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Abstract

With the in-depth application of digital transformation in the oil industry, data-driven
methods provide a new technical path for drilling engineering safety evaluation. In this
paper, a data-driven drilling safety level evaluation system is proposed. By integrating
the three-dimensional visualization technology of wellbore trajectory and the prediction
model of friction torque, a dynamic and intelligent drilling risk evaluation framework is
constructed. The Python platform is used to integrate geomechanical parameters, real-time
drilling data, and historical working condition records, and the machine learning algorithm
is used to train the friction torque prediction model to improve prediction accuracy. Based
on the K-means clustering evaluation method, a three-tier drilling safety classification
standard is established: Grade I (low risk) for friction (0–100 kN) and torque (0–10 kN·m),
Grade II (medium risk) for friction (100–200 kN) and torque (10–20 kN·m), and Grade
III (high risk) for friction (>200 kN) and torque (>20 kN·m). This enables intelligent
quantitative evaluation of drilling difficulty. The system not only dynamically optimizes
bottom-hole assembly (BHA) and drilling parameters but also continuously refines the
evaluation model’s accuracy through a data backtracking mechanism. This provides a
reliable theoretical foundation and technical support for risk early warning, parameter
optimization, and intelligent decision-making in drilling engineering.

Keywords: data-driven; multivariate coupling trajectory prediction; friction torque prediction;
machine learning; drilling safety level evaluation

1. Introduction
At present, domestic drilling software products still exhibit significant shortcomings in

terms of functional integration, application coverage, and intelligentization level, making it
difficult to meet the precision and intelligent requirements for drilling safety evaluation in
oilfield production [1]. Particularly in the assessment of drilling safety levels, traditional
methods predominantly rely on empirical formulas and static models, lacking data-driven
dynamic analysis capabilities, which results in insufficient accuracy and timeliness of
evaluation outcomes [2]. With the advancement of digital-intelligent construction in oil
and gas fields, data-driven drilling safety evaluation technologies have become a research
hotspot in the industry. Scholars worldwide have achieved a series of important research
results in this field [3].

The trajectory module of the domestic drilling software is still based on the simplified
arc-line model, without considering the nonlinear contact between the drill string and
the borehole wall and the formation anisotropy. The error of the target center distance in
the horizontal section can reach 1.8 times that of the Landmark result [4,5]. The friction
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torque model has poor adaptability to long horizontal sections, and the friction and torque
errors in well sections above 1500 m are as high as 18% and 22%, respectively. The main
reason is that the dynamic effects of drill string buckling, whirling, and wellbore cleanliness
are ignored [6]. At the same time, the lack of unified input standards for key parameters
such as wellbore roughness and mud cake friction coefficient leads to a large dispersion
of calculation results in the same block [7]. Although studies have confirmed that the
introduction of an on-site big data self-correction module can reduce the error to less than
8%, However, no mature commercial software products currently exist in the industry
market [8]. Low trajectory accuracy and poor friction torque reliability have become the “
neck “ links in the application of domestic software in deep and unconventional wells. It is
urgent to upgrade high-order models, data inversion, and parameter standardization.

Data-driven methods have demonstrated remarkable advantages in international
drilling safety evaluation. Research indicates that integrating machine learning algorithms
with geomechanical models enables a dynamic assessment of wellbore stability risks [9].
For example, the Quantitative Risk Assessment (QRA) technique developed by Moos et al.,
which employs Monte Carlo simulation, can quantify the impact of uncertainties in key
geomechanical parameters on safe drilling fluid density windows, significantly improving
the reliability of wellbore stability predictions [10]. Similarly, Chinese researchers have
developed a segmented friction torque calculation model for slim-hole extended-reach hor-
izontal wells by analyzing influencing factors such as lateral length, trajectory profile, and
bottom hole assembly (BHA), providing a theoretical basis for safe drilling operations [11].

