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Purpose. The goal is to dynamically adjust drilling parameters (bit axial load and rotation
speed) according to predicted risks of core integrity disruption, which improves core quality and the
reliability of geological data for critical mineral resource assessment.

The methods. The proposed approach combines high-frequency sensor data collection with
predictive machine learning models in a closed-loop control system. Drilling parameters (WOB,
RPM, torque, mechanical drilling speed, vibrations) were recorded at 100 Hz. The XGBoost classi-
fier, trained on the labeled time series, predicted the probability of core loss and initiated an auto-
matic safe drilling mode with WOB reduction and RPM adjustment.

Findings. The model achieved an accuracy of 0.92 and a completeness of 0.91, predicting core
failure an average of 4.4 seconds before it occurred. Adaptive control increased the average core
selection ratio from 83.5% to 94.0%, with the largest effect observed in fractured rocks (from 65%
to 88%). This was accompanied by a 12% reduction in mechanical drilling speed (from 4.6 to
4.05 m/h) as the system prioritized core integrity in high-risk areas.

The originality. The dependence of core losses during exploratory drilling on changes in drill-
ing technological parameters (axial load on the bit, rotation frequency, torque, mechanical passage
speed and vibrations) and structural features of rocks, in particular heterogeneous and fractured
formations, has been established. It has been shown that the use of the proposed system allows to
increase the core selection ratio by 10% and significantly reduce its losses in difficult geological
conditions.

Practical implementation. The proposed system improves the quality of geological data, reduces
the costs of re-drilling intervals with substandard core output, reduces project risks and can be inte-
grated into modern drilling rig control systems as an intelligent tool to support exploratory drilling.

Keywords: adaptive drilling control, machine learning, core selection, geological exploration
drilling, real-time optimization, critical minerals.

Introduction. The pursuit of critical minerals, essential for modern technologies
and the global energy transition, places unprecedented demand on the accuracy and effi-
ciency of mineral exploration. At the heart of this exploration process lies diamond core
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drilling, the primary method for retrieving pristine rock samples from the subsurface
[1, 2]. These core samples are the fundamental data source for geological interpretation,
providing the physical evidence needed to understand mineral deposit geometry, rock
fabric, and geotechnical properties [3]. They are indispensable for calculating reliable
resource and reserve estimates, which form the basis for multi-million dollar investment
decisions in mine development [4, 5]. The quality and completeness of this core, there-
fore, directly dictate the confidence level of the entire geological model and the econom-
ic viability of a project.

A persistent and costly challenge in this domain is core loss — the partial or com-
plete failure to recover a representative rock sample from the drilled interval. Core loss
can be broadly categorized into two types. Mechanical core loss occurs due to physical
damage within the core barrel or drilling assembly, including core jamming, where
fragments block the barrel; core breakage, where the sample fractures into unusable
pieces; and core grinding, where the sample i1s pulverized by excessive vibration or
weight [6]. Erosional core loss, or washout, happens when the drilling fluid hydraulically
erodes softer or fractured zones within the core barrel, washing away the sample before
it reaches the surface. Both types render the recovered material unrepresentative of the
in-situ rock, creating significant "unknowns" in the geological record.

The economic consequences of poor core recovery are substantial and far-reaching.
Unreliable or incomplete core data introduces uncertainty into geological models, poten-
tially leading to misclassification of resources, flawed mine planning, and ultimately,
suboptimal economic outcomes. This often necessitates the expensive and time-
consuming process of redrishing lost intervals or entire holes to acquire the missing in-
formation [7]. The resulting project delays and budget overruns amplify financial risk, a
problem that is particularly acute for critical mineral deposits, which are often character-
ized by complex geological structures, heterogeneous rock formations, and brittle miner-
als that are inherently prone to core loss. In such high-value, high-risk projects, every
meter of lost core represents a critical gap in knowledge.

Current drilling practices are ill-equipped to proactively manage this problem. Tra-
ditional drilling operations rely on pre-set parameters or manual adjustments made by a
drillers based on surface observations and experience [8]. This approach is inherently
reactive; problems are typically addressed only after core loss has already occurred, sig-
naled by a drop in penetration rate, a sudden change in torque, or reduced core recovery
at the surface [9]. The inherent heterogeneity of rock formations means that constant pa-
rameters are almost never optimal, and manual responses are too slow and inconsistent
to prevent damage in the critical seconds when a core-loss event is imminent. While
technologies like wireline systems and dual-tube drilling have improved core retrieval
efficiency, they do not offer intelligent, real-time process control focused on preserving
core integrity as the primary objective.

