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Amid the scarcity of lunar meteorites and the imperative to preserve their scientific value, non-
destructive testing methods are essential. This translates into the application of microscale rock mechan-
ics experiments and scanning electron microscopy for surface composition analysis. This study explores
the application of Machine Learning algorithms in predicting the mineralogical and mechanical proper-
ties of DHOFAR 1084, JAH 838, and NWA 11444 lunar meteorites based solely on their atomic percentage
compositions. Leveraging a prior-data fitted network model, we achieved near-perfect classification

Il\fé’t":g:id:e:s scores for meteorites, mineral groups, and individual minerals. The regressor models, notably the K-
Moon Neighbor model, provided an outstanding estimate of the mechanical properties—previously measured
Mineralogy by nanoindentation tests—such as hardness, reduced Young’s modulus, and elastic recovery. Further con-

siderations on the nature and physical properties of the minerals forming these meteorites, including

porosity, crystal orientation, or shock degree, are essential for refining predictions. Our findings under-

score the potential of Machine Learning in enhancing mineral identification and mechanical property

estimation in lunar exploration, which pave the way for new advancements and quick assessments in

extraterrestrial mineral mining, processing, and research.

© 2024 Published by Elsevier B.V. on behalf of China University of Mining & Technology. This is an open
access article under the CC BY-NC-ND license (http://creativecommons.org/licenses/by-nc-nd/4.0/).
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1. Introduction

The integration of Machine Learning (ML) technologies into
various scientific and engineering disciplines has been met with
both acclaim and skepticism. Despite notable success where it
has matched or surpassed human performance in diverse material
science applications [1], there remains a significant degree of dis-
belief within both academia and industry regarding the practical
utility and impact of these technologies, particularly in special-
ized fields like mineral processing [2]. This skepticism is largely
a product of repeated cycles of hype, characterized by overblown
promises followed by underperformance, leading to disillusion-
ment, reduced investment, and slowed research and
development.
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In the context of mineral processing, data-based modeling
methods have traditionally been employed as “soft sensors” to pre-
dict variables that are either infrequently measured or difficult to
measure, using data from variables that are more readily available.
Although applications of partial least squares (PLS) methods for
predicting elemental composition using reflectance spectroscopy
[3,4], and the use of neural networks for modeling hydrocyclones
[5], milling circuits [6,7], flotation processes [8,9], and furnaces
[10,11] have been documented, these efforts typically involved rel-
atively simple neural network architectures, constrained by com-
putational resources or the availability of data.

In addition to traditional techniques to achieve the characteri-
zation of meteorites, involving a sum of know-how and significant
instrumental expertise, Allegretta et al. [12] showcased the appli-
cation of portable X-ray fluorescence spectroscopy (XRF) combined
with ML algorithms to achieve precise classification of meteorites.
This new XRF approach not only enables the rapid identification of
meteorites in diverse environments but also aids in distinguishing
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genuine meteorite samples from similar terrestrial materials, often
referred to as “meteor-wrongs”. By utilizing energy dispersive XRF
instruments alongside principal component analysis and algo-
rithms such as the cubic support vector machine and nearest
neighbor classifiers, the study achieved a 100% accuracy rate in
classifying meteorites into macro-groups.

Further expanding the applications of ML in extraterrestrial
mineral analysis, Breitenfeld et al. [13] and Dyar et al. [14]
explored the quantification of mineral compositions in asteroids
and the distribution of matter within the Solar System. Breitenfeld
et al. [13] applied a phyllosilicate-specific model to data from the
OSIRIS-REx mission’s target asteroid, Bennu, identifying significant
volumes of phyllosilicates and distinguishing between Mg and Fe
serpentines. Dyar et al. [14] introduced a method to classify aster-
oids based on spectral characteristics, using ML algorithms to cor-
relate asteroid spectra with known meteorite classes. This
approach, rooted in mineralogical composition, allows for the pre-
cise evaluation of the distribution of matter in the asteroid belt,
marking a significant departure from traditional taxonomy meth-
ods. Bruschini et al. [15] examined impact glass-bearing rocks
using a combination of spectroscopies and X-ray diffraction, com-
plemented by a comprehensive database of glass materials’ prop-
erties. This database was employed to identify relationships
between chemical and physical characteristics and to apply ML
algorithms for predicting the oxidation state of iron.