Landmark software, as an internationally recognized drilling engineering applica-
tion, demonstrates comprehensive functionality but suffers from two notable operational
limitations: firstly, its complex interface requires extensive parameter inputs (Figure 1)
that demand specialized expertise, creating substantial barriers for novice users; secondly,
the prohibitively expensive licensing structure. In response to these challenges, our re-
search has developed a streamlined drilling engineering support tool featuring optimized
human–machine interaction and simplified parameter input protocols. This innovation sig-
nificantly reduces the learning curve and accessibility threshold, enabling efficient operation
by non-specialist personnel while maintaining professional-grade functionality [12–15].

Figure 1. Landmark operation process.

Based on the data-driven concept, this paper develops a set of intelligent drilling safety
evaluation systems by using Python (version 3.12.1). By integrating multiple coupling
trajectory prediction technologies and a multi-parameter coupling friction torque prediction
algorithm, a three-level drilling safety intelligent evaluation system, including grade I (low
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risk), grade II (medium risk), and grade III (high risk), is constructed. The system realizes
automatic analysis from drilling parameter input to safety level output, provides wellbore
trajectory visualization, friction torque prediction, and optimization suggestions, and
provides intelligent solutions for drilling engineering risk prevention and control and
parameter optimization.

2. Multivariate Coupling Trajectory Prediction Model
The formation of a wellbore trajectory is a dynamic process of complex interaction

between drill bit and formation. Aiming at the technical bottlenecks such as insufficient
trajectory control accuracy, trajectory deviation caused by formation heterogeneity, and
complex mechanical properties of BHA ((Bottom Hole Assembly) refers to the combination
of drill bits, drill collars, stabilizers and other components located at the bottom of the drill
string, which significantly influences drilling direction and efficiency) in reservoir drilling,
this paper proposes a trajectory prediction model based on an improved mechanical analy-
sis method. By introducing the mechanical mechanism of the influence of rotational speed
centrifugal force on the trajectory of high curvature section, the traditional equilibrium
trend method is theoretically expanded, and a multi-coupling dynamic prediction system
is established, as illustrated in Figure 2. The model integrates multidimensional influencing
factors such as formation anisotropy, bit cutting characteristics, mechanical properties of
steering tools, and drilling process parameters, and provides new theoretical support for
precise trajectory control [16–20].

Figure 2. BHA drilling trend analysis.

This trajectory prediction model is fundamentally established based on the mechanical
equilibrium principle between centrifugal and gravitational forces. The inclination trend
angle Ar, defined as the deviation between drilling trend direction (er) and actual trajectory
(x), serves as the primary input. During build-up sections, the interplay of rotary centrifugal
force (W4) and gravity causes systematic downward deviation, which is quantified by the
modified expression:

Ar = arccos

 k11w1 + k12w2 + k13w3√
w2

1 + w2
2 + w2

3

− k14w4 (1)

(Note: The original model did not include the terminal correction term k14w4. This
newly added term compensates for the additional influence of centrifugal force on well
deviation tendency under ultra-high-speed operating conditions).
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Here, k11, k12, k13 are the theoretical build-up rate, (◦/30 m) (the build-up rate of
the drilling tool under different working conditions is related to formation characteristics
and drilling tool combination); w1, w2, w3 are the centrifugal effect coefficient, and the
centrifugal force influences weight in different speed ranges (low, medium, and high)
(dimensionless); k14 is the centrifugal correction factor, which is an additional correction
factor of high-speed centrifugal force on well deviation trend (◦/30 m); w4 is the centrifugal
coefficient under special conditions and is the centrifugal correction coefficient at ultra-high
speed or extreme speed (dimensionless).