Concurrently, the drilling industry has seen a surge in the application of automation
and machine learning, but with a distinct focus elsewhere. Significant research has been
dedicated to optimizing the rate of penetration (ROP) to reduce drilling time and
cost [10, 11]. Other studies have successfully employed machine learning for predictive
maintenance of drill bits and downhole tools, forecasting failures based on vibration and
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operational data [12]. Further work has focused on using real-time drilling data to identi-
fy rock types and formation boundaries [13, 14]. Despite these advances, a clear and crit-
ical research gap remains: the application of intelligent systems to preserve the quality of
the geological sample itself. The objective function for optimization has, to date, been
speed or equipment life, not the integrity of the core.

Therefore, the purpose of this study is to develop and experimentally validate an
adaptive control system that leverages machine learning to minimize core loss in real-
time during exploration drilling. The core hypothesis is that by learning the subtle, dy-
namic signatures in drilling parameters that precede core failure, a machine learning
model can provide a predictive capability that enables a closed-loop control system to
take preemptive action. The specific objectives of this research are to: (a) identify and
quantify the key drilling parameters and their dynamic signatures that correlate with the
onset of core loss events; (b) develop and train a supervised machine learning model to
accurately predict imminent core loss based on real-time sensor data; (c) design and im-
plement a closed-loop control algorithm that integrates the model's predictions to auto-
matically adjust drilling parameters (such as weight on bit and rotational speed) to avert
core damage; and (d) experimentally validate the effectiveness of the complete system in
improving core recovery rates within a controlled drilling environment that simulates the
heterogeneous rock conditions typical of critical mineral deposits.

Research methods. This study employs a multi-stage methodology encompassing
the definition of core concepts, the design of a controlled experimental setup, the devel-
opment of a machine learning model for predictive analysis, the integration of this model
into a closed-loop adaptive control system, and the establishment of clear criteria for as-
sessing the system's performance [15]. The overarching goal is to create and validate a
framework that transitions drilling control from a reactive to a predictive paradigm, with
the explicit objective of preserving core integrity.

A fundamental understanding of drilling mechanics is essential for interpreting the
data and designing the control system. The primary parameters monitored and controlled
in rotary drilling include Weight on Bit (WOB), which is the force applied to the drill bit,
typically measured in kilonewtons (kIN); Rotational Speed (RPM), the speed at which the
drill string and bit rotate; Torque, the rotational force required to turn the bit, measured in
newton-meters (Nm); and the Rate of Penetration (ROP), the speed at which the drill bit
advances into the formation, usually expressed in meters per hour (m/hr) [16]. Additional
parameters include the Mud Flow Rate, the volume of drilling fluid pumped per unit time,
and Differential Pressure, the change in pressure across the downhole motor or drilling
system, which is often indicative of the resistance encountered at the bit.

The mechanisms of core loss are directly linked to the interaction of these parameters
with the rock fabric. For instance, applying excessive WOB 1n a fractured or highly inter-
bedded rock formation can cause the core sample to buckle, jam within the inner tube of
the core barrel, or grind against the barrel walls as it enters, leading to mechanical core
loss [17]. Conversely, an excessively high mud flow rate in a soft or friable zone can erode
the core sample before it is safely retrieved, resulting in erosional core loss or washout.
The dynamic signatures of these events, such as a sudden spike in torque followed by a
drop in ROP, are the precursors that an intelligent system must learn to recognize.
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To capture these complex temporal dependencies, machine learning models suited
for time-series analysis are required. Recurrent Neural Networks (RNNs), particularly
Long Short-Term Memory (LSTM) networks, are powerful tools for this purpose due to
their inherent architecture, which includes memory cells capable of learning long-term
dependencies in sequential data. Alternatively, tree-based ensemble methods like
XGBoost can be highly effective when combined with robust feature engineering. In this
approach, the raw time-series data is transformed by creating sliding windows of histori-
cal data points, and statistical features (e.g., mean, variance, rate of change) are comput-
ed for each window to serve as inputs to the model.

To generate the necessary high-frequency data under controlled conditions, a fully-
instrumented laboratory-scale drilling rig will be employed. This rig is designed to simu-
late the mechanical responses of full-scale drilling operations. It is equipped with a vari-
able-speed top drive, a hydraulic thrust system for precise WOB control, and a fluid cir-
culation system. The rig is interfaced with a high-speed data acquisition system that rec-
ords WOB, RPM, Torque, and ROP at a frequency of 100 Hz. Additionally, tri-axial
accelerometers mounted near the bit sub provide high-frequency vibration data, captur-
ing axial and torsional oscillations that are critical indicators of downhole conditions.