Regarding lunar material, Kodikara et al. [16] investigated the
use of ML to determine the physical and mineralogical properties
of lunar soil through reflectance spectra analysis. Utilizing the
Lunar Soil Characterization Consortium (LSCC) dataset, they
assessed the effectiveness of nine ML algorithms—spanning linear,
non-linear, and rule-based methods—in classifying lunar soils by
type (Mare or Highland), particle size, maturity, and pyroxene con-
tent (high-Ca or low-Ca). Similarly, Korokhin [17], introduced an
innovative approach for mapping lunar regolith composition by
integrating a nonlinear spectral mixing model with ML algorithms,
significantly outperforming traditional numerical optimization
methods in speed. This methodology enables comprehensive map-
ping of the lunar surface’s regolith properties, such as mineralogi-
cal composition, average grain size, and optical maturity, across
extensive areas.

Given this context, the present study aims to bridge a gap in the
current research landscape by exploring the application of
advanced ML techniques to the study and processing of extrater-
restrial minerals, specifically those found in lunar meteorites.
Despite the potential of ML to revolutionize the classification and
prediction of mechanical properties of these minerals, efforts to
apply ML in the context of extraterrestrial mineral processing have
been limited. While there are advancements in ML for analyzing
lunar soil and regolith properties, the scientific literature lacks
the application of novel techniques to lunar meteorites.

The investigation of lunar meteorites is important for elucidat-
ing the Moon’s geological history and its current surface conditions
[18,19]. This is particularly pertinent in light of the Artemis pro-
gram and the ongoing efforts to establish a lunar base in the
Moon’s south polar region [20]. Currently, our understanding of
the mechanical properties of lunar materials remains nascent,
and the classification of their constituent minerals poses signifi-
cant challenges. These issues are pivotal for lunar science and the
future practical application of in-situ resource utilization (ISRU)
strategies.

Given the rarity of lunar meteorites and the need to conserve
the scientific information they contain, researchers try to avoid
large-scale destructive testing. Consequently, the scientific com-
munity is more inclined to perform micro-/nanoscale rock
mechanics experiments (e.g., nanoindentation) as an alternative,
nearly non-destructive means to ascertain the mechanical proper-
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ties and composition of these precious samples [21-27]. Similarly,
this technique might be applied to characterize the mechanical
properties of sample returned materials like these brought back
by Hayabusa JAXA mission from asteroid Itokawa [28].

The advent of ML algorithms provides innovative approaches
for the identification of meteorite mineralogy and the prediction
of their mechanical properties from elemental compositions,
which can have direct impact in future off-Earth mineral process-
ing and science endeavors. In this work, we explore the use of ML
techniques to identify the mineralogical and mechanical properties
of DHOFAR 1084, JAH 838, and NWA 11444 lunar meteorites,
demonstrating the potential of these advanced technologies to
contribute significantly to lunar science and exploration. Both min-
eral classification and mechanical properties are predicted inde-
pendently using distinct approaches, both exclusively based on
elemental compositions determined by microanalysis techniques.

In Section 2 we present the lunar meteorite samples used in this
study, in Section 3 we introduce the methods and procedures
employed, in Section 4 we present the results, and in Section 5
we summarize our findings.

2. Meteorites samples

The thin sections of the meteorites analyzed in this study, DHO-
FAR 1084, JAH 838, and NWA 11444, are part of the Meteorite Col-
lection at the Institute of Space Sciences (CSIC), Spain, and have
been duly classified in the Meteoritical Bulletin Database.! The
Meteoritical Bulletin Database, coordinated by the Meteoritical Soci-
ety, is a comprehensive online resource that provides detailed infor-
mation on all recognized meteorites (>75000), including their
classifications, compositions, and discovery locations, serving as an
essential tool for researchers in the field of meteoritics. Fig. 1 shows
false-color enhanced mosaics of the thin sections employed in this
work.