The trajectory prediction model is in the dynamic synergy of slope, centrifugal effect,
gravity compensation, and rotational speed. The theoretical build-up rate k1j is used to
characterize the inherent build-up ability of the drilling tool, and the centrifugal effect
coefficient wj is used to quantify the weighted influence of centrifugal force on the trajectory
in different speed ranges, and then the gravity correction term k14w4 is used to dynamically
offset the excessive build-up caused by centrifugal force. Among them, the weighted
summation of the molecular part reflects the adaptability of the working condition, and
the denominator normalization ensures the rationality of the angle. Finally, through the
coupling calculation of the inverse cosine function and the gravity compensation, the
accurate prediction of the well deviation trend is realized. This coupling mechanism
dynamically correlates mechanical parameters (rotational speed, drilling tool character-
istics) with physical effects (centrifugal force, gravity), providing a quantitative basis for
optimizing drilling control.

It can be seen from Formula (1) that the well deviation trend Ar is negatively correlated
with the rotational speed centrifugal coefficient W4, so the smaller the rotational speed
centrifugal coefficient W4, the greater the Ar. It shows that the model can more accurately
reflect the actual trajectory of the drilling tool under the combined action of centrifugal force
and gravity. Figure 3 comparatively demonstrates the accuracy improvement achieved by
this new model, which effectively quantifies the rotational speed’s dynamic influence on
centrifugal effects through its innovative coupling mechanism.

(a) (b) 

Figure 3. Trajectory prediction comparison diagram: (a) real drilling hole trajectory prediction;
(b) Simulated wellbore trajectory prediction.

3. Friction Torque Prediction Model
In the study of drilling string mechanics, the friction resistance calculation model can

be classified into two dimensions: spatial dimension and material characteristics. From the
perspective of spatial dimension, it can be divided into a two-dimensional plane model
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and a three-dimensional space model. Based on the assumption of the mechanical behavior
of pipe string, it can be divided into two types: rigid rod and soft rod model [21–24].

By fully considering the elastic deformation characteristics of the string, the soft rod
model can more accurately simulate the actual stress state of the string in the wellbore. As
shown in Figure 4, in the process of mechanical analysis of the pipe string, the discrete
method is usually used to divide the pipe string into several micro-element segments for
analysis. The model is based on the following basic assumptions: (1) The string and the
borehole wall maintain continuous contact and produce normal positive pressure; (2) In the
process of lifting or lowering the pipe string, the contact surface will produce friction force
opposite to the direction of motion; (3) When the pipe string rotates axially, the contact
surface will produce circumferential friction resistance moment. This modeling method
can more truly reflect the mechanical behavior of the string in complex boreholes [10]. In
view of the research conditions in this paper, the influence of the elastic deformation of the
pipe string on the friction torque is particularly significant, so the soft rod model is used to
improve the calculation accuracy.

Figure 4. Mechanical state analysis of soft-string model.

Nϕ = (Fi + Fi−1) sin α sin(∆ϕ/2)
NG = (Fi + Fi+1) cos(∆ϕ/2) sin(∆α/2) + we∆L sin α

(Fi − Fi+1) cos(∆ϕ/2) cos(∆α/2) = we∆L cos α ± (Ff + Fv)

Mi = DFt/2 + Mv + Mi−1

Ni = (N2
ϕ + N2

G)
1/2

Ff = faNi

Ft = ftNi

fa = f v/
√

v2 + (Dω/2)2

ft = f Dω/
[

2
√

v2 + (Dω/2)2
]

α = (αi + αi−1)/2
∆α = (αi − αi−1)

∆ϕ = (ϕi − ϕi−1)

(2)

where Ni is the lateral positive pressure on the i-segment micro-segment (N); N∅ is the
lateral positive pressure on the azimuth plane (N); NG is the lateral positive pressure on
the deviated plane (N); Fi is the upper axial force of the first segment of the i segment,
the tension is positive, the pressure is negative (N); Ff is the axial friction force of the i-th
micro-element segment (N); Ft is the circumferential friction force of the i-th segment (N);
fa is the friction coefficient of the micro-element along the axial direction, dimensionless; f
is the friction coefficient of the infinitesimal segment along the circumferential direction
component, dimensionless; v is the axial velocity of the string in the wellbore, (m/s); Fv is
the axial viscous resistance of the string (N); Mv is the circumferential viscous torque of the
string (N·m); ω is the rotation speed of the pipe string (rad/s); D is the outer diameter of
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the pipe string (m); Mi is the torque of the upper part of the i-th segment (N·m); we is the
floating weight per unit length of the i-th segment (N/m); γm is the density of drilling fluid
(g/cm3 ); γs is the density of the column, generally (7.8 g/cm3); α is the average deviation
angle of the micro-segment (rad); ∆α is the deviation angle difference between the upper
and lower parts of the infinitesimal section, rad; ∆∅ is the azimuth difference between the
upper and lower parts of the micro-element segment (rad).

