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1. Introduction

The advent of Artificial Intelligence (Al) and Deep Learning has revolutionized numerous
industries, with the oil and gas sector being no exception. These advanced technologies have the
potential to significantly enhance the efficiency, safety, and cost-effectiveness of drilling
operations. This report presents the first phase of the project, where Al and Deep Learning are
used to build the well control system for a well simulation in the OpenLab Drilling Simulator.

Directional drilling, a technique used to reach inaccessible reservoir targets has been a game-
changer in the industry. It has reduced the negative impact of drilling on the environmental,
increased reservoir exposure, and restored access to previously inaccessible resources.
Nevertheless, directional drilling has drawbacks of its own, especially in well control, despite its
benefits.

Well control is a critical aspect of drilling operations, ensuring the safe and efficient extraction of
hydrocarbons. It involves managing the pressure within the well to prevent the uncontrolled release
of formation fluids, a scenario that could lead to a blowout. The complexity of directional wells,
with their intentional deviation from the vertical, introduces additional challenges in maintaining
well control.

In this project, an Al-powered well control system | developed to address this challenge. This
system is designed to work with the OpenLab Drilling Simulator, an advanced and efficient tool
that provides a realistic environment for testing and optimizing drilling strategies. This report will
detail the development of the well control system, from the initial design and deep learning model
selection to implementation in the OpenLab Drilling Simulator.

As we continue to refine and expand our system, we remain committed to the goal of enhancing
the safety and efficiency of directional drilling operations. We believe that our work represents a
significant step forward in the application of Al and Deep Learning in the oil and gas industry, and
we look forward to sharing our progress in the subsequent phases of this project.



2. Well Control

Well control is the technique used in drilling, well completion, and well workover operations to
regulate the formation and hydrostatic pressures in order to prevent formation fluids from entering
the wellbore. This technique involves the calculation of formation fluid pressures, the assessment
of the robustness of the subsurface formations, and the application of casing and mud density to
counterbalance these pressures in a foreseeable manner.

2.1.

Types of Well Control

Well control can be categorised into two main types: Primary Well Control and Secondary Well
Control.

1.

Primary Well Control: This is the first line of defense in well control. It involves the use of
drilling mud (or drilling fluid) to exert sufficient pressure to prevent the influx of formation
fluids into the wellbore. The hydrostatic pressure of the drilling mud should be carefully
managed to balance the formation pressure. If the hydrostatic pressure is too low, it may
lead to a kick (an unintended influx of formation fluids into the wellbore). Conversely, if
the hydrostatic pressure is too high, it may cause formation damage.

Secondary Well Control: This type of well control is implemented when primary well
control has been lost, leading to a kick. Secondary well control involves the use of
specialised equipment and procedures to regain control of the well. This typically involves
closing the blowout preventers (BOPs), circulating out the influx with a kill mud (a drilling
fluid that 1s denser than the one originally used), and re-establishing primary well control.

In addition to these, there is also Tertiary Well Control, which involves more drastic measures
such as relief well drilling or dynamic kill operations when both primary and secondary well
control methods have failed. However, tertiary well control is rarely used due to its high cost
and the significant amount of time required.

2.2.

Parameters for Well Control

These parameters are crucial in evaluating the condition of the well and making the necessary
adjustments to maintain control. The key parameters in well control include:

1.

Bottom Hole Pressure (BHP): This is the pressure at the base of the wellbore, which is a
combination of the pressure applied by the weight of the drilling fluid and any formation
pressure.

Pore Pressure (Pp) or Formation Pressure (Pr): This refers to the pressure exerted by the
formation. The pore pressure can be classified as normal, abnormal, or subnormal
depending on its magnitude.

e Normal Pore Pressure: When the formation pressure equals the hydrostatic
pressure of the fluid column in the wellbore extending from the surface to the
surface formation being considered, it is referred to as normal pore pressure or
formation pressure. The equation is



11.

12.

13.

Pf = Ph
where Pt is the measured formation pressure and P is the hydrostatic pressure.

e Abnormal Pore Pressure: Any pore pressure that exceeds the hydrostatic
pressure of the formation fluid occupying the pore space is termed abnormal
pore pressure. It is also known as overpressure or geopressure. The equation is

Pr> Py

e Subnormal Pore Pressure: Any formation pressure that is less than the fluid
hydrostatic pressure at a given depth is defined as subnormal pore pressure. Sub
normally pressured formations typically have pressure gradients lower than
fresh water or less than 0.433 psi/ft (0.0979 bar/m). The equation is

P < Py

. Fracture Pressure (Fp): This is the maximum pressure at which the subsurface formation

can fracture, increasing porosity and permeability and also the risk of loss circulation.
Annular Pressure: This is the pressure present in the annular space between the drill string
and the wellbore.

Hydrostatic Pressure: This is the pressure applied by a drilling fluid in the wellbore. This
pressure is a function of the density of the fluid in the wellbore and the height of the fluid
column in the wellbore. The equation is

P, = My * TVD x 0.052

where Py is the hydrostatic pressure, Mq is the mud weight or density of the mud, TVD is
the true vertical depth, and 0.052 is a conversion factor.

Pump Pressure: This is the pressure generated by the mud pumps to circulate drilling fluid
down the drill string and back up the annulus.

Fluid Pressure: This is the pressure exerted by any fluid in the well due to the density of
the fluid and the height of the fluid column.

Choke Pressure: This is the pressure at the choke manifold, which regulates the flow of
fluids from the well.

