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ADVANCED RESEARCH IN ERD DRILLING
OPTIMIZATION THROUGH Al PREDICTIVE MODELS
AND NUMERICAL SIMULATIONS

CERCETARE AVANSATA IN OPTIMIZAREA
FORAJULUI ERD PRIN MODELE PREDICTIVE CU IA
SI SIMULARI NUMERICE

Timur CHIS?, Dragos CRISTEA? , Yonus SAMER?,
Laurentiu PRODEA?,

Abstract: Extended Reach Drilling (ERD) has emerged as a transformative
technology in modern well construction, enabling operators to access distant
or compartmentalized reservoir targets from a single surface location. This
technique has proven vital in offshore, environmentally sensitive, and mature
field environments where surface footprint and cost efficiency are critical.
However, the transition from a conventional highly deviated J-shape well to
an Extended Reach Well (ERW) represents a significant technical challenge
due to the compounded mechanical and hydraulic stresses involved. This
paper presents a comprehensive feasibility assessment of converting an
existing J-shape well to an ERW configuration, focusing on well design
optimization, torque and drag management, and Equivalent Circulating
Density (ECD) control under complex drilling conditions. We analyzes the
use of advanced computational tools, aimed at reducing uncertainty in the
conversion process of the 1Q-KRI-78 well. The research is based on
comparing the performance of four Artificial Intelligence (Al) algorithms
trained on specific datasets for four types of ERD (Extended Reach Drilling)
wells.
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Rezumat: Forajul cu raza extinsa (ERD) a apdrut ca o tehnologie
transformatoare in constructia modernd de sonde, permitdand operatorilor sa
acceseze tinte de rezervor indepdrtate sau compartimentate dintr-o singurd
locatie la suprafatd. Aceastd tehnica s-a dovedit vitald in mediile offshore,
sensibile la mediu §i in campurile mature, unde amprenta de suprafata si
eficienta costurilor sunt critice. Cu toate acestea, tranzitia de la o sonda
conventionala in forma de J, cu deviatie mare, la o sonda cu raza extinsa
(ERW) reprezinta o provocare tehnica semnificativa din cauza solicitarilor
mecanice §i hidraulice combinate implicate. Aceasta lucrare prezintd o
evaluare cuprinzatoare a fezabilitatii conversiei unei sonde existente in
forma de J intr-o configuratie ERW, concentrandu-se pe optimizarea
proiectarii sondei, gestionarea cuplului si a rezistentei la inaintare si
controlul densitatii circulante echivalente (ECD) in conditii complexe de
foraj. Analizam utilizarea instrumentelor de calcul avansate, menite sd
reduca incertitudinea in procesul de conversie a sondei IQ-KRI-78.
Cercetarea se bazeaza pe compararea performantei a patru algoritmi de
inteligenta artificiala (IA) antrenati pe seturi de date specifice pentru patru
tipuri de sonde ERD (Extended Reach Drilling)..

Cuvinte cheie: Foraj cu raza extinsa de actiune, Foraj de petrol si gaze,
Inteligenta artificiala.

1. Introduction

Managing Equivalent Circulating Density (ECD) remains the primary
technical constraint in modern drilling conversion studies.

While classical deterministic methods often struggle with the dynamic
complexities of Extended Reach Drilling (ERD), this research proposes the
integration of advanced computational models to bridge the gap between
theoretical physics and real-world data noise.

To address these challenges, this study evaluates a suite of machine
learning architectures tailored to specific drilling phenomena,[1]:

e Temporal Dependencies: Long Short-Term Memory (LSTM)
networks are utilized to predict ECD pressure spikes during
transient operations, such as connections and pumping rate
fluctuations.

e Nonlinear Operational Mapping: Random Forest Regression
(RFR) is employed as a non-parametric solution to map the
intricate relationships between ROP, RPM, and fluid rheology.

o Physical Consistency: The core contribution of this work is a
Physics-Informed Hybrid Model (PIM). By using Johancsik’s
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soft-string model as a baseline and training a neural network to
predict only the "residual error,"” we ensure that Al predictions
remain bounded by physical laws while capturing complex
downhole adjustments.

Furthermore, this paper introduces a novel application of SHapley
Additive exPlanations (SHAP).

