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Abstract

One of the most troublesome issues in the drilling industry is stuck drill pipes. Drilling activities will be costly and time-
consuming due to stuck pipe issues. As a result, predicting a stuck pipe can be more useful. This study aims to use an artificial
intelligence technology called hybrid particle swarm optimization neural network (PSO-based ANN) to predict the probability
of a stuck pipe in a Middle East oil field. In this field, a total of 85 wells were investigated. Therefore, to predict this problem,
we must examine and determine the role of drilling parameters by creating an appropriate model. In this case, an artificial
neural network is used to solve and model the problem. In this way, by processing the parameters of wells with and without
being stuck in this field, the stuck or non-stuck of drilling pipes in future wells is predicted. To create a PSO-based ANN
model database, mud characteristics, geometry, hydraulic, and drilling parameters were gathered from well daily drilling
reports. In addition, two databases for directional and vertical wells were established. There are two types of datasets used
for each database: stuck and non-stuck. It was discovered that the PSO-based ANN model could predict the incidence of a
stuck pipe with an accuracy of over 80% for both directional and vertical wells. This study divided data from several cases
into four sections: 17 ¥2", 12 %", 8 14", and 6 1/8". The key reasons for sticking and the mechanics have been thoroughly
investigated for each section. The methodology presented in this paper enables the Middle East drilling industry to estimate
the risk of stuck pipe occurrence during the well planning procedure.
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RIH Run in hole