Flow Rate: This is the rate at which fluids are flowing into or out of the well.

. Temperature: This involves monitoring the temperature of the drilling fluid and other

wellbore conditions.

Casing and Cement Integrity: This involves ensuring the integrity of casing and cement
barriers to prevent fluid migration between different zones.

Gas Levels: This involves monitoring the gas content in the drilling fluid for indications of
potential kicks or influxes.

Pit Volume: This involves measuring changes in mud volume in the mud pits, which can
indicate fluid influx or loss.



14. Wellhead Pressure: This is the pressure at the wellhead, which is an important parameter
during well control operations.

15. Kill Weight Mud: This is the density of the drilling fluid required to balance formation
pressure and control the well in the event of a kick.

2.3. Well Control Algorithms

Well control algorithms are computational procedures used in the oil and gas industry to maintain
control over various parameters during drilling operations. These algorithms play an important
role in ensuring the safety and efficiency of drilling operations. These algorithms are typically
implemented in the drilling control systems and rely on real-time data from various sensors and
instruments. They contribute significantly to enhancing the safety and efficiency of drilling
operations

1. Pressure Control Algorithms: These algorithms are designed to maintain the pressure
within the wellbore at a safe and stable level. They do this by adjusting the weight and flow
rate of the drilling mud to balance the formation pressure.

2. Kick Detection Algorithms: These algorithms continuously monitor various parameters
such as flow rate, pit volume, and gas levels to detect any signs of a kick, which is an
unintended influx of formation fluids into the wellbore. Early detection of a kick is crucial
to prevent a blowout.

3. Dynamic Well Control Algorithms: In dynamic drilling environments, these algorithms
adjust drilling parameters in real-time based on feedback from sensors and instruments.
This adaptive control helps maintain stability during changing conditions.

4. Automated Response Algorithms: These algorithms are designed to automatically respond
to abnormal conditions, such as unexpected pressure changes or equipment malfunctions.
This reduces the reliance on manual intervention and enhances operational safety.

5. Kick Tolerance Calculation Algorithms: These algorithms calculate the maximum
allowable kick size that the well can handle without exceeding pressure limits. This
involves considering factors like mud weight, formation strength, and casing depth.

6. Flow and Pressure Monitoring Algorithms: These algorithms monitor and regulate the
pressure and flow of drilling fluids to optimize drilling performance. This includes
managing the hydraulic balance to prevent wellbore instability.

2.4. Applications of Well Control Algorithms

Control algorithms are integral to well control, playing pivotal roles in managing pressure, flow
rate, and other aspects. They are critical during drilling operations, contributing to the safe and
efficient extraction of oil and gas. The primary functions of control algorithms during drilling
include:



Wellbore Pressure Control: Algorithms are used to manage drilling parameters, such as
mud weight and flow rates, to keep wellbore pressure within safe limits. This aids in
detecting and averting kicks and other well control issues before a blowout occurs.

Kick and Blowout Detection: Algorithms continuously analyze real-time data to identify
signs of kicks or blowouts. Early detection is vital for implementing corrective actions
promptly and ensuring wellbore stability.

Dynamic Well Control: In dynamic drilling environments, algorithms modify drilling
parameters in real-time based on feedback from sensors and instruments. This adaptive
control helps maintain stability during changing conditions.

Pressure and Flow Monitoring: Control algorithms monitor and regulate the pressure and
flow of drilling fluids to optimize drilling performance. This includes managing the
hydraulic balance to prevent wellbore instability.

Automated Response to Abnormal Conditions: Algorithms are designed to automatically
respond to abnormal conditions, such as unexpected pressure changes or equipment
malfunctions. This reduces the reliance on manual intervention and enhances operational
safety.

Kick Tolerance Calculations: Control algorithms calculate the maximum allowable kick
size that the well can handle without exceeding pressure limits. This involves considering
factors like mud weight, formation strength, and casing depth.



3. Drilling Dysfunctions

In the complex and challenging field of drilling, a variety of dysfunctions can occur, posing
significant operational and safety risks. These dysfunctions, which can range from minor
inconveniences to major hazards, are a critical concern for drilling engineers and operators.
Understanding these dysfunctions, their causes, and their potential impacts is crucial for
maintaining efficient and safe drilling operations.

3.1. Common Drilling Dysfunctions

Drilling dysfunctions are numerous and varied. Some of the most frequently encountered include:

1. Creation of Doglegs and Key Seats: These abrupt changes in the wellbore direction can
cause difficulties when running casing and other downhole tools.

2. Hole Instability: Factors such as pore pressure changes, problematic shale sections, or
inadequate mud weight can lead to instability in the hole.

3. Lost Circulation: This occurs when drilling fluid is lost to the formation, often due to
excessive mud weight, weak or fractured formations, or large pressure differentials.

4. Excessive Bottom Hole Temperatures: High temperatures can cause problems with drilling
fluid, downhole tools, and even affect the integrity of the wellbore.

3.2 Blowouts

A blowout is an uncontrolled release of crude oil and/or natural gas from an oil well or gas well
after pressure control systems have failed. Despite the presence of blowout preventers, system
failures can still lead to blowouts. Blowouts can be extremely dangerous, ejecting the drill string
out of the well and causing damage to the drilling rig. The output of a well blowout can include
oil, natural gas, water, drilling fluid, mud, sand, rocks, and other substances.