DHOFAR 1084, discovered in 2001 in the Dhofar region of Oman,
near Zufar, stands out as an exemplary average feldspathic lunar
meteorite, offering key insights into the Moon’s geological history
[29]. Chemical analysis reveals high content of aluminum and
refractory elements, hinting at its lunar crust origin. Its composi-
tion, characterized by impact glass and brecciated fragments, indi-
cates formation through violent impact events, marking the lunar
surface’s history with evidence of such catastrophic occurrences.

In 2003, during a desert expedition 28 km south of Al Ghaftain,
Oman, another significant find was made with the discovery of Jid-
dat al Harasis 838 (JAH 838), classified as a mingled regolith brec-
cia. This meteorite, containing mare and KREEPy material, along
with HASP (alumina-silica poor) and chondritic material, provides
valuable data on the Moon’s chemical and isotopic composition
[30]. Isotopic analysis aligns closely with Apollo mission samples,
affirming JAH 838’s lunar origin and suggesting its formation in
the Moon’s early, volcanically active phase [31]. JAH 838’s detailed
analysis reveals a complex breccia composed of various mineral
fragments and lithic clasts, encapsulating a rich history of lunar
geological activity within its fine-grained, dark gray matrix that
houses an array of minerals and metallic elements.

The discovery of Northwest Africa 11444 (NWA 11444)in 2017,
in an undisclosed location in Mauritania, added another piece to
the lunar meteorite collection. Classified as a polymictic anorthosi-
tic breccia, NWA 11444 comprises anorthosite fragments—an indi-
cation of its rich plagioclase content—melded by the intense heat
from a lunar impact event [32]. This meteorite is a testament to
the diversity of lunar geological materials, showcasing a mix of
angular fragments, from coarse-grained to aphanitic gabbros and

T https://www.lpi.usra.edu/meteor/.
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Fig. 1. Mosaics of the thin sections of lunar meteorites.

basalts, within a fine-grain matrix. The composition of NWA
11444, rich in minerals and lithic clasts, highlights the lunar sur-
face’s geological diversity, presenting a comprehensive view of
the Moon’s material composition and the dynamic processes that
have shaped its surface.

3. Methods and procedures

This section explains the methodologies employed to analyze
the mineralogical properties and mechanical characteristics of
lunar meteorites, structured into three distinct subsections. Sec-
tion 3.1 outlines the use of Scanning Electron Microscopy (SEM)
for detailed mineralogical analysis. Following this, Section 3.2
describes the experimental procedure used to measure the
mechanical properties of the meteorites, such as hardness, elastic
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modulus, and elastic recovery, at the microscale. Lastly, Section 3.3
introduces the application of advanced ML algorithms to classify
and predict the properties of lunar meteorites. More detail about
the characterization of these samples can be found in Ref. [27].

3.1. SEM mineral identification

The thin sections of the samples were analyzed using a Zeiss
Scope Axio petrographic optical microscope in both reflected and
transmitted light modes, employing magnifications of x50, x100,
and x250. To systematically identify and catalog various features
and components within these sections, high-resolution mosaic
images were constructed.

Further analysis was conducted using SEM coupled with energy
dispersive X-ray (EDX) analysis at the Catalan Institute of
Nanoscience and Nanotechnology (ICN2), Spain, utilizing the FEI
Quanta 650 FEG SEM in the low vacuum backscattered electron
mode (BSED). Elemental composition was detailed using an Inca
250 SSD Xmax20 EDS detector, which is equipped with Peltier
cooling and boasts an active area of 20 mm?. This setup facilitated
the examination of selected areas at various magnifications,
enabling the acquisition of EDX spectra that offered an in-depth
analysis of the mineralogical composition and elemental distribu-
tion within the sections. These analyses were instrumental for
manually identifying the minerals subjected to indentation. Ele-
mental information for O, Na, Mg, Al, Si, S, Ca, Ti, Cr, and Fe in
the meteorites was obtained.