This set of equations rigorously embodies the foundational assumptions of the soft-
rod model, as outlined at the beginning of this section. Specifically, the following hold:
(1) The pipe string maintains persistent contact with the wellbore wall, generating a normal
pressure Ni (as defined by the resultant of Nϕ and NG). (2) During pipe lifting or lowering,
the contact surface induces frictional forces (Ff) opposing the direction of motion, with
Ff = faNi incorporating the velocity-dependent coefficient fa. (3) When the pipe rotates
axially, circumferential frictional torque (Mi) arises, governed by the rotational friction
term ft in Ft = ftNi. The geometric nonlinearities (incremental angles ∆α, ∆ϕ) and dynamic
effects (fa, ft) are explicitly derived from these assumptions, with all terms consistently
linked to the physical constraints of the system.

This paper achieves deep integration between trajectory parameters and friction torque
calculation through a soft-string model. The technical implementation occurs at two levels:
(1) Theoretical modeling: Using discretized micro-segment analysis, wellbore curvature is
converted into contact normal force input while inclination trend angle modifies centrifugal
effect coefficients, establishing a quantitative trajectory-mechanics coupling relationship.
(2) Software implementation: Through modular programming, we first execute wellbore
trajectory prediction, then feed the predicted parameters (including curvature and in-
clination angle) into the friction torque calculation module—where curvature directly
contributes to normal force computation and inclination angle dynamically adjusts cen-
trifugal coefficients. The final friction torque output incorporates both geometric features
and mechanical responses. This dual theoretical-algorithmic coupling enables dynamic
reflection of trajectory control quality in predictions, providing multidimensional feature
sets for safety evaluation systems.

4. Construction of Drilling Safety Grade Evaluation System
Based on the visualization of the wellbore trajectory, the prediction of friction torque

in the whole well section is further studied with the calculation of friction torque as the
core. By establishing an accurate mathematical model, the friction torque value of each well
section is accurately calculated. Based on the system engineering methodology, this paper
constructs a multi-level and modular data-driven drilling safety classification evaluation
technology system to provide more scientific decision support for drilling engineering.

4.1. Data Acquisition and Feature Engineering

Based on the system engineering methodology, this study uses multi-source data
fusion technology to systematically integrate the experimental data of friction and torque
of drilling parameter combination and BHA, and constructs a high-reliability engineering
data set. The research data are derived from the field-measured data of directional wells
and horizontal wells, mainly including four key parameters: (1) drilling wellbore geometric
parameters; (2) mechanical parameters of drilling tools; (3) drilling fluid performance
parameters; (4) measurement parameters while drilling.

In the process of feature engineering, a series of strict data quality control measures are
adopted in this study. Firstly, the interpolation algorithm is used to repair the missing data
to ensure data integrity. Then the dimensional influence is eliminated by standardization;
finally, the Pearson correlation analysis method is used to screen out the characteristic
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parameters with significant engineering significance, such as the torque coefficient and
equivalent drilling speed. The optimized multidimensional feature space effectively im-
proves the data signal-to-noise ratio and lays a solid foundation for subsequent analysis.

Based on the above high-quality data sets, this study applies the K-means++ clustering
algorithm to realize the effective identification and classification of different drilling condi-
tions. This method not only accurately captures the essential differences between working
conditions but also provides reliable data support for subsequent statistical analysis and
machine learning modeling.