3.3. Kicks

A kick is a well control event where the pressure within the drilled rock exceeds the hydrostatic
pressure of the mud column. This imbalance can cause formation fluids to enter the wellbore,
resulting in a kick. If not properly managed, a kick can escalate into a blowout. Mathematically, a
kick can be defined as an occurrence when Formation Pressure (Fp) > Hydrostatic Pressure (Hp).

3.3.1. Formation Pressure

Formation fracture pressure, or formation breakdown pressure is the pressure required to rupture
a formation, so that whole mud can flow into it. The strength of a formation pressure is usually
determined at the last casing shoe by means of a leak-off test. When a leak-off test is carried out,
it shows when the formation is likely to break (rupture).

Leak-off Test pressure is the surface pressure which when added to the hydrostatic head of mud
in the Well, causes a formation breakdown.



That above explanation shows that:
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Figure3.1 A Leak-Off Test. (Retrieved from Anon, 2023)

The leak-off pressure, PLO, is determined as the maximum surface pressure which the well could
stand, with the hydrostatic load of mud in use at the time of the test. This can be described as the
Maximum Allowable Annular Surface Pressure (MAASP) with that particular mud weight in
use.

MAASP = Prg - Apup to sHoE
Pes - Formation Breakdown Pressure
Awmup to sHoe — Head of MUD in use (to Shoe)

The formation breakdown pressure is also expressed as a formation breakdown pressure gradient.
7



_ Prp
ShoeDepth, True Vertical

(psi/ft)

GFB

Gre — Formation breakdown gradient

Prs — Formation Breakdown Pressure

3.3.2. Hydrostatic Pressure
The pressure exerted by a column of fluid depends on its density and vertical height or depth.

Hydrostatic Pressure = Depth (True Vertical) x Density

Since pressure is measured in pounds per square inch (psi) and depth is measured in feet, it is
convenient to convert mud weight from pounds per gallon (ppg) to a pressure gradient in psi/foot.
The equation now reads:

Hydrostatic Pressure (psi = Depth (ft) x Mud Weight x 0.052 (ppg)
In the formula, 0.052 is a conversion factor.

When a kick occurs, then it means primary control has failed, so we introduce the secondary
control method. Secondary control acts as a backup system. In the occurrence of an influx
(invading or unwanted fluid), the well control equipment must be able to contain the influx before
it reaches the surface. This is achieved by shutting in the well by means of the blowout preventer
stack, BOP. The BOP prevents the influx from reaching the surface. The purpose of Secondary
Well Control is to rectify the situation by either allowing the invading fluid to move harmlessly at
the surface or closing the well. That is providing a surface pressure to restore the balance between
pressures inside and outside the wellbore.

3.3.3. Kick Tolerance

Kick tolerance is the maximum kick volume that can be taken into the well and circulated out
without causing formation damage. Kick tolerance is a function of formation pressure and
formation breakdown pressure.
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Figure3.2 B Kick tolerance. (Retrieved from Anon, 2023)

3.34. Causes of Kicks
Kicks can be triggered by several factors, including insufficient mud weight, improper hole fill-up
during trips, swabbing, cut mud, and lost circulation.

1. Inadequate mud weight or failure to fill the hole properly: During drilling, when the
appropriate amount of drilling mud is not sent into the wellbore, there would be reduced
bottom hole pressure. As drilled pipes and collars are being pulled, the volume loss equals
the volume that has been pulled. This loss volume must be filled or else the hydrostatic
pressure of the wellbore will fall below that of the formation pressure (FP > HP). This will
cause a kick.

2. Swabbing: Swabbing is a temporary decrease in BHP (button hole pressure) while moving
pipe upwards in the wellbore. During this process when drill string is pulled, fluid in the
wellbore moves downwards to fill the space left behind. Energy is required to move the

9



fluid down. This accounts to pressure losses in the hydrostatic pressure. Therefore (FP >
HP) and a kick occurs.

3. Lost Circulation: Lost circulation occurs when fluid flows from the wellbore into the
formation. This could be as a result drilling into naturally fractured, pressure depleted or
sub-normally pressured zones, fractures induced by excessive pipe running speed. This will
lead to loss of fluid as well as alter the changes in pressure of the drilling fluid leading to
the occurrence of kick.

3.3.5. Indications of Kicks

There are a number of warning signs and indications which alert the drill crew about the presence
of a kick, or an impending kick. Kick indicators can be grouped into primary indicators and
secondary indicators. Primary indicators are more definite than secondary indicators because
secondary indicators may sometimes be giving indication of other events happening and not
necessarily kick. E.g., An increase in rate of penetration of a drilling bit entering a highly pressured
zone but primary indicators are conclusive.

Example of primary indicators includes;

1. Flow Rate increases. Fluid pumped at a constant rate into the formation should equal the
volume of fluid flowing out. That is, flowrate in (Q in) equals flowrate out (Q out).

2. Increase in pit volume. When the level mud in the active mud pit increases, it shows an
indication of the invasion of fluid from another source (formation) into it.

3. Flowing well with pump shut off. When pumps have been shut and not operating, there
should be no mud return to the surface. If a well continuously flows after shut in, there is
an indication that, there is another source of fluid (formation fluid) that is being pushed
into the annulus of the wellbore.

Secondary indicators of kicks include;

1. Presence of gas cutting which may be due to increase in mud density
Changes in temperature which is as a result of the temperature gradient in the transition
between normal and abnormal pressure zones often increases to about twice the rate of the
normal temperature gradient.

3. Changes in flow properties like changes in viscosity and density of the mud.

3.3.6. Kill Methods

Kill methods typically refer to techniques used to control wellbore pressure during drilling
operations. It involves adjusting the mud weight or fluid properties to balance the formation
pressure and prevent kicks or blowouts.