3.2. Nanoindentation

The mechanical properties of minerals in this study were deter-
mined using the NHT2 Anton Paar nanoindentation instrument,
equipped with a Berkovich pyramidal diamond tip, housed at the
Autonomous University of Barcelona (UAB), Spain. Nanoindenta-
tion involves the application of a controlled force to localized sam-
ple areas with the diamond indenter, gradually increasing the force
to a set maximum and then decreasing it back to zero, allowing the
surface to elastically retract. This process generates load-depth
curves, from which data on deformation mechanisms and elastic
recovery are extracted.

For each mineral, a series of 6-12 indentations were executed,
applying a maximum force of 25 mN, while maintaining thermal
drift below 0.05 nm/s. Corrections for the contact area were made
using a calibrated fused silica sample, alongside adjustments for
initial indentation depth and instrument compliance, as per [33].
The hardness (H) and the reduced Young’s modulus (E;) were cal-
culated from the load-displacement curves according to the
methodology outlined by Oliver et al. [34].

The Young’s modulus quantifies material stiffness, indicating its
resistance to deformation under applied force. The E,, an elastic
property assessed in nanoindentation, adjusts Young’s modulus
to account for interactions between the sample and indenter tip,
combining the material’s and the indenter’s elastic displacements.

2
1-12 1—1].

This is described by the equation El =1 o where E and v are
the sample’s Young’'s modulus and Poisson’s ratio, respectively;
and E;=1140 GPa and v;=0.07 are those of the diamond indenter.
Hardness is defined as H = 2 max, With Prax being the maximum load
and A the contact area.

Elastic recovery was gauged by the ratio of elastic to total
indentation energies (W/W;), with W, calculated from the unload-
ing curve’s area to the displacement axis and W, from the loading
curve’s area. Plastic behavior was similarly characterized, using the
plasticity index (Wy/W,), offering insights into the material’s resis-
tance to permanent deformation. Fig. 2 provides a visual overview
of the nanoindentation process applied.




E. Pefia-Asensio, J.M. Trigo-Rodriguez, J. Sort et al.

(a) Nanoindenter employed

(b) Indented phase of DHOFAR 1084
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Load (mN)

Depth (nm)

(c) Schematic nanoindentation curve result

Fig. 2. Illustrative figures of the nanoindentation process.

3.3. Machine learning techniques

The application ML techniques in this study are bifurcated into
two primary domains: classification tasks and regression models,
each tailored to dissect distinct aspects of lunar meteorites’ miner-
alogical and mechanical properties. This approach leverages the
intrinsic patterns within the elemental composition data to classify
meteorite types and predict their mechanical properties. However,
prior to initiating the training of the models, we will conduct a
Principal Component Analysis (PCA) for the purpose of dimension-
ality reduction and feature extraction. PCA will enable us to iden-
tify the most significant variables in our dataset that contribute to
the variation in mechanical properties of lunar meteorites, as well
as to check the consistency of our data.

3.3.1. Classification task

For the classification of lunar meteorites and their constituent
minerals, we adopted TabPFN [35], a transformer-based model
specifically designed for handling small tabular datasets. The
advent of transformer models has revolutionized the field of natu-
ral language processing [36], and their extension into tabular data
analysis through models like TabPFN represents a significant leap
forward. TabPFN, a prior-data fitted network, stands out for its effi-
ciency in managing datasets of limited size, which is often a critical
constraint in specialized scientific domains such as lunar mineral-
ogy. The model’s architecture is fine-tuned to perform supervised
classification tasks, offering an optimized pathway to interpret
complex relationships within the data without the need for exten-
sive computational resources.

In our study, TabPFN was retrained with the explicit goal of ana-
lyzing lunar meteorites based on their elemental content, mea-
sured in weight percent. This retraining process allowed the
model to adapt its parameters to the unique characteristics of
our dataset, enhancing its ability to discern not only the type of
meteorite but also to classify minerals into specific families and
identify individual mineral phases.