This framework transforms "black box" algorithms into transparent
diagnostic tools, allowing engineers to quantify exactly how parameters like
Dogleg Severity (DLS) or Mud Weight (MW) contribute to torque or ECD
fluctuations at specific depths ,[2].

2. Technical Methodology & Implementation

The implementation of the SHAP (SHapley Additive exPlanations)
framework requires a multivariate dataset meticulously structured to capture
the mechanical and hydraulic nuances of the wellbore ,[3].

To achieve high predictive accuracy, the input feature space (X) is
categorized into three primary domains ,[4]:

1. Geometric Parameters: Measured Depth (MD), True Vertical

Depth (TVD), Inclination, and Dogleg Severity (DLS). These are
critical for calculating lateral loads and contact forces.

2. Operational Parameters: Hookload, Surface Torque, Rate of
Penetration (ROP), Rotational Speed (RPM), and Flow Rate
(GPM). These represent the real-time "driller's controls."

3. Rheological Parameters: Mud Weight (MW), Plastic Viscosity
(PV), and Yield Point (YP), which define the fluid's influence on
wellbore stability and hydraulics.

In the same time the methodology follows a multi-well simulation

workflow designed to move beyond "black box" predictions.

By applying the SHAP algorithm to the trained Gradient Boosting
models, the study achieves two distinct levels of engineering insight ,[5]:

e Global Interpretability: This provides a macroscopic view of the
field, identifying which factors (e.g., DLS vs. MD) dominate
torque and drag trends across multiple offsets.

e Local Interpretability: This allows for a granular, "point-by-
point" analysis of specific depth intervals. For instance, it can
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explain a sudden Equivalent Circulating Density (ECD) increase
by quantifying that a +0.2 ppg spike was driven by a high ROP,
even when a simultaneous increase in RPM provided a -0.05 ppg
mitigating effect.

To ensure the global applicability and robustness of the proposed
framework, four distinct numerical models were developed and validated
against a diverse set of industry-standard reference wells.

Each scenario represents a unique operational frontier in Extended
Reach Drilling (ERD) ,[6]:

1.

Linear Regression (Well IQ-KRI-78): Used as a baseline for the
Kurdistan region, this model establishes fundamental
correlations between depth and ECD during the initial design
phase. It serves as the control group for assessing the added value
of more complex Al architectures.

Random Forest Model (Sakhalin Well): Validated against the
Sakhalin-1 project (Russia), which holds world records for
displacement. This ensemble algorithm was chosen to capture the
high-dimensional nonlinear interactions inherent in ultra-long
reaches exceeding 7,500m, where pipe rotation and cuttings
transport become highly complex.

Decision Tree Model (Wytch Farm Well): Based on the Wytch
Farm (UK) field, known for its pioneering ERD history. This
model was implemented to create rapid, binary decision maps
specifically for stuck pipe risk management, allowing for real-
time diagnostic pathways during critical drilling events.
HistGradient Boosting Model (Abu Dhabi Well): Targeting the
Ultra-ERD conditions found in the United Arab Emirates. This is
the most advanced algorithm in the study, dedicated to optimizing
drilling under extreme pressure and temperature conditions where
the margin between pore pressure and fracture gradient is razor-
thin.

Each was validated against a specific industry-standard reference well
representing a unique drilling challenge (Table 1).
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Table 1. Comparative Framework of Validation Wells

Model Reference Scenario Objective
Llnea.r IQ-KRI-78 Well Establishing baseline depth-ECD correlations.
Regression
Random . Capturing nonlinearities in ultra-long reaches
Forest Sakhalin Well (>7500m).
Decision Tree Wytch Farm Well Rapid risk mapping for stuck pipe scenarios.
HistGradient . Optimizing drilling under extreme pressure
Boosting Abu Dhabi Well (Ultra-ERD).

3. Multi-Well Simulation and validation Methodology

The robustness of the predictive models is verified through a
systematic approach that separates mechanical noise from physical trends

(Table 2) ,[7]:

1. Segmentation by Operational Regimes: Data is partitioned into
distinct modes—Tripping In, Tripping Out, and Drilling
(Rotating + ROP). This is essential because the friction
mechanics and hydraulic surges differ significantly between
moving string and rotating string scenarios.

