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Abstract: Drilling parameters are intricately linked to the mechanical interactions be-
tween the drilling device and lunar regolith, significantly affecting sampling characteristics.
Achieving high coring efficiency requires a deep understanding of how these parameters
influence the coring rate. While experiments can characterize coring performance, they
are time-consuming and costly due to the need for numerous repetitive tests. To address
this, this paper integrates experiments with machine learning to develop a surrogate model
that replaces experimental results, allowing for extrapolation and interpolation to analyze
the sensitivities of drilling parameters. Specifically, Taguchi orthogonal experiments are
designed to gather a representative sample set, and a Bayesian neural network (BNN) is
employed to create a predictive model which can quantify uncertainty. Active learning
is then applied to focus additional sampling on uncertain regions, refining the model
iteratively to achieve an accurate approximation of experimental results. This approach
reduces the number of experiments needed to develop a high-fidelity surrogate model.
Validation results demonstrate strong extrapolation accuracy and generalization, with an
R2 of 0.89 and a MAPE of 5.74% on the independent test set. Based on this model, this
paper analyzes the influence of drilling parameters on sampling performance, providing
insights for optimizing drilling parameters to maximize coring efficiency.

Keywords: lunar regolith sampling; hollow stem auger; design of experiment; surrogate
model; Bayesian neural network; active learning; coring efficiency

1. Introduction
Extraterrestrial regolith contains crucial information about the formation, evolution,

and resource deposits of celestial bodies [1,2]. The former Soviet Union, United States,
and China, have successively carried out extraterrestrial regolith sample return missions,
particularly to the Moon and Mars [3]. The geochemical analysis of these returned samples
has deepened humanity’s scientific understanding of planetary evolution and the origins
of life. The stratigraphic structure of regolith in drilling samples from the lunar subsurface
reveals the evolutionary history of celestial bodies, providing greater scientific value than
surface samples [4,5]. The hollow stem auger, capable of retrieving regolith samples with
continuous stratigraphic information, is the most widely used method for extraterrestrial
sampling [6].

Extraterrestrial drilling faces unique technical challenges due to special atmospheric
and gravitational conditions. The lack of effective flushing media, such as air or drilling
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fluids, complicates chip removal during sampling missions [7,8]. Moreover, the complexity
and uncertainty of extraterrestrial regolith further complicate the control of drilling pro-
cesses [9,10]. In light of these challenges, it is crucial to conduct a systematic investigation
of extraterrestrial drilling and sampling characteristics, to identify key control parameters
and understand their influence mechanisms, thereby providing the necessary foundation
for optimizing drilling parameters to achieve high coring efficiency.

Currently, research on the sampling performance of lunar drilling devices mainly
includes theoretical analysis, simulation, and ground-based experiments. In theoretical
studies, the interaction between the drill device and the regolith is closely linked to the final
coring efficiency, which can be classified into rotational cutting by the drill bit and spiral
chip discharge by the drill anger [11]. To investigate the mechanics of cutting model for
rotary tool, Armarego et al. [12] proposed a modified thin shear zone mechanics of cutting
model, accounting for all the cutting energy and the chip transportation process. The helical-
threaded drilling stem can enhance the chip removal performance of the drilling device,
operating on principles analogous to screw conveyors commonly employed in powder
technology. Yu et al. [13] developed a physical model that links the drive load of the auger to
its structural parameters and the characteristics of the conveyed medium. To investigate the
complicated relation among the coring rate, the conveying ability of the auger, and drilling
parameters such as the penetration and rotation speeds, Chen et al. [14] utilized the Janssen
model to establish a coupled drilling–coring dynamics model, which led to a theoretical
formula for the coring rate in flexible tube sampling. The aforementioned studies proposed
mechanical models for rotational cutting and spiral chip discharge, along with coring
performance equations derived from these models. With the advancement of computational
techniques, many researchers have conducted studies based on numerical simulations. The
Discrete Element Method (DEM) is a numerical simulation method based on the mechanics
of discrete media, distinct from continuum mechanics. This method is particularly suited
for simulating the particle dynamics of lunar regolith. Wang et al. [15] utilized the DEM
to simulate the entire drilling and sampling process by combining the Hertz–Mindlin and
bonded contact models. Zhao et al. [16] employed the DEM to simulate the drilling process
in lunar soil, analyzing the influence of particle size, position, and shape on the drilling
load. Liu et al. [17] employed the DEM to simulate the drilling and coring process in
large rock blocks, including simulations of the drill bit and rod penetration, as well as
estimates of the drilling load. The aforementioned studies offer valuable insights into drill–
regolith interactions and sampling characteristics, yet they face significant limitations when
applied to the highly complex scenario of extraterrestrial drilling. Theoretical analysis often
relies on simplified assumptions, such as treating regolith as a homogeneous continuum,
which overlooks key micromechanical processes like dilatancy and the silo effect [18].
Moreover, numerical simulations depend on accurate in situ data for calibrating physical
parameters and boundary conditions, making it challenging to simulate the regolith’s
geometric distribution and stress variations without such data.

Experiments are the most effective means to simulate real working conditions and the
drilling process, providing more reliable sampling results. Nagaoka et al. [19] evaluated
the drilling performance of a bidirectional double-helix system, with results showing that
an optimal penetration per revolution (PPR) can effectively reduce drilling load, improving
drilling efficiency. Tang et al. [20,21] used ultrasonic displacement sensors to dynamically
monitor core height during drilling, revealing how coring rate and speed varied with depth
under different feed-to-rotation ratios. Zhang et al. [22] experimentally investigated the
influence of drilling parameters such as drill rod rotating speed and feed rate on sampling
characteristics and drilling loads. Wang et al. [23] conducted an orthogonal experiment
to study the coupling relationship and impact of drilling parameters on chip removal
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performance, providing a ranking of the importance of these parameters. Drilling load
responses, such as weight-on-bit (WOB) and torque, reflect the mechanical interaction
between the drilling device and regolith, offering critical insights into drilling conditions.
Zancy et al. [24] studied various drill bits in a simulated Martian environment, using pres-
sure and torque sensors to analyze WOB and torque variations. Yuan et al. [25] examined
the load changes of a dual-screw conveyor drill under different control parameters, finding
that penetrating speed and rotating speed ratio have a coupled influence on drilling loads.
Gouache et al. [26] proposed a dual-reciprocating drilling method, enhancing efficiency
by applying additional downforce, though it compromised core structure preservation.
While experiments can most accurately replicate the real drilling process, they are time- and
labor-intensive, with limited data acquisition. Moreover, as coring efficiency is influenced
by numerous factors, it is difficult to conduct a comprehensive quantitative analysis of the
effects of various parameters through experiments alone.

