another bit depth;

determines, by the al least one computing processing device,
whether the first hook load reading is greater than a second hook lnad

reading obtained from the linear regression model; and
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generates, by the at least one computer processing device, an
indication of a risk of stuck pipe in response {o the first hook icad reading
being greater than the second hook load reading.

10, The system of claim 9, wherein generating the linear regression
model further comprises obtaining the plurality of hook load readings from a well
from which the first hook load reading is obtained.

11, The system of claim 8 or 10, wherein obtaining the plurality of hook
load readings further comprises filtering those of the hook load readings meeling
a predefined threshold.

12.  The system of any of claims 9-11, wherein the linear regression
mode! is generaled in response o oblaining a number of hook load readings
meeting a pradefined threshold.

13.  The system of any of claims 10-12, wherein generating the linear
regression modsl further comprises obtaining the plurality of hook load readings
from a plurality of wells distinct from a well from which the first hook load reading
is obtained.

14.  The system of any of claims 10-13, wherein the linear regression
model is generated to minimize a sum squared error.

18 The system of any of claims 10-14, further comprising
regenserating, by the computing device, the linear regression model based at

least in part on the first hook load reading.
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16. A non-statutory computer readable medium employing a program

exacutable in at least one computing device, comprising code that:

generates, by at least one computing device, a linear regression
model based at least in part on a plurality of hook load readings each
corresponding to a respective one of a plurality of bit depths;

obtains, by the at least one compuling device, g first hook load
reading at another bit depth;

determines, by the at least one computer processing device,
whether the first hook load reading is greater than a second hook load reading
obtained from the linear regression model, and

generates, by the at least one computing device, an indication of a
risk of stuck pipe in response to the first hook load reading being greater than
the second hook load reading.

17.  The non-statutory computer readable medium of claim 18, wherein
generating the linear regression mods! further comprises obiaining the plurality
of hook load readings from a well from which the first hook load reading is
obtained.

18.  The non-statutory computer readable medium of claim 16 or 17,
wherein oblaining the plurality of hook load readings further comprises filtering
those of the hook ioad readings meeting a predefined threshoid.

18.  The non-statutory computer readable medium of any of claims 16-
18, wherein the linear regression model is generated inresponse o oblaining a

number of hook load readings meeting a predefined threshold.
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20.  The non-statutory computer readable medium of any of claims 16-
19, wherein generating the linear regression model further comprises obtaining
the plurality of hook load readings from a plurality of wells distinct from a well

from which the first hook load reading is obiained.

SUBSTITUTE SHEET (RULE 26)



WO 2016/034945

1/14

Aggregate hook load readings

Generate linear regression
model

A 4

Calculate current hook load

value for bit depth

Current hook load
greater than regression
model hook load?

111

Update linear regression maodel

FIG. 1

v Y 101

104
/O

107

PCT/IB2015/001945

_— 114

Generate alert

117

SUBSTITUTE SHEET (RULE 26)

End




WO 2016/034945

PCT/IB2015/001945
2/14
v e 201
Selact training wells for modsl
204
il
Minimize sum sguare error 1o
generate linsar regression
model
207
.| Calculate current hook load
d value for bit depth
211
214
Current hook load Y

grealer than regression
mode! hook ioad?

GGenerale alert

/217

Update linear regression model

FIG. 2

SUBSTITUTE SHEET (RULE 26)




WO 2016/034945 PCT/IB2015/001945
3/14

Computing Device(s) 301

Memory({ies) 304

Processor(s)

30z Prediction Application 311

FIG. 3

SUBSTITUTE SHEET (RULE 26)



WO 2016/034945 PCT/TB2015/001945
4/14

b
S ow &
W W

\\\\\\\\\\\\\\\\\\\\\\\\q
 —
\\ """" \ """" \\

RA-FPR

AL

FIG. 4

ALRA-TPR

SUBSTITUTE SHEET (RULE 26)



PCT/IB2015/001945

WO 2016/034945

5/14

IR RS

G Old

syeq Bumwaly

ey el OB s

1

4

SUBSTITUTE SHEET (RULE 26)



WO 2016/034945 PCT/IB2015/001945
6/14

\m\

e

s

B,

¥
z
i

wr

R

el 2 BN B

e I

-3
R
NN

SRR

AR

b,

\\\\\\\\\\\\\\\\\Q
R

Joteeisa

.\m\m\:-\\\iiii*\i*‘% :