POH Pull out of hole
W&R Wipe and ream
CSG Casing

CONN  Connection
O.PULL OVERPULL

BPH Barrel per hours
LCM Lost circulation material
COND  Condition

BTM Bottom

BBL Barrel

WT Weight

DCS Drill collars
PLAX Pipe Lax

CIRC Circulation

DRLG Drilling

O/P Over pull

F.PIPE  Free pipe

G.OIL Gas oil

W/ With

GPM Gallon per minute
GEL Gelatin

AZ Azimuth

AN Angle

OH Open hole

MD Measured depth
TVD True vertical depth
MW Mud weight

PV Plastic viscosity
YP Yield point

TQ Torque

CpP Circulating pressure
S Stuck

NS Non-stuck

NPT Non-productive time
Introduction

The most costly unplanned drilling occurrence for an opera-
tor is sticking a Drilling BHA, which results in the loss of
equipment, hole footage, and maybe endangers well objec-
tives. Stuck pipe events have the highest number of non-
productive times (NPT) in the drilling industry, ahead of
well control incidents, waiting on the weather (WOW)), lost
circulation, equipment failures, and rig issues (Dushaishi
et al. 2020; Amadi 2015). The annual cost to the industry is
estimated to be in the billions of dollars (Hunter and Olle-
renshaw, 2014). Today, one of the ways to predict drilling
pipe stuck is to use artificial neural networks (Ahmadi and
Chen, 2020). The particle swarm optimization (PSO) tech-
nique trains the multilayered feed-forward neural networks
to discriminate the different operating conditions (Ahmadi
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2012; Ahmadi et al. 2015). In 2007, Miri et al. conducted
two models to predict differential sticking. They built the
database model by creating 109 datasets representing 61 dif-
ferentially stuck pipe incidents and 48 non-stuck pipe events.
The following drilling parameters are included in the data-
base model's input parameters: differential pressure, hole
depth, and mud characteristics (API fluid loss, solid percent,
mud filtrate viscosity, plastic viscosity, yield point, initial
gel strength, and 10 min gel strength). Researchers utilized
a back-propagation method, multilayer perceptron (MLP),
and radial basis functions (RBF) for feed-forward networks.
The research found that these networks are validated after
3401 epochs for the MLP network and 4264 epochs for the
RBF network, and they can estimate the error of around
1%. They also discovered that the RBF model's test findings
are more accurate than the MLP model's. Shadizadeh et al.
used an artificial neural network to predict the probability of
a stuck pipe in 2010. They tested their model on databases
with a total of 275 cases in them. Datasets for the model
were acquired from daily drilling reports (DDRs) in one of
Iran's oil fields by Shadizadeh et al. There were 115 stuck
cases and 160 non-stuck cases in the database. Non-stuck
data were gathered when the wells were entirely safe and had
not become stuck in the same broad operating zones. The
created model produced a reasonable outcome, with over
90% accuracy. Incidents with stuck pipes occur all around
the world. However, due to the nature and structure of drilled
formations, certain areas are more damaged than others. Al
Dushaishi et al. 2021 established a model that consists of
easily adaptable logical requirements that forecast stuck
pipe events and provide a suitable treatment to unstick the
pipe. Using simple and limited input inputs, their created
approach could predict stuck pipe incidents with a 90% accu-
racy. Their prediction accuracy for removing the clogged
pipe was 84 percent for the stuck pipe remedy model. The
proposed models for stuck pipe events and remedy forecasts
provide logical criteria based on simple quantities that may
be used quickly in that oil field. A stuck pipe occurrence
in one of the Middle East oil fields is investigated in this
research. Most of the drilled wells in this field, according
to DDRs, have had at least one stuck difficulty during their
drilling operation. This issue has shown itself in every aspect
of the well profile. In this industry, the cause of stuck pipes
is significantly different. Tight hole problems, differential
sticking, hole cleaning, and geometry problems are the most
common stuck in this discipline. According to DDRs in the
desired oil field, the processes used to liberate pipes in some
cases are exceedingly time-consuming and costly. In this
field, optimizing drilling parameters, mud characteristics,
and geometry factors to reduce the danger of sticking can
save time and money. A total of 85 wells in this field are
investigated in this study. The wellbore is divided into four
portions: hole Sections. 17 ¥2", 12 %", 8 5", and 6 1/8".
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The causes of becoming stuck are investigated in each area.
This field also investigates the number of stuck cases for
each Formation, the types of sticking, the procedures used
to free the pipes, and the major reasons for getting stuck.
After that, input parameters are chosen to build a model for
predicting the chance of a stuck pipe in the desired field.
Selected variables are normalized, and two databases for
vertical and directional wells are created. Finally, in the ver-
tical and directed wells database, an artificial Intelligence
method integrating neural networks and particle swarm opti-
mization (PSO) is used to predict stuck pipe probability.
Artificial neural networks and swarm particle optimization
are two machine learning approaches used in this study since
they are both powerful prediction techniques. The classifi-
cation of problems into stuck and non-stuck cases is done
using a PSO-based ANN model. The output variable is stuck
pipe probability, while the input variables are drilling, mud,
geometry, and hydraulic parameters.

Literature review

One of the major early stuck pipe prediction techniques is
multivariate statistical analysis. Historically this technique
was developed in the 1930s. Using MSA to predict stuck
pipe occurrences was initially brought by Hempkins et al.
through research done in 1985. Hempkins et al. claimed that
before 1985 there had not been any statistical analysis that
could bring some study to stuck pipe avoidance. Their study
was applied to wells in the Gulf of Mexico. One major drive
that forced scholars in the oil industry to explore several
proactive approaches to predict stuck pipe is the high rate of
sticking problems in the early 1980s, especially in the Gulf
of Mexico and North Sea (Hempkins et al.). The authors
stated that, between 1981 and 1984, almost 131 stuck pipe
incidents were reported in the Gulf of Mexico. The research
of Hempkins et al. included 131 stuck pipe cases and 20
drilling variables. They utilized discriminant analysis to
develop discriminant functions, equations derived from cor-
relations based on relationships between dependent and
independent drilling parameters that would lead to the stuck
pipe. These functions are set to classify the input data
according to values of their parameters into three groups:
mechanical stuck, differential stuck, and non-stuck pipe. The
authors found that discriminant analysis brought an 81-87%
success rate. In other words, the model can correctly classify
the data into their predetermined groups by 81-87%. In
1994, Biegler and Kuhn constructed a model that could pre-
dict stuck pipe using the same technique of MSA. Their
model included physical parameters of stuck pipe and large
drilling datasets. Biegler and Kuhn claimed that their model
could predict or detect stuck pipes and identify the driving
mechanism of pipe sticking. Thus, the current model can