The drilling experiments will be conducted on a suite of manufactured rock sam-
ples designed to replicate the heterogeneous nature of critical mineral ores. These sam-
ples will include homogeneous blocks of granite and sandstone as baselines, as well as
heterogeneous samples constructed by interbedding materials of contrasting strength,
such as weak sandstone layers within a stronger matrix, and by introducing artificial
fractures and voids. This controlled complexity is vital for training a model that is robust
to real-world geological variability.

The creation of a high-quality labeled dataset is paramount. The experimental pro-
cedure will involve drilling under various parameter combinations, with the specific in-
tent of inducing core loss. The exact moment of core failure — defined as a sudden audi-
ble or vibrational change, a sharp drop in ROP with no corresponding change in parame-
ters, or confirmation of a jammed barrel upon inspection — will be precisely
timestamped. For every such event, the time-series data from the preceding period, for
example the 10 seconds prior to the failure, will be extracted and labeled as a "pre-
failure" or high-risk class. An equivalent amount of data from stable drilling intervals,
where core recovery was successful and the rock appeared competent, will be labeled as
"normal" or low-risk. This process yields a binary classification dataset.

The raw sensor data first undergoes a rigorous pre-processing phase. This involves
noise filtering, synchronization of all data streams based on their timestamps, and han-
dling of any missing values. Subsequently, a feature engineering process is applied to
create derived variables that often have stronger correlations with downhole conditions
than raw measurements. A key engineered feature is Mechanical Specific Energy
(MSE), a measure of the energy required to remove a unit volume of rock, which is cal-
culated as:

27w - RPM -Torque N WOB

MSE = .
Area,;, - ROP Areay,,

(1
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Other critical features include the rate of change of WOB and torque, the
WOB/ROP ratio, and the standard deviation of high-frequency vibration signals over
short windows. The data is then segmented using a sliding window approach. For LSTM
models, each window of sequential data points becomes a single input sample. For
XGBoost, statistical summaries of the features within each window are computed and
used as inputs.

Two primary modeling approaches will be developed and compared. The first is an
LSTM network designed to directly learn the temporal patterns preceding a failure. The
second is an XGBoost classifier trained on the feature-engineered windows. The model's
output for each input window will be a continuous "core loss probability" score between
0 and 1. The complete dataset will be partitioned into three distinct sets: a training set
(70% of the data) used to teach the model, a validation set (15%) used to tune hyperpa-
rameters and prevent overfitting, and a held-out test set (15%) used for the final, unbi-
ased evaluation of model performance. Model performance will be assessed using stand-
ard classification metrics, including Precision (the proportion of predicted high-risk
events that were actual failures), Recall (the proportion of actual failures that were cor-
rectly predicted), and the F1-score (the harmonic mean of precision and recall). Critical-
ly, the model's prediction lead time — the average time between its high-risk alert and the
actual failure event — will also be quantified.

The core of this research is the closed-loop control system that integrates the pre-
dictive model. The architecture is designed such that real-time sensor data streams con-
tinuously feed into the trained machine learning model. The model evaluates the incom-
ing data and outputs its core loss probability score. This score serves as the primary input
to the control logic, effectively acting as a "risk meter" for the drilling process.

The control logic 1s designed with a hierarchical, safety-first approach. The primary
objective is to maintain core integrity. A threshold for the core loss probability score will
be established based on validation set performance. Under normal conditions, when the
probability is below the threshold, the control system permits the rig to operate in a
mode that prioritizes ROP, following a pre-defined parameter set for efficient drilling.
However, if the model's output exceeds the established risk threshold, the system initi-
ates a pre-programmed "safe mode" protocol.