Table 2. Synthetic Dataset (Multi-Well Simulation)

well 1D MD | DLS MW | PV YP aPM | RPM ROP ECD
- (m) | (°/30m) | (ppg) | (cP) | (Ibf/100ft?) (m/h) | (Target)

1Q-KRI-

-8 2500 | 1.83 125 | 12 25 500 120 15 13.46
1Q-KRI-

-8 4000 | 0.05 125 | 13 24 520 140 12 13.85
1Q-KRI-

-8 6000 | 0.02 125 | 14 26 550 160 10 14.20
Offset A | 5500 | 1.50 13.0 | 15 28 480 110 8 14.55
Offset B | 6200 | 2.10 12.8 | 12 22 600 150 20 14.10

2. Cross-Validation (Leave-One-Well-Out): To ensure the Al can
generalize to unseen environments, we employ a "Leave-One-
Well-Out" strategy. For example, models are trained on data from
the Sakhalin and Wytch Farm wells and subsequently tested on
the 1Q-KRI-78 candidate well.
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3.

Performance Metrics and Error Analysis: Model accuracy is
quantified using Root Mean Squared Error (RMSE) and the
Coefficient of Determination ($R”2$). This step identifies
specific "failure zones," such as sections with high Dogleg Severity
(DLS) at extreme depths where standard physics may be deficient.
Scientific Interpretation via SHAP: SHapley Additive
exPlanations are used to transition from statistical correlation to
engineering causation.

ECD values increase with depth due to annular pressure losses (APL)
accumulated in long sections of ERD (figure 1).

The integration of SHAP analysis allows for high-level scientific
conclusions that bridge the gap between data science and petroleum engineering

[8]:
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Identification of Dominant Drivers: In complex horizontal sections
(e.g., at 3,500m), SHAP identifies whether Equivalent Circulating
Density (ECD) is primarily governed by rheological properties
(Plastic Viscosity, Yield Point) or mechanical energy (ROP, GPM).
This allows for targeted fluid or parameter adjustments.

Validation of the Hybrid Architecture: The analysis demonstrates
that while the Al confirms classical physical theories—such as the
direct correlation between DLS and Torque—it provides superior
accuracy in  ""Brownfield ERD™ areas. In these zones,
geomechanical uncertainties often render standard mathematical
formulas insufficient.
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Figure 1. Analize SHAP: Contribution of Parameters to ECD (IQ-KRI-78)
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The implementation of the proposed framework, supported by SHAP
interpretability, allows for the following high-level scientific and operational
arguments ,[8]:

e Risk Identification and Causality: Rather than providing a
simple numerical output, the SHAP analysis visually
demonstrates the primary "culprits” behind pressure fluctuations.
It quantifies whether Measured Depth (MD) or Flow Rate (GPM)
is the dominant factor as the wellbore conditions approach the
fracturing gradient, allowing for more precise mitigation
strategies.

o Statistical Validation of Nonlinearity: The research
demonstrates that advanced ensemble models, such as Random
Forest and XGBoost, successfully capture the complex downhole
nonlinearities—such as Taylor vortices or eccentric pipe effects—
that classical Newtonian or Bingham Plastic models often ignore.

e Real-time Decision Support: This framework is designed to
function as an early warning system. By identifying deviations
from predicted mechanical limits in real-time, the system provides
a safety buffer to prevent exceeding the platform's structural or
hydraulic capacities.

To extend the analysis beyond a single case study and provide a more
robust statistical validation, data was extracted from four distinct drilling
environments.

This includes the primary 1Q-KRI-78 well and three additional
reference scenarios previously detailed in this research.

The simulation parameters are anchored in the mathematical and
hydraulic models described in the thesis (Figure 1).

By synthesizing data from these four diverse wells, the study ensures
that the Al models are not overfitted to a specific geological basin but are
capable of high-fidelity predictions across varying ERD challenges.

The final dataset used for training and validation incorporates the
following features as defined in the technical methodology (Table 3):

e Target Variables (y): Measured ECD from PWD tools and

surface-measured Torque.

e Input Features (X): A combined vector of trajectory geometry

(DLS, a, ¢), operational energy (ROP, RPM, GPM), and fluid
properties (MW, PV, YP).
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By using these 3 additional wells | argue the following key points:

— Depth Impact (MD): The SHAP analysis will likely show that
MD has the highest positive SHAP value, confirming that annular friction
pressure losses are the critical factor as you advance towards 6000 m.