The objective of the various kill methods is to circulate out any invading fluid and circulate a
satisfactory weight of kill mud into the well without allowing further fluid into the hole. Once the

10



formation pressure is known, the mud weight required to balance or ‘kill” can be calculated, since
Kill Mud Weight(ppg) = Formation Pressure(psi) (ppg) / True vertical Depth(ft) * 0.052

3.3.7. Examples of Kill Methods
1. The Driller’s method

In the Driller’s method, the kick is circulated out of the hole using the existing mud weight. The
mud weight is then raised to the required level and circulated around the well. Two complete
circulations are thus required, as a minimum, for this method. Since it deals separately with the
removal of the kick and the addition of kill weight mud, it is generally considered to be the simplest
of well control methods.

Before start of first circulation Circulating kick out First circulation completed
/./ "/ >l - B \ . \\\\ \\
[ siDpPP . Ssice ( icp =1 ) SIDPP ) SIDPP )
Original Origina{ /Original Kick out
7 d mud mud
™ \ v B vd \

Gas
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— | Gas Kick

> |

Kill mud coming up 1 Kkill
annulus e i

</ \> f/snapp\ (’/FCP (< \' (0 p;i\ﬁ! 2. pSi\}
.y \\ﬁ,/ L ‘/ i Wy R 4 =

Circulating kill mud in

.

}ill mud ‘ Original ‘ Lint dah
mud \\ ill mud a
=e around

J well
R / \ Kick out

Original

mud \\\
| \\_. Kill mud_

Gas Kick ~J

Figure C Driller's Method. (Retrieved from researchgate.net, 2023)

SIDPP = Shut in Drill Pipe Pressure (usually psi).
FCP = Final Circulating Pressure (usually psi)

ICP = Initial Circulating Pressure (usually psi).
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PSI = Pounds Per Square Inch

PPG = Pounds Per Gallon sometimes written Ibs. / U.S gal

2. Wait and Weight Method

The ‘Wait and Weight’ is sometimes referred to as the ‘Engineers Method’ or the ‘One Circulation
Method’. It does, at least in theory, kill the well in one circulation. Once the well is shut in and

pressures stabilized, the

shut-in drill pipe pressure is used to calculate the kill mud weight.

Mud of the required weight is made up in the mud pits. When ready, kill mud is pumped down the

drill pipe.

Driller’s Method vs
Wait and Weight Method
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Figure D Driller's method vs Wait and Weight. Retrieved from Wellcontrol.com.br, 2023
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3.3.8. Severity of Kicks
When kicks occur and necessarily precautions are not put in place to kill it, it escalates into a
blowout.

The following are some negative impacts of blowouts;

1. Loss of valuable resources. Even though the cost of a blowout (as a result of improper
or no well control) can easily reach several millions of US dollars, the monetary loss is
not as serious as the other damages that can occur.

2. Irreparable damage to the environment such as aquatic lives.

Ruined reputation. Gives the company in charge a bad image.

4. Loss of lives.

[98)
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4. Review of existing methods for kick detection

Well control is a critical aspect of drilling operations, with significant implications for operational
efficiency, safety, and environmental protection. Below are some methods used in the kick

detection.

4.1. Mudlogging Monitoring

Mudlogging is a wellbore service in the oil and gas industry that involves monitoring and analyzing
drilling mud (also known as drilling fluid) during the drilling process. This technology provides
important information about the excavated subsurface formations and helps evaluate the geology
and identify potential hydrocarbon zones.
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4.1.1. Kick detection in Mudlogging
1. Mud loggers analyze samples of drilling mud that return to the surface from wells.
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4.1.2.

4.1.3.

Mud sampling data helps geologists, drillers, and engineers make informed decisions
about wells

Mud loggers also monitor drilling parameters for signs of abnormal pressures or
unexpected conditions that could cause shocks or wellbore control problems.

Automated Well Control in Mudlogging
Automatic data collection: Advanced sensors and equipment are used on drilling rigs
to automatically collect data from drilling mud.
Automated data acquisition systems continuously monitor parameters such as gas
composition, mud density, and temperature using sensors such as gas chromatographs,
mass spectrometers, and other detectors.
Real-time analysis: Uses automated algorithms to analyze collected data in real-time.
Machine learning algorithms and data analysis tools process real-time data and identify
patterns associated with potential shocks or abnormal conditions within the wellbore.
Early warning system: An automated early warning system is integrated and triggers
an alarm when abnormal conditions are detected.
The alert system utilizes threshold-based triggers and anomaly detection algorithms to
detect deviations from expected well conditions.

Limitations of Mudlogging
Limited Solution: Mudlogging is based on the analysis of rock fragments brought to
the surface by drilling mud. Due to the limited size of these sections, the resolution of
the resulting data may not be sufficient for detailed analysis, especially in fine-grained
formations.
Time Delay: There is a time lag between the time the drill chip penetrates the formation
and the time it reaches the surface. This delay limits the real-time nature of mud
plugging and can make it difficult to respond quickly to changes in subsurface
conditions during excavation.
Depth Limit: Mudlogging provides information about the formation only to the depth
reached by the drill. In situations where the target formation is below the current
drilling depth, mud sampling may not provide immediate information about the target
reservoir.
Dependence on the quality of drill cuts: The quality of drill cuts is very important for
accurate analysis. Contaminated or poorly preserved clippings can affect the reliability
of data obtained by mud digging.
Limited Formation Evaluation: Mud sampling provides qualitative data about the
lithology of the formation, but may not provide detailed information about formation
properties such as porosity, permeability, and fluid content. Comprehensive formation
evaluation often requires more advanced logging methods, such as wireline logging.
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4.2.