This protocol is designed to immediately alleviate stress on the core sample. A typ-
ical response might involve a controlled reduction in Weight on Bit by a predetermined
percentage, such as 30%, while simultaneously making a minor adjustment to the Rota-
tional Speed. The exact parameter adjustments are based on expert knowledge and anal-
ysis of the conditions that led to core loss during the data acquisition phase. A Propor-
tional-Integral-Derivative (PID) controller can be used to manage these setpoint changes
smoothly. The control law for a PID controller is defined as:

u(t) = K e(t) + K, [Le(r)dr + K, dfz’(tt ). 2)

where u(2) is the control signal sent to the actuators (e.g., to reduce WOB), e(?) is the error
between the current and desired state, and K, K; and K are tuned constants. This integrated
approach ensures a rapid, automated, and precise response to mitigate the risk of core loss.
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The performance of the complete adaptive control system will be evaluated against
three primary criteria. The most important metric is the Core Recovery Rate, defined as:

Length of recovered core
Length of drilled interval

Core Recovery Rate = ( J x100, %. (3)

This will be calculated for intervals drilled with the adaptive control system active
and compared directly against baseline intervals drilled in the same rock types using
conventional, constant-parameter methods. A statistically significant improvement in
this rate will be the primary indicator of success.

Secondly, a Core Quality Index will be developed to provide a qualitative assess-
ment of the core's condition. This index will be a composite score based on factors such
as the number of naturally induced versus drilling-induced fractures per meter, the pres-
ence of grinding or abrasion marks on the core surface, and the overall cylindrical integ-
rity of the sample. This assessment will be performed by a trained geologist to provide
an expert, independent evaluation of core quality.

Finally, the impact on Drilling Efficiency will be assessed by monitoring the aver-
age ROP. The analysis will compare the baseline ROP against the average ROP
achieved during adaptive control. This is crucial to understand the trade-off between
maximizing core preservation and maintaining drilling speed, and to quantify the net
operational impact of the system. The prediction accuracy metrics defined in section 2.3
will also be recalculated during these closed-loop tests to validate the model's perfor-
mance 1n a live control environment.

The results and discussion. The experimental program yielded a comprehensive da-
taset that enabled the identification of core loss precursors, the development of a high-
performance predictive model, and the validation of the adaptive control system. This sec-
tion presents the key findings from each phase of the research, followed by a critical dis-
cussion of the challenges, limitations, and broader implications of the proposed approach.

Analysis of the high-frequency sensor data from the controlled drilling experiments
revealed distinct and repeatable signatures that preceded core loss events. By comparing
time-series data from stable drilling intervals with those immediately preceding core
jamming or breakage, several key precursors were identified. The most significant indi-
cator was a characteristic coupling of a rapid increase in torque with a simultaneous and
sudden deceleration in the rate of penetration. This signature was consistently observed
across different rock types and is interpreted as the moment when the core sample begins
to bind or jam within the inner tube of the core barrel. As the core becomes stuck, the
rotational friction increases, causing the torque spike, while the resistance to axial ad-
vancement halts progress, causing the ROP to drop, often to near zero, despite constant
or even increasing weight on bit.

Other notable precursors included a sharp rise in the standard deviation of axial vi-
brations, indicating the onset of stick-slip or chaotic motion of the drill string, and a rap-
id increase in the WOB/ROP ratio. In normal drilling, this ratio remains relatively stable
for a given rock type. A sudden, exponential increase signals that energy is being dissi-
pated in friction and deformation rather than in rock fracturing at the bit face, a key indi-
cator that the core is being damaged. Figure 1 illustrates a typical 10-second window
comparing the normalized parameter signatures for a stable drilling interval and a pre-
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failure interval. The stable interval shows smooth, correlated fluctuations in WOB,
torque, and ROP. In stark contrast, the pre-failure interval is characterized by the diverg-
ing torque and ROP trends, a clear warning signal that would be imperceptible to a hu-
man drifter but is readily detectable by an automated system.

10 Normal Drilling (Stable) Pre-Failure Signature
—— WOB (kN) —— WOB (kN)
Torque/100 (Nm/100) Torque/100 (Nm/100)
—— ROP (m/hr) ROP (m/hr)

core jamming
begins

M/

Value

0 2 4 6 8 10 0 2 4 6 8 10
Time (s) Time (s)

Fig. 1. Drilling Parameter Signatures

Both the LSTM and XGBoost models were successfully trained on the labeled da-
taset. The XGBoost model, with its extensive feature engineering, marginally outper-
formed the LSTM in terms of overall accuracy and computational efficiency for this
specific application. The final model's performance was evaluated on the held-out test
dataset, and the results are disaggregated by rock type in Table 1 to demonstrate its ro-
bustness across different geological conditions. The model achieved a weighted average
precision of 0.92 and recall of 0.91, translating to an F1-score of 0.91 across all rock
types. As expected, performance was highest in homogeneous lithologies where failure
mechanisms are more consistent.