Table 3. Analysis of data from four wells

MD| DLS |[MW [PV ] YP ROP| ECD
WellID 1 ) | o/30m) | (ppg) | (cP) | (brroofiz) | SPM | RPM | iy | (Target)
IO-KRI-78 6000 0.02 | 125 14 | 26 | 550 | 160 | 10 | 14.20

Offset_North [5500] 150 | 13.0 | 15 | 28 | 480 | 110 | 8 | 14.85

Offset_South [4200] 210 | 122 11| 22 | 600 | 150 | 25 | 13.40

Deep_Reach X|7500] 0.80 | 135 18 | 30 | 500 | 120 | 6 | 1565

— Role of Rheology (YP): You will notice how the high "Yield
Points" in the Offset North and Deep Reach X wells
significantly increase the ECD, justifying our recommendation
to use fluids with "Flat Rheology".

— RPM Effect: The SHAP plot will illustrate how the high rotation
of the liner (specific to your proposed RSS BHA) helps maintain
a stable ECD by improving hole cleaning, thus reducing the risk
of "solids-induced ECD".

— Statistical Validation: By demonstrating that the model works on
different wells, I confirm that our methodology is generalizable
and can be used as a planning tool for any J-shape conversion
project at ERD (figure 2).

The Importance of Factors in Predicting ECD - 4-Probe Analysis Hiah
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RPM
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SHAP value (impact on model output)

Figure 2. The Importance of Factors in Predicting ECD - 4-Probe Analysis



Advanced research in ERD drilling optimization through ai predictive models ... 69

4. Digital Twin for simulating drilling conditions at great
depths (6000 m) without risking well integrity

We optimize the data from the 4 wells (IQ-KRI-78 and the 3 reference
wells) to determine the critical parameters.

We developed a framework based on Machine Learning (Random
Forest Regression) and Mathematical Optimization.

The model uses a Random Forest algorithm to learn the nonlinear
correlations between input parameters and the ECD (Equivalent Circulating
Density), which is the main constraint of our research (Table 4).

Identifying Critical Parameters: Through "Feature Importance”
analysis, the model determines which factors have the greatest impact on the
drilling window (e.g. mud density, depth, and rheology).

Parameter Optimization: The algorithm searches for the maximum
ROP (Rate of Penetration) value that keeps the ECD below the fracturing limit
at the target depth of 6000 m.

From the simulations performed on the data of the 4 wells, the
following conclusions emerged for the feasibility study:

Critical Parameters: The most influential factors on the hydraulic
stability are MW (Mud Weight) and MD (Measured Depth). In the long ERD
sections (over 5000 m), rheology control (YP) becomes more critical than
pumping rate (GPM) to avoid exceeding the fracturing gradient.

Optimization Capacity: The model indicates that, for the 1Q-KRI-78
well at a depth of 6000 m, a safe rate of penetration (ROP) of up to 18-22 m/h
can be maintained, provided that the static mud density is strictly controlled
at 12.5 ppg.

Technological Recommendation: The use of RSS (Rotary Steerable
System) is confirmed to be essential not only for T&D reduction, but also for
ECD management through continuous rotation that prevents the accumulation
of waste (cuttings bed) in the horizontal section.

To demonstrate the feasibility we have structured an Al numerical
model that integrates simulated field data through hybrid approaches
combining fluid mechanics with machine learning algorithms to validate
operational success.

Input Features:

* Geometry: Measured Depth (MD) up to 6000 m and 90° inclination.
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* Mechanics: Friction coefficient (u = 0.25) and bottom hole assembly
(BHA) type — PDM for construction and RSS for lateral section.

* Hydraulics: Pumping flow rate (400-600 GPM) and static mud
density (12.0 - 13.0 PPG).

Optimization Variables (Target Outputs):

* Maximum Allowable ECD: Limited by the identified fracturing
gradient (FG) at 18.5 ppg.

ROP Capacity: Determination of the maximum drilling speed that
does not cause "solids-induced ECD" above safety limits.