Machine learning algorithms have emerged as powerful tools for identifying under-
lying patterns in experimental and engineering data, gaining widespread attention in
terrestrial drilling. Boukredera et al. [27] utilized Multi-Layer Perceptron, Support Vector
Regression (SVR), and Decision Tree Regression to develop predictive models for bit rota-
tion speed, rate of penetration (ROP), and torque. Hao et al. [28] implemented Gradient
Boosting Decision Trees to construct an ROP prediction model, further employing Bayesian
optimization to identify the optimal combination of drilling parameters. Yang et al. [29]
selected Random Forest, Light Gradient Boosting Machine, Extreme Gradient Boosting,
and SVR as base learners for ensemble learning, ultimately establishing a predictive model
for ROP. Bizhani et al. [30] established a predictive model for ROP using Bayesian neural
networks and discussed the sources of uncertainty within a probabilistic framework. As
extraterrestrial drilling technology advances, researchers have increasingly turned to ma-
chine learning techniques to address challenges within the realm of extraterrestrial drilling.
Xu et al. [31] utilized a recurrent neural network to develop a load prediction model for
lunar drilling, capable of estimating penetration force and rotational torque in real-time.
Liu et al. [32] introduced a real-time temperature prediction model for drilling within
simulated lunar regolith by integrating a bidirectional long short-term memory network
and self-attention mechanism. Chen et al. [33] used Bayesian linear regression to develop
a positioning model for extraterrestrial drilling devices, utilizing the predicted position
and the corresponding confidence intervals for error compensation to improve positioning
accuracy. Selecting and integrating machine learning algorithms tailored to the specific
characteristics of the drilling task and experimental data is crucial for effectively extracting
the underlying patterns in drilling data.

To address the high costs of experiments, surrogate models have been developed,
leveraging the few samples with machine learning. Surrogate models, also referred to as
approximate models, are mathematical representations constructed from a limited set of
samples, designed to closely replicate the outcomes of the original model [34]. Given the
extended duration and high costs in drilling experiments, machine learning techniques
can be employed to construct surrogate models based on the limited sample availability,
thus serving as a cost-effective substitute for experiments. Common machine learning
algorithms used for surrogate modeling include Kriging, Radial basis function, SVR and
artificial neural networks (ANNs) [35]. Notably, ANNs have gained significant attention
in surrogate models due to their powerful ability to capture complex, high-dimensional,
and nonlinear relationships. For complex systems, it is challenging to construct surrogate
models accurately based on single sampling. To address this, active learning (AL) has
been proposed, wherein the surrogate model autonomously selects samples that are most
likely to improve its performance for further training [36]. Typically, samples with higher
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prediction uncertainty are selected during the iterative process for additional sampling,
updating the surrogate model to achieve a more precise global approximation. Bayesian
neural networks (BNNs), which combine ANN and Bayesian inference, are particularly
effective for this purpose, as they not only provide predictions but also quantify the
associated uncertainties, making them well-suited for AL processes [37].

To efficiently investigate the coring characteristics and optimize the coring efficiency
of lunar drilling devices, this paper proposes a surrogate model for sampling that integrates
ground-based experiments with machine learning, serving as a substitute for real-world
experiments. Initially, the Taguchi orthogonal design [38] is applied to arrange the drilling
experiments, in order to acquire comprehensive and representative samples within a limited
number of trials. Subsequently, a BNN is employed to construct the surrogate model,
which can quantify the uncertainty of predictions. By integrating an AL strategy, additional
sampling is carried out at points with high uncertainty, and the model is iteratively refined
to achieve a high-fidelity approximation. Finally, the surrogate model is used to conduct
a systematic analysis of the influence and interaction of drilling parameters on coring
efficiency. The innovation of this study lies in the introduction of machine learning to
uncover patterns in lunar sampling efficiency, constructing a surrogate model to replace
experimental results. Additionally, a tailored machine learning approach is designed to
address the challenges of high acquisition costs and limited sample sizes in lunar sampling
experiments. The structure of this paper is organized as follows: Section 2 presents the
design and results of the drilling experiments; Section 3 outlines the process of constructing
the surrogate model and evaluates its performance; Section 4 provides an analysis of coring
performance based on the surrogate model; and Section 5 concludes this paper.

2. Drilling and Coring Experiments
This section conducts ground-based drilling and sampling experiments under simu-

lated lunar conditions to obtain the quantitative relationship between drilling parameters
and coring performance, providing necessary data for the development of the surrogate
model. First, the experimental setup is described, including the key characteristics of the
simulated lunar regolith and the operational mechanisms of the drilling device. To over-
come the high costs associated with experiments, the Taguchi orthogonal method is utilized
to optimize the experimental design, facilitating the efficient acquisition of representative
samples. The experimental results are then presented, followed by a concise analysis of the
findings. Section 2.1 describes the materials and methods used in the drilling experiments,
while Section 2.2 presents the experimental results and analysis.

2.1. Experimental Setup
2.1.1. Lunar Regolith Simulant CSU-LRS-1

The physical and mechanical properties of lunar regolith play a crucial role in influ-
encing the drilling load and coring conditions during the sampling process. To accurately
simulate the operational conditions of a coring stem in the lunar environment and obtain
reliable experimental data, it is essential to prepare lunar regolith simulants that closely
replicate the grain size distribution, physical-mechanical parameters, and mineral compo-
sition of actual lunar soil. CSU-LRS-1 is a simulated lunar regolith sample that has been
developed based on the physical and mechanical properties, as well as the mineralogical
composition, derived from the lunar soil samples returned by the Apollo missions [39].

The lunar regolith returned by the Apollo missions, as analyzed through ground-based
experiments, primarily consists of mineral powders, angular fragments, rock debris, and
molten glass materials [40,41]. Unlike terrestrial soils, lunar regolith contains a significant
amount of molten glass formed by impact processes due to meteoritic collisions. The
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particle size distribution is broad, encompassing weathered rock fragments larger than
10 mm as well as fine particles smaller than 0.1 mm [42]. To replicate this composition
and particle size distribution, CSU-LRS-1 is synthesized from mineral fragments, angular
rock debris, and crystalline rock particles predominantly composed of olivine, plagioclase,
pyroxene, ilmenite, and spinel. These components are crushed, ground, and blended,
resulting in a particle size distribution ranging from 1 to 1000 microns, closely mirroring
that of the Apollo lunar samples.