Pit Gain Monitoring

Pit gain monitoring is a wellbore control method that continuously measures and monitors fluid
levels in the mud pit of a drilling rig. Pit level monitoring is essential in detecting a kick.

4.2.1.

Kick detection in Pit Gain Monitoring

Pit gain monitoring is a primary method for detecting kicks during drilling operations, sudden
increases in pit volume can signal the presence of gas, oil, or water entering the wellbore.

4.2.2.

4.2.3.

Automated well control in Pit Gain Monitoring
Sensor integration: Continuously monitor the liquid level using sensors installed in the
mud pit. Level sensors, such as float switches and ultrasonic sensors, are integrated into
the mud pit to measure the volume of the pit in real time.
Integration with well controller: Connects to Well Controller and can quickly respond
to detected kicks. The communication protocol and control interface enable automatic
monitoring of pit reinforcement and works with BOP and ESD systems for immediate
well shutdown.
Remote monitoring and control: Enable remote monitoring of pit conditions and
enables real-time decision making from a remote location. Secure communication
channels and remote access interfaces enable remote monitoring and control
capabilities.
Integration with the entire drilling system: Part of a comprehensive drilling automation
system that integrates pit reinforcement monitoring and other drilling parameters. The
data integration platform connects pit reinforcement monitoring to broader drilling
control and monitoring systems to ensure a synchronized response.

Limitations of Pit Gain Monitoring
Difficulty Detecting Small Influxes. Pit reinforcement monitoring can have limitations
in detecting small inflows of formation fluids into the wellbore. Small kicks and losses
may not result in significant changes in pit level, making it difficult to quickly detect
and respond to such events.
Dependence on mud properties. The accuracy of pit reinforcement monitoring is
influenced by the properties of the drilling mud. Changes in mud density and
rheological properties can affect the reliability of yield measurements.
Unable to identify changes in geological formations. Pit reinforcement monitoring is
primarily focused on detecting changes in mud content, but may not provide direct
information on changes in geological formations or lithology. Other logging methods
are required for detailed formation evaluation.
Limited Depth Information. Pit reinforcement monitoring provides information about
the drilling fluid in the wellbore, but does not provide depth-specific details about
where changes occur. Additional logging tools or methods may be required to obtain
depth-related information.
Sensitivity to Operating Variables. Operating variables such as pump speed, mud
circulation rate, and wellbore conditions can affect the accuracy of pit reinforcement
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monitoring. Changes in these variables can introduce uncertainty in the interpretation
of mine-level data.
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5. OpenLab Drilling Simulator

OpenLab Drilling Simulator is a state-of-the-art, web-enabled drilling simulator and lab facility
that serves as a critical tool for research, education, and demonstration of drilling technology. It is
designed to simulate various elements and components that affect the circulation system and
drillstring mechanics, providing a realistic and immersive environment for understanding and
improving drilling processes.

OpenLab combines a web-based online drilling simulator, a drilling control room, and a functional
full-scale on-site drilling rig. The simulator provides a 3D visualization of the drill floor, offering
an interactive platform for students, professors, and engineers to conduct research, education,
testing, and demonstration of drilling technology.

One of the key features of OpenLab is its high-fidelity drilling process simulator. This simulator
is capable of simulating transient hydraulics, temperature, torque, drag, and cuttings transport.
These simulations provide valuable insights into the complex dynamics of drilling operations,
enabling users to optimize drilling performance and mitigate potential risks.

OpenLab incorporates a variety of fundamental models, including:

A model for drillstring dynamics that handles torque, drag forces, and vibrations.

A flow model that manages well pressure and the transport of gas, fluids, and particles.

A formation flow model used for situations involving kicks and losses.

A rate of penetration model that predicts ROP based on the interaction between the

formation properties and the bit-rock.

5. Atemperature model that predicts the temperature in the well, pits, and in the formation
near the wellbore.

6. Machine models for rig floor equipment, along with various sub-models and event

models. These models form the backbone of the simulations run in OpenLab.

b

5.1. Simulations and Data gathering

OpenLab will be used to generate several simulation scenarios that will serve as training scenarios
for the Al. These include normal drilling operation where neither kick nor loss is induced, as well
as a simulation of a kick generated during drilling, primarily by considering less mud weight for
drilling and then varying the MPD choke during operation simulation. Lastly, a loss simulation
will be generated using the same well configuration but with higher mud weights.

Valuable data will be gathered from the normal drilling operations, kick situations, and loss
situations simulation runs. This data will be crucial in training the block of code for kick/loss
deduction and improving our automated well control strategies.
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6. Proposed Machine Learning Approach for Kick Detection

Coupled with a machine learning model, some logic checks for dysfunctions detection would be
programmed in the background. This would ensure an automated machine learning based detection
within the shortest time with less computational power and no coding required. In an instance
where the formation pressure is greater than the hydrostatic pressure, that is an indication of kick.
The data collected at that instance would be interpreted as a kick and not sent to the model.

Three promising machine learning models were evaluated for kick detection in drilling operations:
Long Short-Term Memory (LSTM) networks, Convolutional Neural Networks (CNNs), and
Transformers using the attention mechanism.