optimize the drilling parameters and lead to stuck avoidance.
However, their model was limited to water-based mud, and
commercial software was used to analyze the data. There
were eight independent, meaningful physical variables
selected for each well. The model can optimize these vari-
ables during well planning to minimize the risk of stuck
pipes. Siruvuri et al., in 2006, were the first researchers who
used artificial neural networks to predict stuck pipes. They
claimed that neural network modeling could provide better
and more accurate solutions for the problems associated with
differential sticking events. The researchers constructed a
database model that contained 200 datasets, where 120 were
reported as differentially stuck pipe and 50 as non-stuck
pipe. Also, 35 datasets were used for cross-validation. The
remaining dataset rows were used for testing purposes. They
separated your database to conduct studies for the water-
based and oil-based sticking phenomenon. The datasets
belonged to different fields which are located in the Gulf of
Mexico. The authors constructed a simple three-layer gen-
eralized feed-forward neural network model. The number of
neurons in the first layer (input layer) is dictated by the prob-
lem considered and consist of ten processing element. The
number of neurons in the second layer (hidden layer) is auto-
matically adjusted according to the strength of the data.
Finally, the output layer includes two processing elements:
differential stuck or no-stuck. To assess the model prediction
performance, the authors calculated and examined two quan-
titative measures for predicted accuracy calculated and
examined: MSE and final MSE. Finally, they observed that
the proposed model could approximate the error with +5%.
Additionally, Sirivuri et al. found that the accuracy of the
predictive model depends on the size of the database and the
variables selected for the analysis. Miri et al. (2007), con-
ducted research that utilized two models to predict differen-
tial sticking. They collected data from 32 wells drilled in the
Persian Gulf from different fields (Soroush, Norouz, Abou-
zar, Forouzan, Salman, Dena, Doroud) during 1998-2006
that experienced differential pipe sticking, and 31 wells that
did not experience differential pipe sticking to construct the
database for the neural network to predict the risk of dif-
ferential pipe sticking. Most of the wells were side-tracked
and horizontal, and stuck pipe events have occurred in res-
ervoir layers of wells in which oil-based or synthetic drilling
fluids were being used to drill. Scholars assumed that oil and
synthetic fluids would perform the same. Therefore, the neu-
ral network database model will be prepared to study oil-
based and synthetic drilling fluids together. They constructed
a database model by formulating 109 datasets representing
61 differentially stuck pipe incidents and 48 non-stuck pipe
incidents. Each of these datasets has been classified either
as stuck or not-stuck. The input parameters of the database
model include the following drilling parameters: differential
pressure, hole depth, and mud properties (API fluid loss,
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solid percent, mud filtrate viscosity, plastic viscosity, yield
point, initial gel strength, and 10 min gel strength). They
claimed that independence in the variable selection makes
it possible to predict the occurrence conditions for the dif-
ferentially stuck pipe. The output values range from zero to
one, corresponding zero to non-stuck cases, and 1 to stuck
issues. Values between zero and one roughly represent levels
of risk. They divided your database into training, validation,
and test data that assigned 85, 5, and 15 percent to the theme,
respectively. Researchers used a back-propagation algorithm,
feed-forward networks, multilayer perceptron (MLP), and
radial basis functions (RBF). Both models, MLP and RBF,
consisted of four layers. In their study, Miri et al. adjusted
the number of neurons in each layer like before research
(Sirivuri et al.). They applied two transfer functions Tan-
hAxon and Linear Sigmoid Axon, to transform hidden and
output layers. Results of the study showed that after 3401
epochs for MLP network and 4264 epochs for the RBF net-
work, these networks are validated, and they can approxi-
mate the error of around 1%. Also, they found that test
results for the RBF model are more accurate than the MLP
model. In 2009, Adriana et al. research presented a study of
applying fuzzy logic concepts to the problem of differen-
tially stuck pipes. They claimed that these methods could
estimate the risk of stuck pipe occurrence in the well-plan-
ning procedure and during drilling in real time. Researchers
made a database for their model that included three major
data groups: mechanical, differential, and non-stuck. These
groups form the basis of the entire Adriana et al. project
analysis. They classified wells into 59 differentials, 68
mechanical stuck pipes, and 58 non-stuck as control input in
the entire analysis. Also, Adriana et al. utilized discriminant
analysis to generate a predictive model of group membership
based on similar characteristics of each group. To reduce
independent variables for the fuzzy input, they defined
dimensionless groups. Consequently, they reduced input
parameters from 18 variables into five dimensionless forms
by combining initial parameters. They used a fuzzy model
and neural network to predict stuck pipe occurrences and
provide the optimal values of the variables necessary to
move a well from the stuck region into the non-stuck area.
In Adriana et al. models, the redefined variables were used
as independent variables, and F1, F2 discriminant functions
from the discriminant analysis were used as the control
input. The data are divided by using 75% of the data for
training and 25% data for checking. According to the outputs
of their models, they found that the neural network had less
misclassification than the fuzzy logic. In 2010, Shadizadeh
et al. applied the artificial neural network to predict stuck
pipe probability. They used their model on databases that
involved a total number of 275 cases. Shadizadeh et al. col-
lected datasets of the model from the daily drilling reports
(DDRs) in one of the Iranian oil fields. The database
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contained 115 stuck and 160 non-stuck cases. Non-stuck
data were collected from days that the wells were completely
safe and had not become stuck in the same general areas of
operation. Researchers selected input parameters between
many parameters based on two criteria:

(1) There must be a spread of parameter values in the data-
bases. This allows the neural network to approximate
the function more easily.

(2) The variable must not be dependent on other input
variables only. A parameter may depend on other input
variables but must also be dependent on a parameter
that is not an input variable.

According to the above criteria, some parameters were
removed from the analysis. These parameters are WOB, CA,
MW, true vertical depth (TVD), solid percent, flow rate,
API fluid loss, loss at formation, and Pf. This study defined
a new dimensionless parameter as geometric factor (GF) to
reduce the remaining parameters. This parameter is related
to geometry parameters and included several parameters. In
this work, the available data have been normalized into the
range of 0-1, according to the drilling fluid condition in the
different hole sections. They classified the study data into
two groups: dynamic and static types. The drilling fluid is
in circulation in dynamic conditions, while it is not circulat-
ing during static conditions. Finally, differential pressure,
pH, GF, RPM, ROP, and PV were considered for dynamic
conditions. The final selected network has a three-layer feed-
forward and back-propagation with a sigmoid-type activa-
tion function in the hidden and output layers. The number of
neurons in the input, hidden, and output layers is 6, 3, and 1.
The final parameters are differential pressure, GF, pH, YP,
PV, and GL. The final network is a three-layer feed-forward
back-propagation network with correspondingly six, four,
and one neuron in its input, hidden, and output layers. Acti-
vation functions are “tansig” and “logsig” in the hidden and
output layers. The result of constructed model was reason-
able with over 90% of accuracy. Al-Baiyat et al., in 2012,
conducted research that included two models of machine
learning to predict stuck pipe incidents. In addition to the
neural network technique, Al-Baiyat et al. used another
artificial intelligence method supporting vector machines
(SVMs). The authors constructed a database that denoted
as Group-X.

Datasets of Group-X were retrieved from the technical
paper SPE 120128 by Murillo et al. 2009. The total num-
ber of selected datasets for learning in Group-X was 48 and
18 for testing. The datasets from Group-X were sorted into
testing or learning randomly but evenly distributed among
the class labels. For Group-X datasets, each set had a target
that is denoted by a stuck index as DS: differential stuck,
MS: mechanical stuck, or NS: non-stuck. The constructed
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ANN model for this research was based on the multilayer
perceptrons. Researchers built an ANN model for Group-X
that was contained 18 neurons for the input layer since the
number of parameters provided for that group is 18. Also,
based on the optimization process, it has been found that
the number of neurons in the hidden layer in the Group-X
model was the number of inputs plus one, which was 19
in this case. Since the model will produce one class label
for each dataset (either stuck or non-stuck), the output layer
was designed to have a single neuron. The two most com-
mon activation functions in artificial neural networks were
implemented; Sigmoid and Tanh. According to the sequence
of activation functions, four scenarios in the ANN models
were constructed for their project. They claimed that ANNs
and SVMs are powerful tools for predicting stuck pipe inci-
dents which are otherwise very complicated because of the
number of variables. Also, the researchers have shown that
machine learning techniques can predict the stuck pipe with
reasonable accuracy, which is more than 83% based on the
data that have been utilized. Al-Baiyat research showed
that SVMs are more accurate in stuck pipe prediction than
ANNS’s based on the data used. Another work in 2013 done
by Chamkalani et al. demonstrated the usage of the support
vector machine model to predict stuck pipe. A new model is
developed using different wells' drilling parameters such as
measured depth, mud weight, plastic viscosity, yield point,
gel strengths, PH, and solid percent. The method incor-
porates hybrid least square support vector regression and
coupled simulated annealing (CSA) optimization technique
(LSSVM-CSA) for efficient tuning of SVR hyperparam-
eters. The algorithm is applied to classify the stuck types,
i.e., differential stuck or mechanical stuck. The data used
for this study were collected from a Middle East oil field
(Shoraka et al. 2011). Two hundred and nineteen sets of
data were gathered in which non-stock had a portion of 109
data, mechanical acquired 51 datasets, and the remaining 59
data were allotted to differential sticking. The authors found
that the model created in the study came up with a higher
95% success rate to classify the data into three groups of
stuck pipes.