In addition to particle size distribution, the physical and mechanical properties of the
samples play a significant role in determining their core sampling performance. Similar
to terrestrial soils, the key parameters include bulk density, relative density, porosity, and
the internal friction angle [43]. Furthermore, the density of the soil exhibits substantial
variation with depth, which in turn leads to significant differences in shear strength. Based
on research reports from the Apollo missions, the depth properties of lunar regolith can be
quantified by relative bulk density Dr [44]. Consequently, it is crucial to ensure that the
simulated lunar regolith accurately replicates the depth-dependent variations in density
and shear strength observed in real lunar regolith. Table 1 compares the key physical and
mechanical properties of CSU-LRS-1 with those of the Apollo-returned lunar samples. As
shown in the Table 1, the properties of the simulants closely resemble those of the actual
lunar regolith.

Table 1. Comparison of CSU-LRS-1 with Apollo samples.

Name
Density
(g/cm3) Pore Ratio

Specific
Gravity

Cohesion (kPa) Internal Friction Angle (◦)

Dr = 0.6 Dr = 0.9 Dr = 0.6 Dr = 0.9

CSU-LRS-1 1.49 0.95 2.91 0 4.32 45 49
Apollo Samples 1.43–1.93 0.82–1.17 2.3–3.2 0.41 5.12 42 51

2.1.2. Drilling Experiments

The hollow stem coring method allows for the acquisition of lunar regolith samples
that preserve stratigraphic information, making it highly valuable for scientific research.
This study investigates the core sampling characteristics of drilling tube-based coring
hardware, utilizing the simulated lunar soil sample CSU-LRS-1. The goal is to analyze
the influence of drilling parameters on core recovery rates, with the aim of optimizing the
drilling process to achieve high core recovery efficiency during lunar exploration.

The experimental platform depicted in Figure 1 is designed to simulate the drilling
and sampling process of lunar regolith. The platform, with a total height of approximately
2 m, is divided into two primary sections. The upper section comprises a linear motion
lead screw guide, a rotational driving motor, a percussive driving device, a drive gear,
and sensors for WOB and torque. This configuration enables linear rotary impact drilling,
with the ability to transport the drill pipe over a maximum stroke of 1 m. The lower
section houses a cubic frame, within which is a steel container (inner diameter: 45 cm;
height: 78 cm) filled with the lunar regolith simulant. The simulant is not stressed by
the compaction procedure, and only the self-overburden is considered in this work. This
container is securely mounted onto a mobile trolley using bolts and fasteners, facilitating
the replacement of the lunar regolith simulant. The trolley can be locked into the cubic
frame to ensure stability during operation.
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that the coring rate model can be effectively applied across the entire control parameter 
space, the experimental samples must cover as much of the mapping information within 
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periments is limited. Therefore, Design of Experiments (DOE) is needed to obtain as com-
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Figure 1. Drilling and coring experimental platform.

Figure 2 illustrates the drilling process. First, the drill bit is positioned at the simulant
surface, as shown in Figure 2a. Subsequently, the drilling process begins, with the drill
tool operating at a constant penetration speed, rotary speed, and percussive frequency,
as depicted in Figure 2b,c. Once the drilling tool reaches the target depth of 350 mm, the
penetration, rotation, and impact actions are stopped. Then, the drill pipe is retracted to
a predetermined position by the actuator (shown in Figure 2d), and the regolith sample
is extracted along with the drill pipe, thus completing the drilling and sampling process.
The coring rate is defined as the ratio of the length of the collected lunar soil sample to
the drilling depth. In this experiment, a drill pipe with an external spiral structure is
utilized, enabling the removal of drilled material through rotational excavation, reduc-
ing the required drilling force, and facilitating the penetration of the drill pipe into the
lunar regolith.

Aerospace 2025, 12, 128 6 of 23 
 

 

 

Figure 1. Drilling and coring experimental platform. 

Figure 2 illustrates the drilling process. First, the drill bit is positioned at the simulant 
surface, as shown in Figure 2a. Subsequently, the drilling process begins, with the drill 
tool operating at a constant penetration speed, rotary speed, and percussive frequency, as 
depicted in Figure 2b,c. Once the drilling tool reaches the target depth of 350 mm, the 
penetration, rotation, and impact actions are stopped. Then, the drill pipe is retracted to a 
predetermined position by the actuator (shown in Figure 2d), and the regolith sample is 
extracted along with the drill pipe, thus completing the drilling and sampling process. 
The coring rate is defined as the ratio of the length of the collected lunar soil sample to the 
drilling depth. In this experiment, a drill pipe with an external spiral structure is utilized, 
enabling the removal of drilled material through rotational excavation, reducing the re-
quired drilling force, and facilitating the penetration of the drill pipe into the lunar rego-
lith. 

 

Figure 2. Experimental process of drilling and coring. 

2.2. Design of Experiments 

2.2.1. Taguchi Orthogonal Experiments 

This section designs experiments with different combinations of drilling parameters 
based on the previously described simulated lunar soil sample and drilling experimental 
platform, providing a data foundation for subsequent coring rate modeling. To ensure 
that the coring rate model can be effectively applied across the entire control parameter 
space, the experimental samples must cover as much of the mapping information within 
this space as possible. However, due to time and labor costs, the number of feasible ex-
periments is limited. Therefore, Design of Experiments (DOE) is needed to obtain as com-
prehensive and representative samples as possible within the constraints of a limited 
number of experiments. 

Figure 2. Experimental process of drilling and coring.

2.2. Design of Experiments
2.2.1. Taguchi Orthogonal Experiments

This section designs experiments with different combinations of drilling parameters
based on the previously described simulated lunar soil sample and drilling experimental
platform, providing a data foundation for subsequent coring rate modeling. To ensure
that the coring rate model can be effectively applied across the entire control parameter
space, the experimental samples must cover as much of the mapping information within
this space as possible. However, due to time and labor costs, the number of feasible
experiments is limited. Therefore, Design of Experiments (DOE) is needed to obtain as
comprehensive and representative samples as possible within the constraints of a limited
number of experiments.
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The drilling parameters include rotary speed, penetration speed, and percussive fre-
quency. If each parameter is set to 8 levels, a total of 83 = 512 experimental combinations
would be required, which is impractical. Taguchi orthogonal experiments, based on the
principles of mathematical statistics and orthogonal theory, selectively choose representa-
tive points from the full experimental space [45,46]. This method ensures comprehensive
and uniform coverage while significantly reducing the number of experiments and improv-
ing efficiency [38]. Accordingly, this section employs orthogonal experimental design to
structure the sampling experiments, with the aim of extracting as much information as pos-
sible from the control parameter space within a limited number of trials. The experimental
factors and levels are shown in Table 2.