4.2. Joint Density Distribution Characteristics of Friction and Torque

In the data analysis stage, the hexagonal binning method is used to analyze the binary
joint density of friction and torque parameters. By dividing the data space into hexagonal
units, this method effectively avoids the boundary effect of traditional rectangular bins and
presents the distribution characteristics of data more intuitively. Further combined with
kernel density estimation and probability density function calculation, the visualization of
the two-dimensional joint distribution characteristics of friction and torque parameters is
presented, and the nonlinear correlation and regional concentration trend between the two
are quantitatively revealed.

The key mechanical properties of drilling conditions are revealed by analyzing the
joint distribution density diagram of friction torque. The data distribution in Figure 5
intuitively verifies that there is a significant nonlinear positive correlation between friction
and torque (Spearman, ρ = 0.78), indicating that there is a significant positive correlation
between them. However, the distribution of data points showed a curve shape, and the
nonlinear relationship between the two was further verified by polynomial regression
(R2 = 0.85), which provided an important theoretical basis for the construction of a data-
driven safety evaluation model.

Figure 5. Friction torque joint distribution density.

Through the systematic analysis of the joint distribution of friction and torque, it
is found that the data distribution shows a significant multi-peak characteristic, which
indicates that there are obvious clustering differences in the combination of friction and
torque under different drilling conditions. Further research reveals that the identification
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method of abnormal working conditions based on kernel density estimation can effectively
capture the high-risk working conditions of an abnormal increase in friction torque. These
key findings provide data support and a theoretical basis for establishing a scientific and
reasonable three-level safety classification standard.

4.3. Risk Classification Based on Improved K-Means++

Based on the results of friction torque joint density analysis, this paper innovatively
uses the improved K-means++ clustering algorithm to classify the working conditions
intelligently [25–27]. The application of the K-means++ clustering algorithm in this study
is supported by solid theoretical foundations and practical validation. This algorithm
has demonstrated outstanding performance across multiple critical aspects of petroleum
engineering: Lv Qiang [28,29] successfully achieved refined three-tier productivity classifi-
cation for over 150 production wells, providing a basis for shut-in strategy optimization;
Ali A [30] established a lithofacies identification system with 89% accuracy, significantly
enhancing geosteering capabilities; Zhang [31] effectively delineated hydraulic flow units
in carbonate reservoirs; URTeC [32] further confirmed its ability to increase estimated
ultimate recovery (EUR) per well by over 15%. Compared to DBSCAN or Gaussian Mixture
Models, K-means++ not only offers superior engineering interpretability but also exhibits
better performance in terms of feature space dimensionality sensitivity. These advantages
align perfectly with the feature engineering results of this study, fully demonstrating the
suitability and advanced nature of this algorithm for our research.

Firstly, the initial clustering center selection strategy is optimized based on the density
distribution characteristics, so that the division of I–III risk intervals is more in line with
engineering practice. Secondly, the feature weighting mechanism is introduced to make
the clustering process more focused on the key influencing factors. Finally, by dynamically
adjusting the iteration termination condition, the computational efficiency is significantly
improved while ensuring the accuracy. These improvements make the classification results
highly consistent with the actual working conditions on site.The classification schematic is
shown in Figure 6.

Figure 6. K-means clustering classification results.

Using the systematic clustering analysis method, the optimal clustering number
K = 3 was scientifically determined by the double verification of the Silhouette Coeffi-
cient and the Elbow Method. In terms of distance measurement, Euclidean distance
is selected as the similarity evaluation standard, and the feature weight optimization
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mechanism is introduced. Finally, the experimental data are objectively divided into
three risk levels with significant statistical differences: Grade I low-risk area (friction
0–100 kN/torque 0–10 kN·m), Grade II medium-risk area (friction 100–200 kN/torque
10–20 kN·m), Grade III high-risk area (friction > 200 kN/torque > 20 kN·m). The clustering
results not only naturally form a classification threshold with engineering significance
but also have various centroids that more accurately characterize the typical mechanical
characteristics of different risk levels. This method, based on unsupervised learning, effec-
tively avoids the subjective deviation of artificially set thresholds and provides a reliable
data-driven mathematical basis for establishing a scientific and reasonable drilling safety
classification standard.