Geological settings
Field description

The Dezful Embayment, which encompasses 45 oil fields
and is frequently associated with gas caps, is one of the Mid-
dle East's most prolific locations. Aghajari, Ahwaz, Bibi
Hakimeh, Gachsaran, Mansuri, Marun, and Rag-e Safid are
all classified as supergiants since they contain 10 to 50 bil-
lion barrels of oil in place. Figure 1 depicts these oil fields.
The desired oil field is the subject of this case study. In 1956,
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Fig. 1 Oil fields in Dezful Embayment, Middle East

the chosen oil field, one of the Middle East's most major
supergiant oil fields, was discovered. This oil field is located
in the southwest of Iran, in the center section of the north
Dezful region. It features an anticline structure 72 km long
and 6 km wide with an NW-SE trending symmetrical anti-
clinal. With 1,000,000 barrels per day, the Asmari Forma-
tion and Bangestan Group are its primary reservoirs.

Well schematic and geological formations in desired
oil field

e The well design is chosen based on subsurface data such

as formation pressures, strengths, constitution, cost goals,
and drilling approach preferences. Figure 2 depicts a typ-
ical schematic of a well profile in the desired oil field.
Figure 2 also shows that the well design consists of four
hole sections: 17 12", 12 14", 8 15", and 6 1/8".

A.J., MN, and GS7 formations are common in the 17
15" hole sector. To isolate the 17 ¥2" hole, a 13 5/8" cas-
ing shoe is put into the GS6 Formation. In the Dezful
Embayment, the AJ Formation has the thickest layer.
Silty marls, carbonated sandstones, and siltstones form
up the upper part of AJ. This formation constitutes
laminate red marls or gypsum veins, mud fissures, and
grained siltstones. This formation is often drilled with
62—70 PCF water base mud. Gray marl with limestone
blades includes the MN formation. With AJ, the upper
contact surface is gradual, while the lower contact sur-
face is very sharp and clear with GS. The GS7 formation
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Fig.2 Typical schematic of well profile in desired oil field, Middle East

comprises anhydrite, gray marl, and limestone at the top
of the Gachsaran Formation. It has a thickness of nearly
92 m in the desired oil field. GS7 is usually under low
pressure.

From GS6 to CR, a 12 %" hole is drilled. This range
contains the formations GS6, GS5, GS4, GS3, GS2, and
CR. Isolate this hole with 9 5/8" casing before drilling
an 8 12" hole. Casing shoe is put in CR formation at 9
5/8". The Gachsaran formation consists of evaporating
anhydrite and salt with a small porosity and is deform-
able when compressed. There are seven members in the
evaporating Gachsaran Formation. The Asmari Reservoir
Formation's lowest member, member 1, is the caprock.
Members 2 to 5 are particularly harmful due to the enor-
mous pressures generated by the saline water it contains.
Members 6 and 7 are usually under a lot of stress. As
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previously stated, the 13 5/8” casing shoe is put in the
first layer of anhydrite at GS6.

CR, AS, PD, GU, and IL formations are usually observed
in the 8 2" hole section. A 7" liner guards this area. A 7"
shoe indicates the top of the SV formation. Limestones,
dolomitic limestones, and argillaceous limestones consti-
tute the Asmari formation (one of the most well-known
carbonate reservoirs in the world). The Asmari Forma-
tion, which ranges in thickness from 250 to 500 m and
is rich in large Foraminifera, is a high-energy limestone
with outstanding reservoir properties throughout the
Dezful Embayment. A significant fracture system often
improves reservoir quality near the tops of high-relief
anticlines. The Asmari becomes sandy (Ahwaz Sand-
stone Member) at its base in the SW Dezful Embay-
ment, increasing its porosity. The Gachsaran Formation
is evaporated by the thick caps of the Asmari, forming
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a strong barrier. Asmari and Bangestan reservoirs in the
Dezful Embayment oil fields are separated by the Pabdeh
and Gurpi formations.