Table 2. The levels of control parameters in drilling experiments.

Drilling
Parameters Level 1 Level 2 Level 3 Level 4 Level 5 Level 6 Level 7 Level 8

Rotary speed
(rpm) 80 90 100 110 120 130 140 150

Penetration speed
(mm/s) 4 6 8 10 12 13 14 15

Percussive frequency
(Hz) 5 10 15 20 25 30 35 40

Orthogonal tables are typically denoted as Ln(ap), where p factors, each with a levels,
are arranged in n experimental runs. The problem addressed in this section involves three
factors, each with eight levels. To design the experiments, an L64(2541084) orthogonal table
is employed, resulting in 64 experiments. The distribution of these experiments within the
control parameter space is depicted in Figure 3. The colors of the points correspond to the
ranges of coring rate value, with darker colors indicating higher coring rates.
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2.2.2. Analysis of Experimental Results

This section examines the influence and underlying trends of drilling parameters on
the coring rate, based on the experimental results presented earlier. The effects of each
control parameter on the coring rate are assessed through analysis of variance (ANOVA), a
statistical method that decomposes the total sum of squares into components attributable
to individual factors and their interactions [47,48]. This decomposition allows for the
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determination of the significance of each factor’s effect on the experimental outcomes.
The first column of the table specifies the sources of variation, while the second column
presents the sum of squares (SS) associated with each factor. The third column indicates
the degrees of freedom (DF); the fourth provides the mean square (MS). The F-value and
p-value in the fifth and sixth column quantify the degree of influence, with larger F and
smaller P indicating greater impact on the results. Specifically, the F-value reflects the ratio
of the MS of the parameter (between-group variance) to the MS of error (within-group
variance). A higher F-value suggests that the between-group variance is significantly larger
relative to the within-group variance, implying that changes in this parameter have a more
substantial effect on the outcome. The p-value, derived from the F-value and degrees of
freedom, determines the statistical significance. Typically, a significance level of 0.05 is
used. If the p-value is below 0.05, the null hypothesis of the analysis of variance is rejected,
indicating that the parameter has a statistically significant impact on the result. Table 3
provides the ANOVA results for the three control parameters and their respective effects
on the coring rate. As shown, all three control parameters significantly affect the coring
rate, with the degree of influence in descending order: penetration speed, rotary speed,
and percussive frequency.

Table 3. ANOVA for coring rate under different drilling parameters.

SS DF MS F p

Rotary speed 0.1611 7 0.0230 32.0179 7.16 × 10−15

Penetration speed 0.2347 7 0.0335 46.6235 8.74 × 10−18

Percussive frequency 0.0566 7 0.0081 11.2461 6.36 × 10−8

Error 0.0302 42 0.0007 - -
Cor Total 0.4826 63 0.0077 - -

Additionally, the influence of each control parameter is analyzed using factor level
trend plots. In these plots, the factor levels are represented on the x-axis, and the experimen-
tal outcomes are shown on the y-axis, allowing for a direct visualization of the influence
and trends of each factor on the results [49]. Figure 4 presents the factor level trend plot
for the control parameters and the coring rate. It can be observed that rotary speed neg-
atively impacts the coring rate, penetration speed has a positive effect, and percussive
frequency exhibits a non-monotonic relationship, initially increasing and then decreasing
the coring rate.
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3. Surrogate Model for Coring Efficiency
Surrogate model techniques have emerged as a rapid analytical approach to address

challenges like high costs, limited data, and lengthy design cycles in physical experiments
for exploring engineering systems’ operational behavior. A surrogate model is defined as a
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data-driven model constructed with a small number of experimental samples, which ap-
proximates the original physical process or simulation calculations [34,50]. The construction
of a complete surrogate model involves several steps: experimental design, sample data col-
lection, surrogate model development, accuracy verification, and sequential sampling [51].
Considering the high cost of drilling experiments and the limited availability of sample
points, this paper adopts the surrogate modeling approach to establish a mapping relation-
ship between drilling control parameters and coring rate. This surrogate model is used as
a substitute and approximation for the original experimental results. Sections 3.1 and 3.2
introduce methods for constructing the surrogate model, while Section 3.3 validates the
model based on an independent test set. The modeling process is shown in Figure 5.
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3.1. Bayesian Neural Network

This section utilizes the experimental samples from Section 2 to establish a predictive
model for the coring rate based on a Bayesian neural network (BNN). A BNN is a model
that combines neural networks with Bayesian inference [37]. Unlike traditional neural
networks, it treats the weights within the network as probability distributions rather than
fixed values, and constructs the model by learning the probability distributions of all
parameters [52]. This characteristic enables BNNs to not only provide a predicted value
but also offer a measure of uncertainty regarding that prediction [53].

Given that we aim to develop a model that can effectively map the relationship
between drilling parameters and coring rate across the entire control parameter space with
as few experimental samples as possible, and the initial sample points may not fully capture
the mapping information. Therefore, this paper identifies the regions within the BNN with
the highest uncertainty based on the initial sample points, performs additional sampling
in those regions, and updates the model. This process is repeated iteratively, minimizing
the experimental cost while reducing uncertainty in the entire control parameter space
to a threshold. Each additional experimental data point maximizes the information gain
for the model. The final model gradually approximates the true experimental results and
is considered a viable substitute for the original physical model. In summary, the BNN
integrates the powerful approximation capabilities of neural networks and the probabilistic
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modeling ability of Bayesian inference, enabling it to quantify predictive uncertainties.
This makes the BNN particularly well-suited for guiding resampling and addressing the
challenges of limited samples and complex systems in this study.