4.4. The Construction and Application of Evaluation System
4.4.1. Establishment of Assessment Standards

This study developed a data-driven friction torque prediction model through multi-
source drilling data integration and machine learning analysis, systematically incorporating
multidimensional variables including well trajectory parameters, bottom hole assembly
characteristics, and formation conditions. Using an improved K-means++ clustering algo-
rithm for intelligent analysis of experimental data, we found that setting the cluster number
to 3 yielded optimal silhouette coefficients, demonstrating that drilling risk parameters
naturally form a three-tier distribution in feature space. Building upon these data-driven
findings and practical engineering requirements, we established a three-level drilling safety
evaluation standard.

The three-tier risk classification system was designed based on two key consider-
ations: (1) enabling rapid on-site decision-making through an efficient data feedback
mechanism—when drilling parameters approach risk thresholds, engineers can proactively
mitigate risks by adjusting operational parameters to ensure safe and efficient drilling;
(2) compliance with industry standards as evidenced by similar classification systems in
existing literature. The three distinct risk levels are defined as follows: Level I (Low risk:
allowing unrestricted parameter optimization), Level II (Medium risk: requiring parameter
adjustments), and Level III (High risk: necessitating immediate intervention). This classifi-
cation provides field operations with clear, actionable risk management benchmarks. with
detailed classification criteria shown in Table 1.

Table 1. Evaluation standard of drilling safety grade.

Friction (kN) Torque (kN·m) Grading Standard

0~100 0~10 Grade I (low risk)

100~200 10~20 Grade II (moderate risk)

>200 >20 Grade III (high risk)

The data-driven drilling safety level evaluation system constructed in this paper ana-
lyzes the correlation characteristics between the friction torque prediction value and the
wellbore trajectory parameters in real time through the machine learning algorithm, and in-
telligently optimizes the BHA and drilling parameters. The system realizes closed-loop man-
agement from mechanical calculation to risk early warning, which can dynamically identify
and prevent risk conditions such as sticking and abnormal bit wear, significantly improve
drilling efficiency, and provide intelligent decision support for safe and efficient drilling.

4.4.2. Actual Application Analysis

Taking wells A1, A2, and A3 as specific examples, the drilling safety level is evaluated.
with detailed drilling operation parameters presented in Table 2.
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Table 2. Parameter input data table.

Parametric Input
Well Name

A1 A2 A3

Kick-off point (m) 0 0 0

End of build-up section (m) 500 600 700

Vertical section length (m) 800 1000 1000

Horizontal displacement (m) 800 1000 1500

Inclination angle (◦/30 m) 10 15 10

Azimuth angle (◦/30 m) 20 30 40

Curvature in horizontal projection (◦/30 m) 3 6 9

Curvature in vertical projection (◦/30 m) 3 6 9

Drilling fluid density (g/cm3) 1.15 1.15 1.15

Drill string steel density (g/cm3) 7.85 7.85 7.85

Weight on bit (kN) 50 80 100

Friction coefficient 0.21 0.25 0.32

Bit outer diameter (mm) 215.9 215.9 215.9

Drill collar inner diameter (mm) 57.2 71.4 57.2

Drill collar outer diameter (mm) 158.8 152.4 152.4

Drill collar linear weight (kg/m) 135.6 111.8 123.7

Drill pipe inner diameter (mm) 121.4 108.6 107.7

Drill pipe outer diameter (mm) 139.7 127 127

Drill pipe linear weight (kg/m) 38.48 32.87 26.7

The calculation results of Well A1:
According to Figure 7, the friction is 34.25 kN, the torque is 4.36 kN·m, and the drilling

safety evaluation grade is grade I (low risk). It can be inferred that the scheme is reasonable
and meets the requirements of safe drilling under this working condition.