e On the other hand, these formations act as barriers for the
Dezful Embayment's Bangestan reservoirs. These rocks
can approximate marl or shale at times. Pabdeh formation
consists of shale and clay-limestone. The Ilam Forma-
tion forms the upper part of the Bangestan reservoir. On
the Ilam horizon, the Ahwaz Bangestan reservoir has a
length of 75 km and a width of 8 km. The Ilam Forma-
tion is made up of gray microcrystalline limestone that
is thin to medium in thickness and is well-bedded. This
layer is overlain by the Sarvak Formation and underlain
by the Gurpi Formation.

e SV formation is drilled with a 6 1/8" section. A 5" liner
is used to seal this hole, and a 5" liner shoe is placed at
the bottom of the SV formation. The thick Sarvak lime-
stone (300—-1000 m thick) and the thinner Ilam Formation
constitute the Bangestan reservoir (50-200 m thick). The
thick Gurpi/Pabdeh marls covered these two reservoirs,
creating a single reservoir in most Dezful Embayment.
In southern Iran, the Sarvak Formation is one of the rock
layers of the Bangestan group. This Formation's carbon-
ate rocks are from the study field's reservoir rock.

Methodology
Selecting and assembling data

Preparing a database for machine learning models is a cru-
cial step. Because noisy inputs result in poor model per-
formance, the datasets must be accurate. A huge database
also has a significant impact on the learning process. The
model can be trained more effectively if the dataset is large
enough. A total of 85 wells in this field were investigated
in this investigation. Table 1 shows that 42 of the wells are
vertical, whereas 43 are directional. In addition, 60 of the
total wells were stuck at least once, while the other wells
were drilled without issue. To create the model database,
230 sets were taken from daily drilling reports (DDRs) of the
above wells, with 130 sets related to directional wells and
100 sets of data linked to vertical wells. There are 80 data-
sets of stuck instances and 50 datasets of non-stuck cases in

Table 1 Number of wells

Tittle Vertical wells Directional Total wells
wells

Experienced stuck pipe 30 33 63

Observation wells 12 10 22

Total wells 42 43 85

the directional wells database. In addition, the vertical wells
database has 50 datasets for stuck points and 50 datasets for
non-stuck points, respectively. Non-stuck datasets were cho-
sen from wells that did not report the problem of being stuck
in their DDRs (22 wells that were drilled without issue).
The control of model calculations will be based on these
datasets. Table 2 shows the number of datasets for stuck and
non-stuck wells according to well type. These datasets will
be used in the modeling portion to create a PSO-based ANN
model to predict stuck pipe probability in this field. These
datasets will be used as input parameters for the learning
process in this model. But first, according to DDR's exper-
tise in this subject, the causes of this phenomenon are stud-
ied. As previously stated, the stuck problems have occurred
in all portions of wells with hole sizes of 17 ¥2", 12 14", 8
14", and 6 1/8". Figure 3a depicts the percentage of each hole
size from the stuck incidence. Because each section has a
unique geological condition, studying stuck pipe reasons is
based on hole size. Drilling parameters, mud characteristics,
and other drilling circumstances are also likely to differ from
one hole section to the next. As a result, the size of the hole
can be used to study stuck situations. It should be noted that
the stuck pipe occurrence is a complex issue with numerous
variables at play. However, this issue has been researched
for each hole size, and the primary cause of sticking has
been determined.

Input parameters

Drilling parameters, mud characteristics, geometry param-
eters, and hydraulic parameters were collected from DDR.
The optimal input variables were chosen based on the causes
of stuck pipes in this field. Additionally, to optimize the
model's performance, the database was divided into two sep-
arate databases: vertical and directional wells. All of these
characteristics have been chosen so that they are mostly self-
contained. Tables 3 and 4 illustrate these characteristics for
vertical and directional cases, respectively.

e Mud Weight MW)
As aforementioned, mud weight plays a critical func-
tion in all portions of the well. Additionally, differential
sticking and tight hole problems, which are the most

Table 2 Number of datasets

Tittle Vertical wells Direc-
tional
wells

Stuck datasets 50 80

Non-stuck datasets (observa- 50 50

tion data)