3.3.2. Regression models

To predict the mechanical properties of lunar meteorites, a
selection of regression models from the scikit-learn library (version
1.4) was utilized [37]. Scikit-learn, a widely recognized library in
the ML community, offers a comprehensive suite of tools for data
mining and analysis, including an array of algorithms for regres-
sion tasks. To determine the most effective approach, the following
models are evaluated individually and compared:

(1) Linear Regression: A foundational model that assumes a lin-
ear relationship between the independent variables (ele-
mental composition) and the dependent variable
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(mechanical property). It is particularly useful for under-
standing the direct influence of each element on the mete-
orite’s mechanical characteristics.

(2) Decision Tree Regressor: This model applies a tree-like graph
of decisions and their possible consequences. It is adept at
capturing non-linear relationships and interactions between
elements.

(3) Gradient Boosting Regressor: An ensemble technique that
builds models sequentially, each new model correcting
errors made by previous ones. It is effective for reducing bias
and variance.

(4) AdaBoost Regressor: Another ensemble method that combi-
nes multiple weak learners to create a strong predictive
model. It adjusts the weights of incorrectly predicted
instances, making it robust to outliers and variance in data.

(5) Random Forest Regressor: A versatile ensemble of decision
trees, known for its high accuracy, ability to deal with unbal-
anced and missing data, and feature importance evaluation.

(6) K-Neighbors Regressor: A non-parametric method that pre-
dicts the value of the dependent variable based on the ‘k’
nearest neighbors. This approach is useful for capturing the
localized patterns in data.

In the development of the predictive models, the dataset was
randomly divided into two subsets: 80% was allocated for training
and the remaining 20% was reserved for validation. This partition-
ing ensures that most of the data is used to train the models, while
still holding out a substantial portion for the unbiased evaluation
of model performance. For the training phase, we employed a
hyper-parameter optimization technique that performs a random-
ized search over specified parameter values for an estimator, using
the coefficient of determination (R?) as score metric.

The search was configured with a 5-fold stratified cross-
validation to ensure that each fold is a good representative of the
whole by maintaining approximately the same percentage of sam-
ples of each target class as the complete set. This stratification is
important for dealing with imbalanced datasets, enhancing the
reliability of the validation process by ensuring that each fold
reflects the overall distribution of the data.

The objective of using a random search grid scheme is to
explore a wide range of hyper-parameters and identify the most
effective combinations for predicting each mechanical property
under study. By randomly selecting from the predefined hyper-
parameter grid and evaluating model performance across different
subsets of the training data, the process fosters a robust estimation
of model accuracy and generalizability. Ultimately, this approach
facilitates the selection of the best hyper-parameters, which are
then used to validate the models’ performance on unseen data.
Table 1 shows all hyper-parameter with their possible values
employed to search for the best fit.
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4. Results and discussion

The aim of the present work is twofold: first, to explore the use-
fulness of ML techniques to classify meteorite minerals by using
solely elemental compositions measured with SEM-EDS. Second,
to explore the ability of different regression models to predict
the mechanical properties of mineral meteorites from their ele-
mental composition. For this research, an investigation into the
mechanical characteristics of lunar meteorites with nanoindenta-
tion measurements was undertaken, alongside the identification
of the principal mineral present in each nanoindented region as
inferred from its atomic compositions. The results from the
nanoindentation tests and the corresponding atomic compositions
measured by SEM-EDS for the 126 individual analysis areas (for the

Table 1

Hyper-parameters grids for multiple regression models in search of the best fit. For a
detailed explanation of each parameter and function, refer to the [37]
documentation.”