The structure of the BNN constructed in this study is shown in Figure 6. The input
layer consists of three nodes, corresponding to the three drilling control parameters of the
sampling hardware: rotary speed ω, penetration speed v, and percussive frequency f . The
output layer contains a single node, representing the target variable of the model—the
coring rate, denoted as c. Due to the relatively small number of input features in this
problem, excessively deep or wide networks are prone to overfitting. Therefore, after
comparative experiments, a three-layer hidden network is adopted, with 16 neurons in
each layer and the activation function set to ReLU. To prevent the model from converging to
a local optimum, the RMSprop optimization algorithm combined with an adaptive learning
rate decay strategy is used to solve for the model parameters.
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3.2. Active Learning Strategy
3.2.1. Learning Function

Active learning is a strategy that actively selects the most valuable or informative sam-
ples for training based on a certain criterion, making it particularly suitable for scenarios
where data are expensive or difficult to obtain [36,54]. The uncertainty-based supplemen-
tary sampling mentioned earlier is a typical AL strategy [55]. The learning function is the
most important evaluation metric in AL methods, used to filter the candidate sample pool
and expand the new training set for the surrogate model, thus facilitating the optimization
and updating of the model. Generally, the surrogate model reduces uncertainty through
resampling and updates, progressively narrowing it to the uncertainty threshold, denoted
as εU , which is set to 0.05 in this work. However, under limited experimental resources,
sampling solely based on uncertainty may lead to the new sampling points clustering in
certain regions of the parameter space, causing information redundancy. To maximize the
value of each additional experiment, this paper employs the following learning function,
as shown in Equation (1), which considers both uncertainty and spatial uniformity during
supplementary sampling. This approach strikes a balance between exploring unknown
regions and exploiting known information.

A(x) = α·U(x) + (1 − α)·D(x) (1)

Here, α ∈ [0, 1] is the weighting factor, U(x) represents the uncertainty of the model’s
prediction at point x, and D(x) measures the distance between point x and the existing
sample points. The uncertainty is quantified by the variance of the prediction distribution,
i.e., U(x) =

√
σ2(x). Spatial uniformity is calculated using the Euclidean distance between



Aerospace 2025, 12, 128 11 of 23

the point to be evaluated and the already sampled points. Let the set of sampled points
be S = {s1, s2, · · · , sn}, then D(x) = min

si∈S
∥x − si∥, where ∥x − si∥ represents the Euclidean

distance between the point to be evaluated, x, and a sampled point, si. The formula for

calculating the Euclidean distance is ∥x − si∥ =
√

∑3
j=1

(
xj − sij

)2, where xj and sij are the
coordinates of points x and si in the j-th dimension.

3.2.2. Convergence Criterion

To ensure that the predictive model reaches a stable and accurate state, this study
introduces a dual convergence criterion based on both model prediction uncertainty and
changes in model predictions. The model is considered converged when both of the
following conditions are satisfied. (1) Uncertainty-based Convergence Criterion: The model
is considered to have converged in terms of uncertainty when the uncertainty U(x) of all
prediction points in the entire control parameter space χ is below a predefined uncertainty
threshold εU , i.e., ∀x ∈ χ, U(x) ≤ εU , where εU = 0.05 in this paper. (2) Model Prediction
Change-based Convergence Criterion: The model is considered to have converged in terms
of prediction stability when there is no significant change in the predictions across the
entire control parameter space between the updated and previous surrogate models, i.e.,

∀x ∈ χ, |ĉ
(k)−ĉ(k−1)|

ĉ(k)
≤ ε∆, where ε∆ = 0.01 in this paper and ĉ(k) represents the prediction

of coring rate obtained in the k-th iteration.

3.3. Model Evaluation

To evaluate the prediction accuracy and generalization performance of the constructed
model in both interpolation and extrapolation, its performance is measured on an indepen-
dent test set. The design of the test set should focus on the following key points: First, the
test set must be entirely independent from the training set to assess the model’s generaliza-
tion capability on new data. Second, both boundary points and interpolation points within
the original parameter range should be included in the test set to examine the model’s
extrapolation and interpolation abilities. Lastly, to comprehensively assess the model’s
predictive performance in the control parameter space, the test points should be evenly
distributed across the space, providing a more thorough and objective evaluation of the
model. Based on these considerations, this section employes an L16(43) orthogonal array for
the combination of test set values, ensuring the comprehensiveness and representativeness
of the test set despite the limited number of samples. The configuration of the independent
test set is shown in Table 4. It is important to note that the surrogate model developed in
this study is based on the adjustable parameter space of the drilling device. Therefore, the
parameter values in the test set can be freely selected within the adjustable range allowed
by the drilling device.

Figure 7 presents the prediction results of the model on the aforementioned indepen-
dent test set, including predicted values and the 95% confidence intervals. The model
makes reasonably accurate predictions for the data in the independent test set, with pre-
dicted values being close to the observed values. Furthermore, all observed values fall
within the 95% confidence intervals provided by the model. To quantitatively evaluate the
model’s performance on the test set, a Coefficient of Determination (R2) and Mean Absolute
Percentage Error (MAPE) are used, with the formulas for both metrics given in Equations
(2) and (3). In these formulas, ŷi represents the model’s predicted value, yi is the observed
value, and n is the number of samples.

R2 = 1 − ∑n
i=1(yi − ŷi)

2

∑n
i=1(yi − y)2 (2)
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MAPE =
1
n

n

∑
i=1

∣∣∣∣ ŷi − yi
yi

∣∣∣∣ (3)

Table 4. Experimental setup for the independent test set.

Samples Rotary Speed
(rpm)

Penetration Speed
(mm/s)

Percussive Frequency
(Hz)

1 85 5 7.5
2 85 9 17.5
3 85 11 27.5
4 85 14.5 37.5
5 105 5 17.5
6 105 9 7.5
7 105 11 37.5
8 105 14.5 27.5
9 125 5 27.5
10 125 9 37.5
11 125 11 7.5
12 125 14.5 17.5
13 145 5 37.5
14 145 9 27.5
15 145 11 17.5
16 145 14.5 7.5

Aerospace 2025, 12, 128 12 of 23 
 

 

10 125 9 37.5 
11 125 11 7.5 
12 125 14.5 17.5 
13 145 5 37.5 
14 145 9 27.5 
15 145 11 17.5 
16 145 14.5 7.5 