Table 1
Machine Learning Model Performance Metrics by Rock Type

Avg. Prediction

Rock Type Precision | Recall | F1-Score Lead Time (s)
Homogeneous Granite |  0.96 0.94 0.95 3.8
Homogeneous Sand- | o4 | (95 | (.94 42
stone
Interbedded
(Sand/Shale) 0.91 0.89 0.90 5.1
Artificially Fractured 0.88 0.85 0.86 4.5
Weighted Average 0.92 0.91 0.91 44

The slight decrease in precision and recall in the more complex interbedded and
fractured samples reflects the inherently higher variability and unpredictability of failure
in these challenging formations. Critically, the model maintained a high level of perfor-
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mance even in these complex cases. Perhaps more importantly for real-time control, the
model provided an average prediction lead time of 4.4 seconds before the actual core
loss event. This means that in 91% of the cases where a failure occurred, the system is-
sued a high-probability alert an average of 4.4 seconds in advance, providing a vital
window for preemptive control action. In the context of drilling at 2—5 meters per hour,
this lead time translates to several centimeters of advance, ample opportunity for the
control system to intervene before irreversible damage is done (fig. 2).
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Fig. 2. Model Performance Metrics

Following the successful development and offline testing of the predictive model,
the complete closed-loop adaptive control system was implemented and tested on the
drilling rig. The system's performance was evaluated by comparing core recovery rates
and drilling efficiency against a baseline of conventional, constant-parameter drilling in
the same set of rock samples. The results of these validation experiments are summa-
rized in table 2.

Table 2
Comparison of Core Recovery Rates: Conventional vs. Adaptive ML-Controlled Drilling
Adaptive Average
Conventional ML Control Improve Average ROP ROPg
Rock Type Drilling Core | Core | POV (m/hr) -
o ment (%) . (m/hr) —
Recovery (%) | Recovery Conventional .
o Adaptive
(7o)
Homogeneous Granite 97 99 +2 4.2 4.0
Homogeneous Sandstone 94 98 +4 5.8 53
Interbedded (Sand/Shale) 78 91 +13 4.9 4.1
Artificially Fractured 65 88 +23 3.5 2.8
Overall Average 83.5 94.0 +10.5 4.6 4.05
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The results demonstrate a clear and substantial improvement in core recovery with
the implementation of the adaptive control system. The overall average core recovery
increased from 83.5% with conventional methods to 94.0% with ML-based adaptive
control, a relative improvement of over 12%. The most dramatic gains were observed in
the most challenging geological conditions. In the artificially fractured samples, de-
signed to simulate a complex critical mineral deposit, core recovery surged from 65% to
88%, an absolute improvement of 23 percentage points. This is a highly significant re-
sult, as these are precisely the types of formations where core loss is most prevalent and
most detrimental to resource evaluation. In interbedded sequences, recovery improved
from 78% to 91%, demonstrating the system's ability to adapt to rapidly changing rock
strength (fig. 3).

== Con'.rejlnﬁmal
= Adaptive ML Control
85%

I e

100 oY

Core Recovery (%)
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Granite Sandstone Interbedded Fractured

Fig. 3. Core Recovery Comparison

The efficiency analysis reveals the expected trade-off between core preservation
and drilling speed. The adaptive system, by its very design, prioritizes core integrity
when a risk is detected, which necessarily involves reducing the aggressiveness of the
drilling parameters. This resulted in a 12% reduction in overall average ROP, from 4.6
m/hr to 4.05 m/hr. However, the magnitude of this reduction was not uniform. In compe-
tent, homogeneous rock where the risk was low, the system allowed ROP to remain near
baseline levels. The ROP decrease was most pronounced in the fractured zones, where
the system frequently intervened to avert core loss. Figure 4 illustrates this dynamic over
a 30-minute drilling interval in an interbedded sample. The figure plots ROP alongside
the model's core loss probability score. Periods of stable, low-risk drilling show high
ROP. As the drill bit encounters a weaker, fracture-prone zone, the probability score
spikes, triggering the "safe mode" protocol. ROP drops sharply as WOB is reduced, the
core is successfully retrieved without loss, and as the risk subsides, the system allows
ROP to increase again. This adaptive behavior validates the core concept of the research:
dynamically trading marginal ROP for substantial gains in core quality.
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Fig. 4. ROP vs. Risk Probability Over Time

While the experimental results are highly encouraging, several challenges and limi-
tations must be acknowledged and addressed before technology can be considered for
widespread commercial deployment.