Regressor Hiper-parameter Possible values
model
Linear fit_intercept True, False
positive True, False
Decision criterion squared_error, friedman_mse,
Tree abs_error, poisson
splitter best, random
max_depth None, 3, 5, 10, 20
min_samples_split 2-20 (randint)
min_samples_leaf 1-10 (randint)
max_features None, sqrt, log2, 0.1, 0.325, 0.55,
0.775, 1.0
ccp_alpha 0.0, 0.01, 0.1
min_impurity_decrease 0.0, 0.01, 0.1
Gradient loss squared_error, absolute_error,
Boosting huber, quantile
learning_rate 1x1073, 1 (loguniform)
n_estimators 50-201
subsample 0.5-1.5 (linear scale)
criterion friedman_mse, squared_error
min_samples_split 2-20 (randint)
min_samples_leaf 1-11
max_depth 1-11
min_impurity_decrease 0.0-0.1 (linear scale)
max_leaf_nodes 10-51
alpha 0.01-0.99 (linear scale)
ccp_alpha 0.0-0.1 (linear scale)
AdaBoost n_estimators 25-200
learning_rate 1le-3, 1 (loguniform)
loss linear, square, exponential
Random n_estimators 50-200 (randint)
Forest

ccp_alpha 0.0-0.1 (linear scale)
K-Neighbors  n_neighbors 1-30 (randint)
weights uniform, distance
algorithm ball_tree, kd_tree, brute
leaf_size 10-50 (randint)
p 1,2,3
metric minkowski, manhattan, euclidean,

max_features
max_depth
min_samples_split
min_samples_leaf
bootstrap

criterion

max_leaf_nodes

auto, sqrt, log2

10-30 (randint values)

2-20 (randint)

1-10 (randint)

True, False

squared_error, friedman_mse,
abs_error, poisson

10-50 (randint values)

chebyshev

@ https://scikit-learn.org/1.4/index.html.
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different meteorites included in this study) are systematically
compiled in Table A1 of the Supplementary material. Each mineral
is identified according to the measured elemental composition.
Minerals that did not clearly fall into the categories of pyroxenes,
olivines, or feldspars due to indistinct characteristics observed
under SEM are classified as ‘other silicate’. Table 2 shows the num-
ber of instances per label.

Before applying ML methodologies to the compositional data
and the nanoindentation experiments, we first pay attention to
the nanoindentation results to evaluate their consistency. In
Fig. 3, the average H for each type of mineral is plotted against
the corresponding E.. The data points are grouped by the specific
type of identified mineral. It is observed that the three types of
‘other silicate’ minerals, which have been indented, display distinct
mechanical properties. There appears to be a clear relationship
between their atomic compositions and their mechanical proper-
ties: An increase in the percentage of the ‘other’ element within
these minerals is associated with increases in both hardness and
reduced Young’s modulus. We decide to plot the relationship
between H? and E?, as this ratio is posited to correlate with wear
characteristics—a metric reflecting a material’s resistance to plastic
deformation under loaded contact, commonly referred to as yield
pressure [38,39].

Within each identified mineral group, there is a general homo-
geneity in composition, albeit with minor variations in certain ele-
ments. H>/E?, a proxy for the mechanical performance of the
minerals, tends to remain uniform across minerals within the same
group. Furthermore, there is a notable range in mechanical proper-
ties observed among the individual minerals, suggesting variability
that may be attributed to factors beyond composition, such as
structural or crystallographic differences.

On the other hand, to analyze the potential and consistency of
the compositional data for classification purposes, we have per-
formed a PCA. The PCA biplot provided in Fig. 4 shows both the
scores (transformed coordinates of the original data points, in this
case meteorite and mineral groups, in the new principal compo-
nent space) and loadings (weights assigned to each original vari-
able, in this case elemental composition) of the first two
principal components derived from the elemental composition
data of different lunar meteorites. From the given transformation
matrix, we can infer how each element contributes to the Principal
Components (PC).