Figure 7 presents the prediction results of the model on the aforementioned inde-
pendent test set, including predicted values and the 95% confidence intervals. The model 
makes reasonably accurate predictions for the data in the independent test set, with pre-
dicted values being close to the observed values. Furthermore, all observed values fall 
within the 95% confidence intervals provided by the model. To quantitatively evaluate 
the model’s performance on the test set, a Coefficient of Determination (R2) and Mean 
Absolute Percentage Error (MAPE) are used, with the formulas for both metrics given in 
Equations (2) and (3). In these formulas, 𝑦ො௜ represents the model’s predicted value, 𝑦௜ is 
the observed value, and n is the number of samples. 𝑅ଶ = 1 − ∑ ሺ𝑦௜ − 𝑦ො௜ሻଶ௡௜ୀଵ∑ ሺ𝑦௜ − 𝑦തሻଶ௡௜ୀଵ  (2) 

𝑀𝐴𝑃𝐸 = 1𝑛෍ฬ𝑦ො௜ − 𝑦௜𝑦௜ ฬ௡
௜ୀଵ  (3) 

The closer the R2 value is to 1 and the closer the MAPE value is to 0, the better the 
model’s prediction performance. For the independent test set, the model achieved an R2 
of 0.89 and a MAPE of 5.74%, further confirming the model’s effectiveness and good gen-
eralization ability for coring ratio prediction. 

 

Figure 7. Prediction performance of the surrogate model on the independent test set. 

Furthermore, a sensitivity analysis of the key hyperparameters of the BNN is con-
ducted to evaluate the robustness of the surrogate model, including the number of hidden 
layers, the number of neurons per layer, the prior weight coefficient, and the prior vari-
ance. The uniqueness of the BNN lies in its use of Bayesian inference, where its loss func-
tion incorporates not only the traditional error term but also the log-likelihood term of the 
prior distribution of weights and biases. The prior weight coefficient controls the propor-
tion of the prior distribution, which is typically modeled as a normal distribution, with 
the variance characterizing its properties. The value of the R2 on the independent test is 
set as a metric for model performance. Figure 8 presents the sensitivity analysis results for 
the BNN hyperparameters, with each configuration repeated ten times, showing the mean 

Figure 7. Prediction performance of the surrogate model on the independent test set.

The closer the R2 value is to 1 and the closer the MAPE value is to 0, the better the
model’s prediction performance. For the independent test set, the model achieved an
R2 of 0.89 and a MAPE of 5.74%, further confirming the model’s effectiveness and good
generalization ability for coring ratio prediction.

Furthermore, a sensitivity analysis of the key hyperparameters of the BNN is con-
ducted to evaluate the robustness of the surrogate model, including the number of hidden
layers, the number of neurons per layer, the prior weight coefficient, and the prior variance.
The uniqueness of the BNN lies in its use of Bayesian inference, where its loss function
incorporates not only the traditional error term but also the log-likelihood term of the prior
distribution of weights and biases. The prior weight coefficient controls the proportion
of the prior distribution, which is typically modeled as a normal distribution, with the
variance characterizing its properties. The value of the R2 on the independent test is set as a
metric for model performance. Figure 8 presents the sensitivity analysis results for the BNN
hyperparameters, with each configuration repeated ten times, showing the mean and range
of R2 values. In Figure 8a,b, there is a significant improvement in model performance as the
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number of hidden layers and neurons increases initially; however, further increases lead to
overfitting, reducing the generalization of the model. In Figure 8c, the model’s performance
shows an initial increase followed by a decrease as the prior weight changes. A weaker
prior causes the model to overly focus on the error term, making it susceptible to noise,
whereas a stronger prior leads the model to neglect the data characteristics, hindering
its ability to capture data patterns effectively. There exists an optimal prior weight that
balances these two influences. Figure 8d demonstrates that there is an optimal value for
the variance of the prior distribution, which better aligns with the actual data and helps the
model achieve optimal performance. These results indicate that the appropriate selection
of BNN hyperparameters is crucial for the model’s performance.
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4. Prediction and Discussion
The validation results of the surrogate model on the independent test set, as discussed

above, indicate that the model exhibits high extrapolation accuracy and strong general-
ization capability. Therefore, its results can serve as a substitute for actual experimental
outcomes. This section uses the surrogate model to obtain extrapolated and interpolated
results for the original experimental points across the entire control parameter space and
systematically analyzes the influence of various drilling control parameters on core recovery
performance.

4.1. Percussive Effect

Percussion modes play a crucial role in deep drilling and hard rock drilling, with
percussive frequency being a key control parameter in these modes. This section uses
the previously established surrogate model to study the effect of percussive frequency on
the final coring rate, providing scientific guidance for the regulation and optimization of
percussive frequency.



Aerospace 2025, 12, 128 14 of 23

4.1.1. Combined Effect of Percussive Frequency and Penetration Speed

This section explores the trend of coring rate variation with percussive frequency at
different penetration speeds, while keeping the rotary speed constant. Figure 9 shows
the variation in coring rate with percussive frequency when the rotary speed is set to
120 rpm, and the penetration speeds are 6 mm/s, 8 mm/s, 10 mm/s, 12 mm/s, 14 mm/s,
and 16 mm/s, respectively. The coring rate initially increases and then decreases as the
percussive frequency increases. Furthermore, as the penetration speed increases, the
optimal percussive frequency for maximizing the coring rate also increases. Additionally,
higher penetration speeds generally lead to higher coring rates.
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Specifically, the coring rate initially increases and then decreases with the increase in
percussive frequency, indicating the existence of an optimal percussive frequency. This
behavior may be due to the fact that an appropriate percussive frequency generates suf-
ficient shock forces on the drill pipe, which facilitates regolith loosening and fluidizing,
thus enhancing the sampling effect. However, if the percussive frequency is too high, the
granular particles may not have fully rebounded before being struck again, which could
lead to excessive soil compaction, negatively affecting the sampling process. Additionally,
the optimal percussive frequency increases with the penetration speed, meaning that a
higher penetration speed requires a higher optimal percussive frequency. This is likely
because higher penetration rates necessitate matching higher percussive frequencies to
ensure that the shock forces can be effectively applied to the rapidly descending drill
pipe, thus maximizing the utilization of percussive energy to overcome soil resistance and
improve the coring rate. If the percussive frequency is insufficient, it will fail to meet the
sampling demands at high penetration rates, leading to a decrease in the coring rate.