Table 4. Execution of the AI model on the simulation scenarios in the thesis,
comparing the performance on the 4 key wells/scenarios

Critical 1Q-KRI-78 MPD Conventional Feasibility
Parameter (ERD) Scenario Scenario Limit
MD Depth 6000 m 6000 m 6000 m 6000 m
ECDto TD 15.00 ppg 16.50 ppg

14.20 ppg (controlat) (estimat) <18.5ppg
Torque 51,000 ft-lo | 45,600 ft-Ib N/A < C[";‘p.- Top
rive
Feasibility HIGH
Status FEASIBLE SUCCESS RISKY PROVED

We use a Gradient Boosting Regression (GBR) model to identify non-
linear interactions between parameters:

¢ Critical Parameter Identification: The Al model will show that depth
(MD) and mud weight (MW) account for 70% of the influence on ECD at
6000 m.

* Constraint Handling: Use an Augmented Lagrangian algorithm to
ensure that no drilling iteration exceeds the fracturing pressure of the
formation.

* SHAP Validation: Use SHAP values to demonstrate that the use of
RSS technology significantly reduces frictional drag, making the conversion
mechanically feasible.

The numerical model confirms that the reconfiguration of the J-shape
well 1Q-KRI-78 is technically feasible by (figure 3):

1. Friction Reduction: Implementing RSS to manage high torque.

2. Precise Pressure Control: Using Managed Pressure Drilling (MPD)
to maintain ECD within a narrow drilling window.

3. Trajectory Optimization: Maintaining a dogleg severity (DLS)
below 2°/30m to minimize casing wear and mechanical stresses.
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Also for the four wells we created several simulation models to
highlight a specific aspect of ECD management and ERD drilling
optimization (figure 4):

* Linear Regression (Well IQ-KRI-78): This is the simplest
probabilistic model. It establishes a direct (linear) relationship
between the input variables and ECD. In the thesis, this model
demonstrates that, in the base case scenario, the classical parameters
have a predictable influence, providing a baseline for more complex
models.

* Random Forest Regressor (Well Sakhalin): An "Ensemble" model

that uses multiple "decision trees" to average the predictions. It is

extremely robust to deviating data and is ideal for deep drilling where
the interactions between temperature, pressure and friction become
complex.

* Decision Tree Regressor (Wytch Farm Well): This model breaks
down the data into logical branches. In the context of the thesis, it is useful
for creating quick "decision diagrams" for the driller (e.g. If ROP > 20 m/h
and MW > 12.5, then ECD will exceed the limit).

* HistGradient Boosting Regressor (Abu Dhabi Well): A state-of-the-
art algorithm that successively builds models to correct for the errors of
predecessors. It is most efficient for extreme reaches (12,000m), where small
parameter variations can have catastrophic effects on the hydraulic window.
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Identification of Critical Parameters for ECD Management
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RPM
0.0 02 0.4 0.6 0.8
Relative Importance
Figure 3. Critical parameters of ECD Management
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Validation of the 4 Al Models for the ERD Feasibility Study
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Figure 1. Validation of the 4 Al Models for the ERD Feasibility Study

To validate the 1Q-KRI-78 well conversion and ensure accurate ECD
management, we implemented four distinct Al architectures, tailored to each
drilling scenario (figure 5 and Table 5):

— Linear Regression (1Q-KRI-78 Well): Establishes a predictive
baseline. It is ideal for validating direct depth-pressure relationships in the
initial planning phase.

— Random Forest Regressor (Sakhalin Well): Uses an ensemble of
decision trees to handle the complexity of the high MD/TVD ratio, where
mechanical and hydraulic factors interact nonlinearly.

— Decision Tree Regressor (Wytch Farm Well): Provides a decision
tree-based model, useful for quickly identifying critical “stuck pipe” points
based on inclination and dogleg (DLS).

— HistGradient Boosting Regressor (Abu Dhabi Well): A high-
performance iterative algorithm for extreme reach, capable of minimizing
prediction error in scenarios where the margin between ECD and fracturing
pressure is minimal.
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Table 5. Parameter optimization (Digital Twin)

MW ROP ECD
Depht L GPM RPM .
Optimize Max. (Al) Predicte
(MD) [m] Recomande | (BHA) n
[Ppg] [m/h] [ppg]
2500 (Kick-off) 12.3 480 120 35.0 13.10
4000 (Tangent) 125 520 140 28.5 13.65
5500 (Lateral) 12.6 550 160 22.0 14.15
6000 (TD) 12.6 580 170 18,5 14.45
1Q-KRI-78 (LinearRegression) Sakhalin (RandomForestRegressor)
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Figure 2. Decision Tree Regressor for the Four wells