Long Short-Term Memory (LSTM) networks are a type of Recurrent Neural Network (RNN)
that are capable of learning long-term dependencies, making them particularly effective for time-
series data. They can learn to recognize patterns over time, which is crucial for detecting kicks that
develop gradually.

Convolutional Neural Networks (CNNSs) are primarily used for image and video processing but
have also shown promise in time-series data. They can process and analyze complex tasks in a
short time, allowing for the automation of decision-making.

Transformers are a type of model that uses the attention mechanism to weigh the influence of
different input data points. This allows them to focus on the most relevant data, improving the
model’s performance.

After extensive research, LSTM was identified as the best for the kick detection system required
for this project. LSTM’s ability to learn from long-term dependencies in time-series data makes it
well-suited for detecting kicks, which often involve gradual changes over time. While CNNs and
Transformers also have their strengths, LSTMs would outperform them in this case. CNNs, while
effective for tasks involving spatial relationships, do not handle temporal dependencies as well as
LSTMs. Transformers, on the other hand, can be more computationally intensive and data ‘hungry’
and may not offer significant advantages over LSTMs for our specific task.

6.1. LSTM

Long Short-Term Memory (LSTM) networks, a special kind of Recurrent Neural Network (RNN),
have gained significant attention in the field of Deep Learning due to their effectiveness in
handling sequence data. This unique capability makes them highly suitable for tasks involving
time series, text, and speech, where the order of data points carries important information.

The term “Long Short-Term Memory” reflects the network’s primary strength: its ability to
remember or forget information over long periods. This is a crucial feature for many sequence
prediction problems, where context and history play a significant role.
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Unlike traditional feedforward neural networks, LSTM networks have feedback connections. They
are not limited to processing individual data points independently but can process entire sequences
of data. This makes them particularly effective for tasks where the current output depends on
previous inputs.

6.1.1. Uses of LSTM

LSTM networks have found wide-ranging applications across various domains. They are used to
recognize patterns in sequential data, such as those found in sensor data, stock prices, or natural
language. They are also used in time series forecasting, where they can model complex temporal
dependencies.

In the field of natural language processing, LSTMs have been used for a variety of tasks. These
include language modeling, where the goal is to predict the next word in a sentence; machine
translation, where the aim is to translate text from one language to another; and text summarization,
where the objective is to generate a concise summary of a longer text.

6.1.2. LSTM Internal Structure

A typical LSTM unit is composed of a cell and three types of gates: an input gate, an output gate,
and a forget gate. The cell is responsible for remembering values over arbitrary time intervals,
while the gates control the flow of information into and out of the cell.

-
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Figure F The structure of the LSTM unit. Retrieved from researchgate.net, 2023
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The forget gate plays a crucial role in the LSTM’s ability to remember or forget information. It
decides what information to discard from the cell state by assigning a weight between 0 and 1 to
each piece of information. A weight of 1 means “completely keep this” while a weight of 0 means
“completely get rid of this”.

The input gate, on the other hand, decides what new information to store in the cell state. It also
assigns weights to pieces of information, and these weights are used to update the cell state.

The output gate controls what information the LSTM unit should output at each time step. It takes
the updated cell state and the current input and decides what the next hidden state (i.e., the output
of the LSTM unit) should be.

By selectively remembering and forgetting information, and by carefully controlling its output, the
LSTM unit can learn to recognize complex, long-term patterns in sequence data. This makes it a
powerful tool for many sequences prediction tasks.

6.1.3. LSTM Training Process

The training process of an LSTM involves feeding it sequence data, where it learns to predict the
next elements of the sequences. This is done by adjusting the weights of the network through a
process called backpropagation through time. See Figure G; Zhang et al., 2018.
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6.1.4. Advantages of LSTM
LSTM networks have several advantages that make them well-suited for sequence prediction
tasks:
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1. Handling of Long-Term Dependencies: LSTMs are designed to remember information
for long periods, making them capable of learning from the context in long sequences.

2. Avoiding the Vanishing Gradient Problem: Traditional RNNs suffer from the vanishing
gradient problem, where the contribution of information decays geometrically over
time. LSTMs overcome this problem with their gating mechanisms.

3. Flexibility: LSTMs can process sequences of variable length, and they can handle
multivariate input and output.

6.1.5. Limitations of LSTM
Despite their strengths, LSTM networks also have some limitations:

1. Computational Complexity. LSTMs can be computationally intensive, especially for
long sequences and large networks. High end machines will be used to compensate for
computational complexity.

2. Need for Large Datasets. LSTMs typically require large amounts of training data to
achieve good performance. Multiple simulations on OpenLab would be run to generate
large data.

3. Difficulty of Interpreting the Model. Like many deep learning models, LSTMs can be
difficult to interpret. It can be challenging to understand why they make certain
predictions.

7. Automated Well Control System Design

7.1. System Architecture

The proposed system architecture for automated well control involves several components that
work together to ensure efficient and safe operations.

1. Drilling Simulation: The OpenLab Drilling simulation software will be used to simulate
the drilling process. This software provides real-time drilling data, which is crucial for
the machine learning model.

2. Data Acquisition: An API will be used to continuously fetch time-series data from the
drilling simulation. This data includes various drilling parameters such as weight on
bit, torque, rate of penetration, and more.

3. Machine Learning Model: The acquired data will be fed into a machine learning model
designed to detect drilling dysfunctions. The model will be trained on historical drilling
data, with various drilling dysfunctions labeled.