Further results are presented for a low rotary speed (80 rpm) and high rotary speed
(150 rpm). As shown in Figure 10, the trends at different rotary speeds reflect the two
key patterns mentioned earlier. Additionally, when the rotary speed is low, the optimal
percussive frequency increases with ROP, but the change is relatively smaller compared
to the higher rotary speed. Higher ROPs are associated with the densification of granular
particles, resulting in increased excitation frequency that facilitates the core’s entry into
the tube.
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4.1.2. Combined Effect of Percussive Frequency and Rotary Speed

This section explores the trend of the coring rate with percussive frequency at different
rotary speeds, while keeping the ROP fixed. Figure 11a–c shows the results for low
(4 mm/s), medium (10 mm/s), and high (15 mm/s) ROPs, respectively. It can be observed
that, with other parameters fixed, the coring rate initially increases and then decreases with
an increase in percussive frequency. Moreover, within each subplot, there is no significant
difference in the optimal percussive frequency for different rotary speeds when the ROP is
fixed. However, as the ROP increases from Figure 11a–c, the optimal percussive frequency
shifts noticeably to the right. Additionally, the coring rate tends to be lower at higher rotary
speeds. Higher rotary speeds are associated with the fluidizing of granular particles, which
leads to a decrease in excitation frequency, hindering the core’s entry into the tube.
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4.2. Coring Rate and Chip Discharge

The helical-threaded drilling stem transports lunar regolith through external rotational
spirals, displacing the advancing space, while the penetration and percussion provide
the advancing thrust, thereby enabling the sampling of subsurface lunar regolith. The
descent volume of the drill pipe is approximately equal to the sum of the collected and
displaced regolith volumes, highlighting the close relationship between coring and chip
discharged performance. Based on this correlation, this section investigates the effects of
drilling parameters on these two characteristics.

4.2.1. Influence of Rotary and Penetration Speed on Coring Rate

This section investigates the coupled effect of rotary and penetration speed on the
coring rate. Figure 12a presents the contour plot of coring rate for different combinations of
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rotary speed and penetration speed when the percussive frequency is fixed at 20 Hz. The
contour lines exhibit an approximately parallel inclined trend, indicating that, as the rotary
speed decreases or the penetration speed increases, the coring rate increases proportionally.
Further, the rotary speed and penetration speed are combined into a parameter called the
penetration per revolution (PPR), defined as Equation (4).

PPR =
v
ω

(4)
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Figure 12b shows a scatter plot of PPR vs. coring rate, where a near-linear relationship
is observed. Figure 12c presents the variation trend of the PPR and the corresponding
coring rate. It can be seen that the two variables exhibit nearly synchronous fluctuations.

The coring rate is positively correlated with the penetration speed, meaning that, as the
penetration speed increases, the coring rate also increases. This can be attributed to the fact
that a higher penetration speed provides the drill pipe with stronger penetration capability.
Due to the soil’s inertial effect, rapid downward movement allows more soil to enter the
pipe. Additionally, a higher penetration speed is typically associated with greater drilling
pressure, which helps overcome soil resistance and improve the coring rate. However, as
the penetration speed continues to increase, the rate of growth in the coring rate starts to
flatten. This may be due to the fact that, when the penetration speed becomes too high,
the soil may not enter the sampling pipe in time or may become disturbed, causing the
increase in coring rate to slow down.

Conversely, the coring rate is negatively correlated with the rotary speed, meaning that
a higher rotary speed results in a lower coring rate. The reason for this is that increasing the
rotary speed accelerates the cutting action of the drill bit on the soil, causing more soil to be
expelled rather than entering the sampling pipe. Therefore, the higher the rotary speed, the
more soil is expelled during rotation, which reduces the amount of soil entering the pipe
and decreases the coring rate.

The effects of penetration speed and rotation speed on the coring rate exhibit a coupled
relationship, which can be measured by PPR. Under a fixed percussive frequency, there
is an approximately linear relationship between PPR and coring rate. PPR reflects the
coordination between the penetration and rotary speed. This linear relationship between
PPR and the coring rate may arise from the balanced effect of the penetration rate and
rotation speed on the entry of soil into the sampling pipe.

Additionally, Figures 13 and 14 present the cases for low (5 Hz) and high (35 Hz)
percussive frequencies. The results also reflect the three key patterns related to penetration
speed, rotary speed, and PPR mentioned above.
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4.2.2. Influence of Rotary Speed and Penetration Speed on Chip Discharge

The downward volume of the drill pipe is approximately the sum of the collected
and displaced regolith volumes, so the coring rate is closely related to the chip removal
performance. During the experimental process, a clear correlation between the volume of
removed soil and both rotary speed and penetration speed was observed. Figure 15 shows
the variation in the volume of soil removed after drilling under different rotary speeds. The
simulated lunar soil ejected from the drilling stem accumulates an approximately conical
shape, and its volume (including the diameter and height of the cone’s base) increases
significantly with higher rotary speeds. This is likely due to the fact that higher rotary
speeds result in stronger shear and breaking effects from the drill bit, which fragments the
soil, making it more easily expelled and thus creating larger soil piles. Additionally, higher
rotary speeds generate significant centrifugal forces, which tend to expel soil from the area
around the drill pipe or cutting zone, further increasing the volume of ejected soil. As
more soil is expelled, the amount of soil retained inside the pipe decreases, which in turn
reduces the core recovery rate. While higher rotary speeds help reduce drilling pressure
and promote chip discharge, they are not favorable for improving coring efficiency.

Figure 16 shows the variation in the volume of soil removed after drilling under
different penetration speeds. The figure reveals that the soil removal volume significantly
decreases as the penetration speed increases. An increase in penetration speed means
that the drill bit penetrates the soil layer more quickly, which reduces the time and space
available for soil expulsion. Moreover, higher penetration speeds are often accompanied
by higher drilling pressures, which help overcome the internal friction of the soil, pushing
the soil into the drill pipe and thereby reducing the volume of removed soil and increasing
the amount of soil entering the pipe. Based on the analysis above, it can be concluded
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that both core recovery and chip removal performance are influenced by the coupling of
penetration speed and rotary speed, with penetration speed having a significant impact on
coring performance, while rotary speed plays an important role in chip discharge.
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The internal friction angle of soils typically approximates their natural repose angle,
increasing with the dense degree [56]. The natural repose angle of the simulated lunar
soil, CSU-LRS-1, used in this study is 51◦ [25]. In Figures 15 and 16, the discharged lunar
simulant forms a shape approximately resembling a cone, which accumulates around the
drill pipe with an inclination angle of about 45◦. This discrepancy may result from the
discharged soil undergoing rotational cutting by the drill bit and helical transportation by
the drill rod. These processes render the soil looser, thereby reducing its internal friction
angle relative to its natural state.