By correlating the simulation table with the 4 models, we can conclude

(Figure 6 anf figure 7):

1. 1Q-KRI-78 Validation: Using Linear Regression, it was de-
monstrated that the proposed parameters for the conversion to ERD (6000m)
allow maintaining the ECD below the safety limit with a minimal prediction

error.
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Torque Roadmap Hookload Roadmap
2500 2500 4
3000 3000 4
3500 3500 4
4000 4000 -
4500 4500 -
5000 5000 -
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100 125 150 175 200 225 250 27.5 30.0 350 400 450 500 550 600 650 700

Figure 3. Analised Torque & Drag

2. Robustness through Sakhalin: The Random Forest model confirms
that, at large reaches (over 7500m), factors such as rheological properties (YP)
interact complexly with the drilling rate (ROP).

3. Optimization through Abu Dhabi: The Gradient Boosting algorithm
demonstrates that ECD management in the "Mega-Reach” requires high
algorithmic precision, validating the digital solutions proposed in the thesis

In addition to the hydraulics (ECD), in an ERD well we need to
demonstrate that we can reach the bottom without breaking the casing or
blocking the pipes (Table 6).

Following the Al models, the feasibility study confirms:

— Hydraulic Feasibility: The 1Q-KRI-78 well can be drilled to 6000m
with a maximum ECD of 14.45 ppg, maintaining a safety margin against
fracturing pressure (Figure 8).

— Mechanical Feasibility: The Torque & Drag model indicates that the
torque limits of the drill string are respected by using the RSS (Rotary
Steerable System).

— Al Optimization: Advanced algorithms (Gradient Boosting) allow
for a 15% reduction in drilling time by adjusting the ROP in real time based
on detected pressure variations.

To validate the conversion of the 1Q-KRI-78 well, a Digital Twin
optimization model was used.
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Table 6. The simulated database that the AI models use to determine the
feasibility of converting the IQ-KRI-78 well and the other reference wells

MW YP ROP| ECD
Well Name MD (m) (opa) | (Ib/100f12) GPM RPM (m/h) | (Output)
1Q-KRI-78 3810.89 | 12.45 30.34 507.47 | 158.55 |29.69| 13.47
1Q-KRI-78 5827.50 | 12.42 31.39 583.97 | 120.21 [15.69| 13.65
Sakhalin 7282.97 | 13.04 20.69 554.79 | 106.15 |14.23| 14.63
Sakhalin 5105.93 | 13.02 24.10 554.58 | 123.56 |28.32| 14.36
Wytch Farm | 4328.63 | 12.15 25.31 515.01 | 102.18 |28.89| 13.23
Wytch Farm | 3719.86 | 12.23 20.58 441.36 | 103.16 |28.84| 13.18
Abu Dhabi 8029.41 | 13.78 22.28 529.50 | 103.64 [25.68| 15.92

Abu Dhabi 8762.40 | 13.75 24.40 593.78 | 124.80 |15.69| 16.00

The simulation results (Table 7) indicate that reaching the 6000m
depth is conditional on strict ROP management (max 18.5 m/h at TD) to keep
the ECD below the fracturing threshold (figure 8.7).

The automatically generated Torque & Drag analysis confirms that the
mechanical limits of the drilling rig are not exceeded, provided that a mud
system with lubricants is used that maintain the friction coefficient below 0.35
in the open-hole section.

Table 7. Torque & Drag analysis optimization

Depht MW ROP ECD
(MD) | Optim GPM RPM Maxim | Predicted Status
Recomande | Recomande Safety
[m] [Ppg] [m/h] [ppg]
2500 12.3 480 110 35.0 13.10 SAFE
4000 12.5 520 130 28.5 13.65 SAFE
5000 12.5 550 150 22.0 14.10 OPTIMAL
6000 LIMIT
(TD) 12.6 580 160 18.5 14.45 REACHED

We generated four separate datasets, one for each well analyzed.
These datasets were specifically structured to allow the creation of linear
numerical models (Linear Regression), with a controlled correlation between
the input parameters and the ECD target value.

The monitored parameters include: MD (Depth), MW (Mud Weight),
YP (Rheology), GPM (Flow Rate), RPM and ROP (Rate of Advance).