The most significant concern is the generalization of the model. The predictive
model was trained and tested on data generated from a single, laboratory-scale drilling
rig and a specific set of manufactured rock samples. The dynamic signatures of drilling,
including vibration modes, resonance frequencies, and the response of the control sys-
tem, will vary significantly with drill rig scale, power, and stiffness. A model trained on
a small laboratory rig may not perform optimally on a full-sized exploration rig with
vastly different mechanical characteristics. Similarly, the rock samples, while designed
to be heterogeneous, cannot fully replicate the infinite variability of natural geological
formations, including variations in in-situ stress, pore pressure, and mineralogy. The
model's ability to generalize to unseen geological environments remains an open ques-
tion and a critical focus for future research. A potential pathway forward is the develop-
ment of a foundational model pre-trained on a large corpus of drilling data from diverse
sources, which can then be fine-tuned for specific rigs and localities.

A second major challenge is the impact of sensor noise and reliability. The high-
frequency data streams that enable this technology are susceptible to noise from elec-
tromagnetic interference, vibration of sensor mounts, and signal drift. During the exper-
iments, occasional spurious spikes in sensor readings were observed. While the pre-
processing filters were effective in a controlled lab setting, a noisy signal in the field
could lead to a false positive (unnecessary ROP reduction) or, more worryingly, a false
negative (failure to predict an actual event). The robustness of the model and the control
system to realistic levels of sensor noise and occasional sensor failure must be rigorously
tested. Strategies such as sensor fusion, where information from multiple sensors is
combined to validate a reading, and the use of ensemble models that are less sensitive to
individual noisy inputs, will be essential for field deployment.

Thirdly, the issue of computational latency is paramount for real-time control. The
current system, running on a dedicated workstation with a GPU, processes data and up-
dates the control signal with a latency of approximately 50-100 milliseconds, which is
perfectly adequate. However, deploying this on a standard industrial programmable logic
controller (PLC) with limited computational power could introduce delays that erode the
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valuable prediction lead time. The model architecture may need to be optimized for edge
deployment, potentially through techniques like model quantization or pruning, to ensure
that the control loop can close quickly enough to be effective.

Finally, the system's performance embodies the fundamental "exploration vs. ex-
ploitation" dilemma. The control system must constantly balance the competing objec-
tives of maximizing ROP (exploiting the opportunity to drill quickly) and minimizing
core loss (exploring for information safely). The current rule-based logic, which triggers
a fixed "safe mode" above a threshold, is a somewhat blunt instrument. It does not learn
from the outcome of its interventions. A more sophisticated approach, such as a rein-
forcement learning agent, could potentially learn an optimal policy that dynamically
weighs the expected gain in ROP against the probabilistic risk of core loss, based on the
current state and past experience. This would allow for a more nuanced and efficient
trade-off, pushing ROP higher when conditions are safe while still reacting decisively to
genuine threats, and represents the next frontier in intelligent drilling automation.

Conclusions and prospects for further research. This research successfully
achieved its primary objective of developing and experimentally validating a real-time
adaptive control system that leverages machine learning to minimize core loss during min-
eral exploration drilling. The study conclusively demonstrates that by learning the dynamic
precursors to core failure from high-frequency sensor data, a predictive model can be inte-
grated into a closed-loop control architecture to automatically adjust drilling parameters and
avert sample damage. The key achievements of this work are threefold. First, distinct and
quantifiable precursor signatures, most notably the characteristic coupling of a rapid torque
increase with a sudden drop in rate of penetration, were identified as reliable indicators of
imminent core jamming. Second, a machine learning model, specifically an XGBoost clas-
sifier with extensive feature engineering, was developed and achieved a weighted average
precision of 0.92 and recall of 0.91 in predicting core loss events, providing an average pre-
diction lead time of 4.4 seconds. Third, and most importantly, the complete adaptive control
system was experimentally validated, demonstrating a substantial improvement in core re-
covery. Across all tested rock types, the system increased the average core recovery from
83.5% with conventional drilling to 94.0% with adaptive control. The most dramatic gains
were observed in the most challenging geological conditions, with recovery in artificially
fractured samples improving by 23 percentage points, from 65% to 88%. These results pro-
vide compelling evidence that an intelligent, data-driven approach to drilling control can
fundamentally enhance the quality of geological sampling.