4.3. Optimization of Coring Efficiency

Based on the experimental results and the prediction of surrogate model, the influence
of drilling parameters on coring performance can be summarized as follows: The penetra-
tion speed exhibits a positive effect on coring efficiency, meaning that, as the penetration
speed increases, the coring rate also increases. However, as the penetration speed continues
to increase, the rate of growth in coring efficiency begins to level off. The rotary speed has a
negative impact on coring efficiency, indicating that lower rotary speeds result in higher cor-
ing rates. The effect of percussive frequency on coring efficiency is non-monotonic; namely
that the coring rate initially increases and then decreases as the percussive frequency rises.
Furthermore, the optimal percussive frequency is dependent on the penetration speed to
a large extent, with higher penetration speeds requiring higher optimal percussive fre-
quencies. The optimal frequency typically ranges between 15 and 35 Hz. Consequently, to
achieve high coring efficiency, it appears necessary to set a high penetration speed, a low
rotary speed, and an appropriate percussion frequency corresponding to the penetration
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speed. The response surface of predicted coring rates with different drilling parameters is
shown in Figure 17.

Aerospace 2025, 12, 128 19 of 23 
 

 

speed has a negative impact on coring efficiency, indicating that lower rotary speeds result 
in higher coring rates. The effect of percussive frequency on coring efficiency is non-mon-
otonic; namely that the coring rate initially increases and then decreases as the percussive 
frequency rises. Furthermore, the optimal percussive frequency is dependent on the pen-
etration speed to a large extent, with higher penetration speeds requiring higher optimal 
percussive frequencies. The optimal frequency typically ranges between 15 and 35 Hz. 
Consequently, to achieve high coring efficiency, it appears necessary to set a high pene-
tration speed, a low rotary speed, and an appropriate percussion frequency correspond-
ing to the penetration speed. The response surface of predicted coring rates with different 
drilling parameters is shown in Figure 17. 

 

Figure 17. Response surface of predicted coring rates under various drilling parameters. 

However, experimental results indicate that the penetration speed positively influ-
ences both WOB and torque, while the rotary speed has a negative effect. Specifically, 
higher penetration speeds and lower rotary speeds result in increased WOB and torque, 
as illustrated in Figure 18. But, due to the stringent constraints on mass, volume, and 
available energy imposed by the limited payload capacity of rocket transport systems, the 
drilling device faces strict limitations on the drilling loads. While high penetration speeds 
and low rotary speeds can enhance the coring rate, they also demand significantly higher 
WOB and torque, potentially exceeding the load capacity of the drilling device and dimin-
ishing overall drilling efficiency. Thus, it is critical to balance coring efficiency with drill-
ing efficiency, defined as the load and energy required to fracture a unit volume of rock. 
Optimizing the penetration speed and rotary speed requires careful consideration of this 
trade-off. Percussion, on the other hand, offers an effective solution by enabling the drill 
bit to fracture hard rock or loose soil more efficiently. This approach reduces the sustained 
WOB required, providing a practical means to achieve higher efficiency under constrained 
load capacities. 

 

Figure 17. Response surface of predicted coring rates under various drilling parameters.

However, experimental results indicate that the penetration speed positively influ-
ences both WOB and torque, while the rotary speed has a negative effect. Specifically,
higher penetration speeds and lower rotary speeds result in increased WOB and torque,
as illustrated in Figure 18. But, due to the stringent constraints on mass, volume, and
available energy imposed by the limited payload capacity of rocket transport systems,
the drilling device faces strict limitations on the drilling loads. While high penetration
speeds and low rotary speeds can enhance the coring rate, they also demand significantly
higher WOB and torque, potentially exceeding the load capacity of the drilling device and
diminishing overall drilling efficiency. Thus, it is critical to balance coring efficiency with
drilling efficiency, defined as the load and energy required to fracture a unit volume of rock.
Optimizing the penetration speed and rotary speed requires careful consideration of this
trade-off. Percussion, on the other hand, offers an effective solution by enabling the drill
bit to fracture hard rock or loose soil more efficiently. This approach reduces the sustained
WOB required, providing a practical means to achieve higher efficiency under constrained
load capacities.
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5. Conclusions
This paper proposes a surrogate model for drilling and sampling, integrating ground-

based experiments and machine learning to serve as an alternative for experimental results.
The model is designed to uncover the underlying mechanisms linking drilling parame-
ters and coring performance. First, Taguchi orthogonal experimental design is applied



Aerospace 2025, 12, 128 20 of 23

to collect as comprehensive and representative data as possible within a limited number
of trials. Then, a Bayesian neural network is employed to construct a predictive model
and quantify uncertainty. Finally, active learning strategies are applied to supplement
sampling in regions of high uncertainty, iteratively updating the model to progressively
align with real experimental outcomes. This approach significantly reduced the num-
ber of experimental samples required to establish a high-fidelity surrogate model. The
surrogate model demonstrated strong predictive performance, achieving an R2 of 0.89
and a MAPE of 5.74% on an independent test set, indicating that it effectively captured
the intrinsic relationships between drilling parameters and sampling performance, with
excellent generalization capability.

Based on the surrogate model, extrapolated and interpolated results are obtained
for the original experimental points to investigate the influence mechanisms between
drilling parameters and coring performance. The key findings are summarized as follows:
(1) Coring rate is positively correlated with penetration speed and negatively correlated
with rotary speed. (2) Penetration and rotary speeds have a coupled effect on coring
rate, which can be measured by PPR, and, when percussive frequency is fixed, the PPR
exhibits a nearly linear relationship with coring rate. (3) The coring rate increases with
percussive frequency, reaches a peak, and then decreases. (4) The optimal percussive
frequency increases with penetration speed, meaning that a higher penetration speed
requires a higher optimal percussive frequency. These findings provide valuable insights
for optimizing drilling parameters to achieve higher coring efficiency and improve the
scientific return of lunar missions. The proposed methodology in this paper provides a
novel framework for tackling high-cost or small-sample experimental challenges, making
it highly valuable for extraterrestrial exploration scenarios. In future work, we will further
investigate the effects of geological and drilling tool characteristics on coring results and
refine the experimental setup to better simulate lunar gravity and environmental conditions.
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