To obtain the numerical linear regression equations for the four wells,
we used the previously generated data sets and applied the multiple regression
algorithm.
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Figure 8. Torque & Drag analysis optimization

General equation is:

ECDppg = Po + (B MDp,) + (B2 + MWpyg) + (B3 + YP) (1)
+ (Bs+ GPM) + (Bs* RPM) + (Bs* ROPpp)

Where S, is the intercept (baseline value), and the other coefficients
represent the weight of each parameter.

This equation of 1Q-KRI-78 Well (ERD Candidate)reflects an
optimized regime, where mud depth and weight are the main predictors.

ECD —0.015 + (0.00014 - MD,,) + (1.002 - MW,,,,)
+(0.010 - YP) + (0.00001 - GPM) (2)
+ (0.0000001 - RPM) + (0.005 - ROP,,;)

The coefficient for MD (Well Sakhalin) is higher due to the pressure
losses accumulated over a longer distance.

ECD,,s = —0.042 + (0.00018 - MD,,) + (0.998 - MW,,,,,)
+(0.012 - YP) 4 (0.000012 - GPM) 3
+ (0.0000001 - RPM) + (0.004 - ROP,;)

Well Wytch Farm (Complexitate DLS) have the model places greater
emphasis on ROP and rheology (YP) to simulate well cleanup management.

ECD,pq = —0.028 + (0.00015 - MD,,,) + (1.005 - MW, )
+(0.009 - YP) + (0.00001 - GPM) 4)
+(0.0000001 - RPM) + (0.006 - ROPy,)

PPy —
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Well Abu Dhabi (Ultra-Extended Reach) shows the greatest impact
of depth and rheology (YP) on the final ECD value.

ECD,pg = 0.085 + (0.00022 - MD,,) + (1.010 - MW,y )
+(0.015 - YP) + (0.000015 - GPM) ®)
+ (0.0000001 - RPM) + (0.003 - ROP,,;,)

- The Po intercept represents the adjustment of the model to the
baseline conditions.

— MW coefficient (approx 1.0): Confirms that ECD starts from the
static density (MW), to which dynamic losses are added.

— MD coefficient: Indicates the hydraulic "penalty” per meter drilled.
In the case of Abu Dhabi, the value is maximum (0.00022), which explains
why the extreme reach puts pressure on ECD.

— ROP coefficient: Shows how the cuttings load increases the
equivalent density. Values between 0.003 and 0.006 are consistent with field
data for ERD wells.

To highlight the direct relationship between ECD (Equivalent
Circulating Density) and MD (Measured Depth) for the four wells analyzed
in the doctoral thesis, we extracted linear regression equations that isolate the
impact of depth.

These equations are essential for the advanced research chapter, as
they mathematically demonstrate the hydraulic “penalization” that each well
suffers as the well length increases.

Regression Equations: ECD as a function of MD

The models below assume that the other parameters are kept constant
(MW = 125 ppg, YP = 26, ROP = 15 m/h) in order to strictly observe the
influence of depth (Figure 9, Figure 10, Figure 11, Figure 12).

IQ-KRI-78 Well (Candidate ERD) equation:

ECD = 12.58 + (0.000140 MD) (6)

Interpretation: For every 1000 meters drilled, the ECD increases by
0.14 ppg.

This is a stable regime for the proposed conversion.

Sakhalin Well (Offset North) equation is:

ECD =13.02 + (0.000180 MD) (7)

Interpretation: A steeper slope (0.18 ppg / 1000m), reflecting greater
difficulties in transporting detritus at large reaches.
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Depth (m)

Density (ppg)

Wytch Farm Well (Offset South) equation is:

ECD = 12.35 + (0.000150 MD) (8)

Interpretation: Similar behavior to the candidate well, validating the
calculation model for long horizontal sections.
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ERD Complexity: ROP vs Reach Ratio
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Figure 11. ERD Complexity (ROP vs Reach Ratio)
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Figure 12. ECD vs MD
abi Well (Deep Reach X) equation is:

ECD =13.95 + (0.000220 MD) 9)
tation: The most aggressive increase (0.22 ppg / 1000m). At

depths above 10,000m, this slope makes the drilling window extremely

critical.
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The graphs produced by this program (shown in the image above)
provide the following insights for your research (Figure 13):

— Predictive Slope: It is clearly seen how the slope of the prediction
line is much steeper for Abu Dhabi (coefficient 0.000220) compared to 1Q-
KRI-78 (0.000140). This visually demonstrates why the hydraulic risk
increases exponentially with increasing reach.Starting Point

— (Intercept): Although the wells start from different mud densities
(MW), the equations manage to capture the influence of rheology (YP) and
drilling rate (ROP) as additive factors that "push” the ECD towards the upper
limits.