 
(a)  (b)  

Figure 7. Variation of pipe string friction resistance and torque with well depth. (a) Accumulated
friction resistance of pipe string at different well depths. (b) Accumulated friction torque of string at
different well depths.

The calculation results of Well A2:
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It can be seen from Figure 8 that the friction is 175.12 kN, the torque is 11.36 kN · m,
and the safety level of drilling evaluation is grade II (medium risk). This feature indicates
that the downhole friction torque has been increasing, and the goal of reducing friction and
drag can be achieved by optimizing drilling parameters and optimizing BHA.

 
(a)  (b)  

Figure 8. Variation of pipe string friction resistance and torque with well depth. (a) Accumulated
friction resistance of pipe string at different well depths. (b) Accumulated friction torque of string at
different well depths.

The calculation results of Well A3:
It can be seen from Figure 9 that the friction is 272.34 kN and the torque is 28.53 kN·m,

so the drilling safety level is evaluated as grade III. The calculation results show that the
current drilling scheme has reached the warning threshold, and the following optimization
measures should be taken to reduce the friction torque: (1) re-optimize the wellbore
trajectory and reduce the full-angle change rate; (2) adjust drilling fluid performance
parameters, improve lubrication characteristics and adjust drilling parameters such as
drilling pressure; (3) optimize the configuration of BHA to reduce the contact force between
string and borehole wall.

 
(a)  (b)  

Figure 9. Variation of pipe string friction resistance and torque with well depth. (a) Accumulated
friction resistance of pipe string at different well depths. (b) Accumulated friction torque of string at
different well depths.

In this paper, through the engineering verification of three wells A1, A2, and A3, it is
confirmed that the data-driven drilling safety evaluation system has significant engineering



Processes 2025, 13, 2469 12 of 14

value. It also reflects the unique advantages of data-driven methods in drilling risk preven-
tion and control: through the complete closed-loop of quantitative evaluation → precise
early warning → intelligent optimization, the transformation from “post-processing” to
“pre-prevention” is realized. In the future, the dynamic response capability of the system
can be further improved by accessing real-time data while drilling.

5. Conclusions
• This study developed a data-driven drilling safety classification system through a

statistical analysis of field data and an improved K-means++ algorithm, establishing a
three-tier risk assessment framework: Grade I (low risk) for friction (0–100 kN) and
torque (0–10 kN·m), Grade II (medium risk) for friction (100–200 kN) and torque
(10–20 kN·m), and Grade III (high risk) for friction (>200 kN) and torque (>20 kN·m).
This classification standard significantly improves evaluation accuracy and timeliness,
providing a scientific basis for drilling parameter optimization and BHA (Bottom Hole
Assembly) selection.

• Collaborative optimization of wellbore trajectory and BHA: Aiming at the high-friction
section, a differential optimization strategy is proposed. By optimizing the deviation
angle and azimuth angle, combined with the adjustment of drilling fluid performance
and the optimization of BHA, the targeted friction reduction and drag reduction
are realized.

• This paper provides complete supporting data for drilling engineering from risk
warning to optimization decision. Field application shows that the accident rate is
reduced, which verifies the practical value of the data-driven method in drilling safety
evaluation. In the future, the dynamic intelligent upgrading of the evaluation system
will be further promoted by integrating real-time data while using drilling and deep
learning algorithms.

• The well trajectory design is significantly constrained by multiple geological factors
that have not been fully considered in this study, including geological structures,
anisotropic stress fields, and rock mechanical constitutive relationships. These geo-
logical factors directly influence the mechanical response characteristics of drilling
tools and computational accuracy. Furthermore, the timeliness of acquiring geologi-
cal parameters while drilling and the uncertainties in lithology identification further
increase operational risks. These limitations require special attention in subsequent
research and field applications.
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