The scientific and practical significance of this work extends beyond the immediate
improvements in core recovery. From a scientific perspective, this research introduces a
novel objective function for drilling automation: core integrity. While previous applica-
tions of machine learning in drilling have focused on maximizing rate of penetration or
predicting equipment failure, this study pioneers the use of these techniques to preserve
the value of the geological sample itself. It establishes a quantitative framework for link-
ing real-time drilling mechanics to the quality of the data product, opening a new avenue
for research in precision geosampling and "measurement-while-drilling" applications.
Practically, the technology provides a direct and scalable pathway to higher-quality geo-
logical data. For the critical minerals sector, where deposits are often complex, hetero-
geneous, and expensive to evaluate, every meter of high-quality core is invaluable. By
reducing core loss, this system can dramatically improve the accuracy of geological in-
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terpretation, geomechanical characterization, and resource and reserve estimation. This,
in turn, reduces project risk, minimizes the need for costly redrilling, and supports more
informed and confident investment decisions. Technology embodies a shift from reac-
tive problem-solving to proactive quality assurance in the exploration value chain.

Building upon the foundational achievements of this study, several promising ave-
nues for further research are identified to advance this technology toward commercial
deployment and to expand its capabilities. The first and most critical step is the execu-
tion of comprehensive field trials. While the laboratory results are robust, the transition
from a controlled environment to a real-world exploration campaign is non-trivial. Field
trials on active drilling projects are essential to validate the system's performance under
true operational conditions, which include variable rig dynamics, a wider range of un-
predictable geological formations, diurnal temperature fluctuations, dust, vibration, and
the logistical constraints of a remote exploration camp. Such trials would provide inval-
uable data on the model's generalizability, the robustness of the hardware and software,
and the practical integration of the system into existing drilling workflows, ultimately
de-risking the technology for industry adoption.

A second critical direction is the integration of the control system with real-time
Geology While Drilling (GWD) data. The current model relies solely on drilling me-
chanics and vibration data, which are indirect indicators of rock properties. By incorpo-
rating direct mineralogical or geochemical data from technologies such as real-time X-
ray fluorescence (XRF) or infrared spectroscopy of drill cuttings, the model's under-
standing of the subsurface would be profoundly enhanced. For example, knowing that
the drill bit has just entered a zone of soft, clay-rich alteration products would allow the
model to anticipate a high risk of washout or erosion and preemptively adjust the mud
flow rate, even before the mechanical signatures of core loss begin to appear. This fusion
of mechanical and compositional data would create a far more powerful and predictive
system, capable of adapting to changing rock properties with unprecedented precision.

Third, the control logic itself can be substantially improved through the adoption of
more advanced control algorithms. The current rule-based system, while effective, is fun-
damentally reactive to the model's risk score. A more sophisticated approach would involve
the use of reinforcement learning (RL). An RL agent could be trained to interact directly
with the drilling environment, learning an optimal control policy through trial and error. The
agent's objective would be to maximize a cumulative reward function that balances multiple
goals, such as core recovery and ROP. Over time, the RL agent would learn nuanced strate-
gies, such as how aggressively to reduce WOB for a given level of risk, or how to modulate
parameters to navigate a tricky formation without triggering a full "safe mode" shutdown,
potentially achieving better efficiency than a rule-based system.

Finally, the framework should be extended to true multi-objective optimization.
The current system's primary goal is core preservation, with ROP optimization as a sec-
ondary consideration when risk is low. However, in commercial drilling operation, mul-
tiple objectives compete for priority, including ROP, bit wear, drill string fatigue, and
fuel consumption, in addition to core recovery. Future research should focus on develop-
ing a system that can simultaneously optimize for these competing objectives, providing
the driller or mine planner with a flexible interface to set priorities. For instance, during a
critical phase of in-fill drilling for resource estimation, the operator could assign a high
weight to core recovery. Conversely, during a less critical step-out drilling campaign,
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they might prioritize ROP to cover more ground quickly. This would create a truly intel-
ligent and versatile co-pilot for the drilling rig, capable of adapting its behavior to the
strategic goals of the exploration program, thereby maximizing both the quality of the
data and the efficiency of its acquisition.
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AHOTANIA
MeTta. MeToro € quHaMIYHE PETyIIOBaHHS NapamMeTpiB OypiHHs (OCbOBOI'O HaBaHTAKCHHS Ha JI0JIO-
TO Ta YaCTOTH OOEpTaHHs) BIAMOBIAHO /10 MPOTHO30BAHUX PHU3UKIB MOPYIICHHS IIJIICHOCTI KEepHa,
IO MiJBHUILYE SKICTh KEPHOBOTO MaTepially Ta JOCTOBIPHICTh €OJIOTTYHHUX JaHUX JJISI OLIIHIOBAHHS
pecypciB KPUTUYHOT MiHEpaJIbHOT CHPOBUHH.