4. Well Controller: This section is made up of two parts:

o (Control Algorithm Selector: 1f a dysfunction is predicted by the machine
learning model. The control algorithm selector will invoke an appropriate
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control algorithm to mitigate the issue based on the particular disfunction
predicted. A manual input could also trigger or stop this action.

e (Control Algorithms: This is not actually a group of algorithms or predefined
rules of solving a problem, but a group of parameters chosen at a time to solve
or control the well which could be different at any time. A combination of
different algorithms such as PID, MPC, etc., and data about the well based on
past control actions are used in the selection of the parameters to tweak.

5. Feedback Loop: The system will operate in a continuous feedback loop, with the
machine learning model and control algorithms constantly interacting with the drilling
simulation through the D-WIS API.

7.2. Control Loop Design and Integration

The control loop design is centered around the interaction between the machine learning model
and the control algorithms. The machine learning model continuously predicts the state of the
drilling operation based on the real-time data from the OpenLab Drilling simulation. If a drilling
dysfunction is predicted, the model triggers the appropriate control algorithm through the control
algorithm selector. A manual input could also trigger this or stop the automatic correction.

The control algorithms are designed to adjust various drilling parameters to mitigate the predicted
dysfunction. Once the control algorithm has been executed, the adjusted drilling parameters are
sent back to the drilling simulation. This forms a closed-loop control system, allowing for real-
time adjustments based on the predictions of the machine learning model.
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7.3. Potential Benefits and Limitations

The benefits include;

1. Increased Efficiency: The system’s ability to predict and mitigate drilling
dysfunctions in real-time can significantly increase drilling efficiency. By
continuously monitoring drilling parameters and making necessary adjustments,
the system can maintain optimal drilling conditions, thereby maximizing the rate of
penetration and minimizing non-productive time. This can lead to faster completion
of drilling operations and higher overall productivity.

2. Reduced Costs: Operational costs can be significantly reduced by the system.
Downtime, whether due to equipment failure or suboptimal drilling conditions, can
be costly in drilling operations. By predicting and mitigating drilling dysfunctions,
the system can minimize downtime. Furthermore, by preventing damage to drilling
equipment caused by undetected dysfunctions, the system can save costs associated
with equipment repair and replacement.

3. Improved Safety: Real-time dysfunction detection and mitigation can greatly
enhance the safety of drilling operations. Drilling dysfunctions, if not addressed
promptly, can lead to hazardous situations such as blowouts or wellbore instability.
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By detecting and addressing these dysfunctions in real-time, the system can prevent
such incidents, thereby ensuring the safety of the drilling crew and the environment.

Some of the Limitations are;

1. Training Dataset: The system’s accuracy is heavily dependent on the dataset
available. The effectiveness of the system heavily relies on the accuracy of the
machine learning model in predicting drilling dysfunctions. If the model’s
predictions are not accurate, the system may fail to detect dysfunctions or may
falsely detect dysfunctions when there are none. This could lead to unnecessary
adjustments to drilling parameters, resulting in suboptimal drilling conditions.
Therefore, it’s crucial to ensure the model is well-trained and validated on a
comprehensive and representative dataset.

2. Latency: Despite faster decision making, there could be a delay of some few
seconds to minutes between the prediction of a dysfunction and the execution of a
control algorithm. This delay could be due to various factors such as the time taken
for data transmission, the computational time of the machine learning model and
control algorithms, and the response time of the drilling equipment. If the delay is
significant, the system may not be able to mitigate dysfunctions in a timely manner,
thereby reducing its effectiveness.

3. Complexity: The system involves a complex interaction between various
components, including the drilling simulation software, the data acquisition API,
the machine learning model, and the control algorithms. Designing the system with
simplicity and robustness in mind, handling errors effectively and having recovery
mechanisms in place is import to prevent challenges in terms of system
maintenance and troubleshooting.

8. Software Development and Model Integration
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8.1. Software Development Methodology and Chosen Tools

The Agile methodology was employed for the software development. This approach allowed
continuous improvements to the software based on feedback and testing results. Python was used
for both the machine learning aspect and application development aspect of our project.

For the machine learning component, PyTorch, a popular open-source machine learning library
that provides a wide range of tools and functionalities for creating and training neural networks
especially for research purposes was used. While not currently employed, TensorFlow and Scikit-
learn remain potential alternatives depending on future needs.

For application development, Flask, a lightweight web framework for Python was used. Flask
allows quick and seamless development of web application, providing the flexibility needed to
integrate machine learning models and control algorithms.

The frontend would be developed using HTML, CSS, and JavaScript. JavaScript, in particular,
would be used to make web application more interactive. For data visualization, EChartsJS, a
powerful, interactive charting and visualization library for the browser will be used.

All the code and research findings are stored in a central repository on GitHub, facilitating
collaboration and version control.

8.2. User Interface and Functionalities

There is no final design of the Ul of the application but below is a general overview of what we
have in mind for this section.

The user interface would be designed to be intuitive and user-friendly. It includes input fields for
users to key in all necessary credentials and submit it for connection with OpenLab.

The interface also includes Start, Stop, and Pause buttons to control the simulation. Real-time
data from OpenLab is displayed in the form of a table, and the time series prediction from our
machine learning model is plotted as a graph.

In the event of a drilling dysfunction, a short warning is displayed, and the issue is automatically
corrected. Users have the option to ignore warnings and proceed at their own discretion, ensuring
flexibility and control.