3
NS

ey it

Pt

FIG. BA

.
::::::::a\\ \\\\

RN ;

¥
H
1S

SIS IISTI )

. \::..“\\ ,

-&\\\\\\\E\\\\\\\\ :

SSPECOOTRRR TR

RN

SRR
\\m

SRR
RN
“:\\\‘:\‘:\\\\\\\\\\\\

PR

fr

ToE

BHRAL HRED

SUBSTITUTE SHEET (RULE 26)



WO 2016/034945

SRRRRRINRY

AR

57

;

PRDEBYS

7

s

Pl

Fedirs:

RN
B¥hanoatees

EONTOREREERRRON

e SNRARANNNNAY

RN

SN
e

w
¥

3
Q:““\M*‘

T

#

S
R e P

RN

TR ITRARARARRARN -

SRR

NN RARRRRRRR RN

porsaaay

ANANANANNANANAANANAN

ROEe ettt

> SEERTRNNIAN
R
TR

TR
AN

Z

<
¥
SRR

T rTrTrTOTEytS:ts

SRR

SUBSTITUTE SHEET (RULE 26)

PCT/IB2015/001945

FIG. 6B



WO 2016/034945 PCT/IB2015/001945
8/14

>
o N ™ o iy
-y

LRA-FPR

FiG. 7

SUBSTITUTE SHEET (RULE 26)



PCT/IB2015/001945

WO 2016/034945

9/14

BT GO TZER Y s

e} Buealy

8

Ol

SUBSTITUTE SHEET (RULE 26)



WO 2016/034945 PCT/IB2015/001945
10/14

Jobl

Y : S saserss s

SRR

S 33 3 3 X S e

AN NN

AR

A

------ At T

o : 3 2 ARRRRRRRANAANY

FIG. A

IR P W VR )

4
&
3}
7
A3
-
33

$ 5752

%A

LD
PEFTH
hahL bl

X
5

PRLIE o
P

0

THEE MERT

ST

SUBSTITUTE SHEET (RULE 26)



WO 2016/034945 PCT/IB2015/001945
11/14

\“L“‘;

T

S ERCTECEETereeeerereeioy

AR AR

s

‘1;,:5.;

2

IR

B

N
R
“““““““““Q\‘: _

s

SRR

RN AR

FIG. 8B

AN

NN AN

NN

RN

ileenieniay

WF*L&&,

L3

SUBSTITUTE SHEET (RULE 26)



WO 2016/034945 PCT/IB2015/001945
12/14

Rats Tne (4

S
S
\\\\\\\\\
S

Red Curve

FIG. 10A

SUBSTITUTE SHEET (RULE 26)



WO 2016/034945 PCT/IB2015/001945
13/14

Sates i Vimg

N
Nadia: \\\'\:S:‘:'\u

_Red Curve

_t—Dashed Black Line

TR R LR ERL PR LR Rr it

FIG. 10B

SUBSTITUTE SHEET (RULE 26)



WO 2016/034945 PCT/IB2015/001945
14/14

s

eited Curve

Dashed Black Line

FIG. 10C

SUBSTITUTE SHEET (RULE 26)



	Page 1 - front-page
	Page 2 - description
	Page 3 - description
	Page 4 - description
	Page 5 - description
	Page 6 - description
	Page 7 - description
	Page 8 - description
	Page 9 - description
	Page 10 - description
	Page 11 - description
	Page 12 - description
	Page 13 - description
	Page 14 - description
	Page 15 - description
	Page 16 - description
	Page 17 - description
	Page 18 - description
	Page 19 - description
	Page 20 - description
	Page 21 - description
	Page 22 - description
	Page 23 - description
	Page 24 - description
	Page 25 - description
	Page 26 - description
	Page 27 - description
	Page 28 - description
	Page 29 - description
	Page 30 - description
	Page 31 - description
	Page 32 - description
	Page 33 - description
	Page 34 - description
	Page 35 - claims
	Page 36 - claims
	Page 37 - claims
	Page 38 - claims
	Page 39 - claims
	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 - drawings
	Page 49 - drawings
	Page 50 - drawings
	Page 51 - drawings
	Page 52 - drawings
	Page 53 - drawings