MeTtoauka. 3arporIOHOBAHMN Ti/IXi/] TOETHYE BUCOKOYACTOTHHUH 30ip JaHUX CEHCOPIB 13 TPOTHO3-
HUMU MOJICISIMU MAallTHHHOTO HaBYaHHS B CHCTEMI KepyBaHHS 13 3aMKHEHUM KOHTypoM. [Tapametpu
oypians (WOB, RPM, kpyTHUI MOMEHT, MIBHJIKICTh MeXaHIYHOTO OypiHHS, BiOpamii) peecTpyBa-
mucs 3 yactororo 100 I'n. Knacudikarop XGBoost, HaBueHHIT Ha pO3MIYEHHX YaCOBUX psiiax, MPo-
THO3YBaB IMOBIPHICTh BTpaTH KEpHa Ta iHIIIIOBaB aBTOMAaTUYHHI Oe3MeYHHil pekuM OypiHHS 31
3meHweHHsIM WOB 1 kopuryBanusm RPM.

PesyabTaTn. Monens ngocsria rounocti 0,92 ta moHotu 0,91, mporHo3ytoun pyiiHyBaHHS KEpHA B
cepenHboMy 3a 4,4 CEeKyHIU MO HOro BUHUKHEHHS. AJIANITHBHE KEPYBAHHS ITiIBUIIMIIO cepenHiﬁ
KoedilieHT Bindopy kepHa 3 83,5 % 10 94,0 %, npuuomy HalOLIBIINK edeKT CHOCTeplrch;I y Tpi-
IMHYBATHX MOPOJIAX (3 65 % 1o 88 %). Lle CYNIPOBOJIKYBANIOCSA 3MCHILICHHAM MEXaHIYHO]I IIBUJIKO-
cti Oypinns Ha 12 % (3 4,6 mo 4,05 m/rox), OCKIJIBKK CUCTEMa HaJaBajia MPIOPUTET 30epeKECHHIO
IIJTICHOCTI KepHA B 30HAX MiIBUIIIEHOTO PU3UKY.

HaykoBa HOBU3Ha. BCTaHOBIIEHO 3aI€KHICTh BTpAT KepHa IiJ] Yac PO3BiTyBaJbHOrO OypiHHS BiJ
3MIHM TEXHOJIOTIYHUX MapameTpiB OypiHHS (OCHOBOrO HaBaHTA)KEHHS Ha JOJIOTO, YaCTOTU 00ep-
TaHHS, KPYTHOTO MOMEHTY, IIBHJIKOCTI MEXaHIYHOTO MPOXOJDKEHHs Ta BIOpallii) 1 CTPYKTYpHHUX
0co0IMBOCTEN MOpiJ, 30KpeMa HEOJHOPIIHUX Ta TpilMHyBaTtux (Gopmarniit. [Tokazano, mo 3acto-
CyBaHHs 3alpOIMOHOBAHOI CHCTEMH JI03BOJISAE MIJBUINUTUA KoedilieHT BimOopy kepHa Ha 10% Ta
CYTTEBO 3MEHIIUTH HOT0 BTPATH Y CKJIAJHUX T'€0JIOTIYHUX YMOBaX.

IIpakTnyHa 3HaYuMicTh. 3aIPONOHOBAaHA CHCTEMA MIJBUIILYE AKICTh T'€OJIOTTYHUX JaHHUX, 3MEH-
1Iy€ BUTPATH Ha MOBTOPHE nepe6ypIoBaHH;1 iHTepBaJ'IiB 3 HEKOHAULIHHUM BUXOJIOM KEpHY, 3HUKYE
HpOCKTHl PHU3UKH Ta MOXeE OyTH 1 iHTErpoBaHa B cyqaCHl CUCTEMHU KepyBaHHS OypOBUMH yCTaHOBKa-
MU SIK IHTEJIEKTyaJIbHUI IHCTPYMEHT MIATPUMKH PO3B1TyBaJIbHOT'O OYypPIHHS.

Knrwuoei cnosa: adanmuene kepysanHs 0ypinHAM, MAUUHHE HABYAHHSA, 8100Ip KepHa, 2e0]1020p03-
8i0y8aIbHE OYPIHHA, ONMUMI3AYIS 8 PealbHOMY YACI, KPUMUYHA MIHEPAIbHA CUPOBUHA.
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