8.3. Integration of Machine Learning Model and Control Algorithms

The trained machine learning model will be saved and integrated into the Flask application for
prediction. The model will be used to predict drilling dysfunctions and inform the control
algorithms.
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The control algorithms are defined in a separate module and called upon as needed. These are
designed to respond to the predictions of the machine learning model, adjusting drilling parameters
as necessary to prevent dysfunctions and optimize performance. The specific control algorithm
used will depend on the type of dysfunction predicted by the machine learning model.

8.4. Data Management and Security Considerations

After each simulation, the data can be downloaded as a CSV file, and a PDF report is also
generated. The storage and management of this data are independent of the application.

A PostgreSQL database will be used for data storage, which can be connected to store the data.

In terms of security, all data and connectivity is handled securely and confidentially. In fact, most
of this is handled by the OpenLab python client and the d-wis interface provide by Drillbotics.
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9. Human Factors

Human factors play a crucial role in the operation and management of drilling systems. They
oversee all the elements that influence human performance, including the design of controls and
displays, the layout of workspaces, the usability of software interfaces, and the development of
procedures and training. While this project is focused on developing an advanced Al-powered
system for well control, the critical role of human factors in ensuring the system’s success is also
incorporated.

In the context of the Al-powered well control system proposed, human factors are particularly
important for several reasons:

1.

System Usability: The design of our system’s user interface should be intuitive and user-
friendly, reducing the cognitive load on the operator and enabling efficient interaction with
the system.

Decision Support: While our system will automate many aspects of well control, human
operators remain responsible for making critical decisions. Our system should provide
clear, timely, and relevant information to support these decisions. E.g., when a dysfunction
is predicted, though the system can automatically rectify this, the human operator has the
power to override this. A manual correction can also be carried out with no ai prediction.
Training: Operators need to understand how our system works, how to interpret its outputs,
and how to intervene when necessary. This requires comprehensive training and
documentation of our development.

Safety Culture: The introduction of Al into well control operations should be accompanied
by a strong safety culture. This includes fostering open communication about the system’s
limitations and potential risks, encouraging continuous learning, and promoting proactive
safety behaviors.
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10. Open Source

In the spirit of collaboration and knowledge sharing, the research findings and the code for the Al-
powered well control system will be made available to the public.

The research findings will be published in a manner that is accessible to both the scientific
community and the general public. We aim to contribute to the body of knowledge in the field of
Al in drilling operations and hope that our findings will inspire and inform future research.

The code for the system will be hosted on GitHub, a popular platform for version control and
collaboration. This will allow other researchers and developers to review our code, suggest
improvements, and even contribute to the project.

In addition to the code, the GitHub repository will also include comprehensive documentation.
This will cover everything from the installation and setup of the necessary development
environment to the usage and customization of our system.

29



11. Conclusion and Future Work

The first phase of our project has laid a solid foundation for the development of an Al-powered
well control system for directional drilling. We have explored the possibilities of directional
drilling, the potential of Al and Deep Learning, and the capabilities of the OpenLab Drilling
Simulator. We have also delved into the complexities of drilling dysfunctions, their causes, effects,
and potential solutions.

Our research has led us to select specific Al models that we believe are best suited for our project.
We have also identified the frameworks that we will use to develop our system. While we have
not yet built the models, we have a clear plan for their development and implementation in the
next phase of the project.

During this phase of the competition, all our students were home for a break and so all meetings
were held online. This was a challenge as to some students not missing some meetings due to poor
network or data issues. We would be back to school by the time of the second phase. This we hope
would permit physical meetings which would help speed up our work.

Looking ahead, our future work will focus on executing the plans laid out in this phase. We will
build, train, and test our Al models, and integrate them with the OpenLab Drilling Simulator. We
will also continue to study drilling dysfunctions and refine our understanding of well control in
directional drilling.

As we move into the next phase of our project, we remain committed to our goal of enhancing the
safety and efficiency of directional drilling operations. We are excited about the potential of our
system and look forward to sharing our progress in the subsequent phases of this project.
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12.  Budget

During this phase of the competition, all activities were conducted online as we were on vacation.
The majority of our expenses were dedicated to purchasing internet bundles, which facilitated our
online meetings and research.

The school did not provide any financial support, so the students bore the costs from their own
pockets. We held a total of 21 meetings. Coupled with the personal research undertaken by each
student, the estimated expenditure per student for this phase was approximately $10.00.

In this category, there were 5 contributing students, bringing the total expenditure to an estimated
$50.00.
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14. Abbreviations

Prs - Formation Breakdown Pressure

Hwmup - Hydrostatic Pressure of Mud Shoe

PLo - Leak-Off Pressure

SIDPP — Shut in Drill Pipe Pressure

FCP — Final Circulating Pressure

MAASP — Maximum Allowable Annular Surface Pressure
ICP — Initial Circulating Pressure

PSI — Pounds Per Square Inch

PPG — Pounds Per Gallon

Fp — Formation Pressure

Pp— Pore pressure

H, — Hydrostatic Pressure

Pm — Mud Gradient

CBHP — Constant Bottom-Hole Pressure

MPD — Managed Pressure Drilling

BOP — Blowout Preventer

ESD — Emergency Shutdown System

HTML — Hypertext Markup Language

CSS — Cascading Style Sheet

A.l — Artificial Intelligence

CSV - Comma-Separated Values

PDF — Portable Document Format

PostgreSQL — Postgres Structured Query Language
PID — Proportional-Integral-Derivative

MPC — Model Predictive Control

D-WIS — Drilling and Wells Interoperability Standards

API — Application Programming Interface
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LSTM — Long Short-Term Memory
CNN — Convolutional Neural Network

RNN — Recurrent Neural Network
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