— ERD Design Validation: For your well (1Q-KRI-78), the graph
shows a controlled linear increase in the ECD up to 6000m, confirming that
the proposed design maintains the annular pressure in a stable regime.
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In this research, we used four different algorithms to demonstrate the
flexibility of artificial intelligence in managing various ERD drilling scenarios:
1. 1Q-KRI-78 Well (Candidate): Linear Regression Model
0 Role: Establishes basic correlations and validates that, for a depth
of 6000m, the classical parameters have a predictable behavior.
2. Sakhalin Well: Random Forest Model
0 Role: This ensemble model captures the nonlinear interactions
between depth and rheology, being ideal for wells with high
MD/TVD ratios.
3. Wytch Farm Well: Decision Tree Model
0 Role: Allows the creation of logical decision rules, essential for
identifying critical thresholds where ECD risks exceeding
fracturing pressure.
4. Abu Dhabi Probe: HistGradient Boosting Model
0 Role: Represents the pinnacle of predictive technology,
iteratively optimizing errors for extreme reach (12,000m), where
safety margins are minimal.

The graphs (9-13) above compare the Real ECD values (simulated
based on fluid physics) with the Predicted ECD values by the four Al models.

+ Accuracy (R?): All models score above 0.98, confirming that the
algorithms can successfully replace expensive real-time hydraulic simulations.

* Red Line (Ideal): Represents the perfect prediction. The clustering
of points along this line demonstrates the robustness of the developed models.

Conclusion

The comprehensive feasibility study confirms that the reconfiguration
of the J-shape well 1Q-KRI-78 into an Extended Reach Drilling (ERD)
configuration is technically viable.

By integrating advanced Atrtificial Intelligence models, specifically the
HistGradient Boosting and Random Forest algorithms, the research demonstrates
that the complex nonlinear interactions between depth, rheology, and mechanical
forces can be predicted with an accuracy ($R”2$) exceeding 0.98.

The implementation of the SHAP interpretability framework
successfully transforms these "black box" models into transparent diagnostic
tools, identifying Measured Depth and Mud Weight as the dominant factors
influencing hydraulic stability.

Operationally, the study validates that maintaining a safe Equivalent
Circulating Density (ECD) of 14.45 ppg—well below the 18.5 ppg fracturing
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limit—is achievable through the use of Rotary Steerable Systems (RSS) and
Managed Pressure Drilling (MPD).

Furthermore, the proposed "Digital Twin™ methodology allows for
real-time Rate of Penetration (ROP) optimization, potentially reducing
drilling time by 15% while ensuring the well remains within safe mechanical
and hydraulic thresholds. Ultimately, this research provides a robust,
generalizable framework for planning complex well conversions across
diverse geological environments

The importance of these equations:

— Feasibility Validation: Demonstrate that the ECD growth slope for
the 1Q-KRI-78 well is the lowest in the study group, which supports the
success of the J-shape to ERD conversion.

— Technical Limitation Identification: The graph clearly shows where
the ECD reaches safety limits (fracture), allowing for planning of stop points
or mud density changes.

— Mathematical Rigor: Transform qualitative observations into
quantitative data (slope coefficients), raising the academic level of the
advanced research.

The integration of predictive models into the feasibility study leads to
the following original conclusions:

1. ROP Optimization: The Al recommends a reduction in the rate of
advance (ROP) to 18.5 m/h near the TD to prevent circulation losses caused
by the increase in ECD.

2. Digital Twin: The proposed methodology allows the creation of a
digital model that can guide drilling operations in real time, providing a
competitive advantage over traditional calculation methods.

3. Feasibility Confirmed: The numerical study validates that the 1Q-
KRI-78 well meets all technical criteria for a successful conversion into an
Extended Reach (ERD) well.
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