The first PC captures the maximum variance in the dataset. In
this case, the elements with the highest loadings (and therefore
the greatest influence on PC1) are Fe, Ti, and Cr, as indicated by
their vectors pointing towards the positive end of the PC1 axis.
Conversely, O, Na, Al, Si, and S show negative loadings, suggesting
that they contribute inversely to PC1. This component seems to
represent a change from iron, chromium, and titanium-rich miner-
als to those rich in oxygen, sodium, aluminum, silicon, and sulfur.
Oxides and spinels are primarily characterized by elements such as
Cr, Ti, and Fe, whereas feldspars exhibit a stronger influence from
elements like sodium Na, Al, and Si. Note that, according to the
data of Table A1, the spinels analyzed are mainly the Fe/Ti bearing
species, i.e. titanomagnetite.

Mg and Si have the strongest negative loading on PC2. The high-
est positive loading is observed for Ca and Al Clearly distinguish-
ing between mineral groups exhibits positive and negative
variations along PC2, such as carbonates, from those like pyroxenes
and olivines.

The biplot indicates that the meteorites are spread across the
PC1 and PC2 space, each potentially characterized by different ele-
mental abundances. Specific mineral groups, such as carbonates,
oxide, and spinel, are clustered together, indicating similarity in
their elemental makeup as captured by the PCA. However, spinel
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Table 2
Number of instances per label.
Meteorite Number Group Number Mineral Number
NWA 11444 51 Feldspar 38 Anorthite 38
JAH 838 49 Pyroxene 36 Pigeonite/Enstatite 19
DHOFAR 1084 26 Olivine 18 Forsterite 18
Other silicate 12 Other silicate 12
Spinel 9 Titanomagnetite 9
Carbonate 9 Calcite 9
Oxide 4 Pigeonite 8
Diopside/Augite 5
Diopside 4
[lmenite 4
[0 DHOFAR 1084 © Diopside
5000 £33 JAH 838 A Pigeonite
l O NWA 11444 V  Othersilicate
I Carbonate <4 Ilmenite
4000 4 ™9 Feldspar p ¥  Forsterite
B Olivine © Diopside/Augite
N BN Oxide & (@] Tltarfomagnetlte a6
£ 3000 | W Pyroxene T  Calcite /0‘0
b Spinel v B>  Anorthite 6\@@9 1
T B Other silicate 016, 22== | & <] Pigeonite/Enstatite
2000 - ® " Q-7 o7 4 6) o
N A 7 *
T Rl § > A, 0 g
1000 1 R TR S i b, 0 %
Mmoo >k “
s ==""00 0038 | o cendeae v By min = 0.038
________________________ N SR 2
T T T T T T T T T T T T
0 5000 10000 15000 20000 25000 30000 0 5000 10000 15000 20000 25000 30000
E? (GPa?) E? (GPa?)
(a) Meteorite and mineral group classification (b) Mineral classification with global minimum,
with mineral group mean values maximum, and mean values
Fig. 3. Mean hardness versus mean reduced Young’s modulus for all the nanoindentation tests.
be inferred, as well as broader variations of dark spinels, such as
§3 magnesioferrite (MgFe,04) and magnesiochromite (MgCry04).
5] The presence of both Mg and Cr would deserve further investiga-
tion due to its potential implications for understanding lunar min-
eral formation and the geological processes involved in their
o 1] m O@ ‘ surface occurrence. Fig. 4 shows well-separated clusters for differ-
g 0o ent spinels. The separation may result from varying Fe/Ti ratios,
;L @@ but the roles of Mg and Cr require further consideration. The signif-
S ¢4 O DHOFAR 1084 @ icance of ilmenite and Ti-spinel species in future lunar exploration
e £ JAHS38 is of great importance, as lunar ilmenite is a potential source of Ti
E < NWA 11444 and He-3 isotopes [40]. This may open a possibility to better
=} BN Carbonate . . . . . . .
N | ———— understand the titanium distributions between different minerals
BN Olivine in lunar basalts after performing similar laboratory analysis for
B Oxide lunar meteorites with identified places of origin on the Moon.
o= . .
Iy };f::f e Using PCA not only enhances our understanding of the dataset
BN Other silicate but also enables us to verify the consistency of mineral labeling.
T T T T T Upon confirming the data’s integrity, we can now proceed to apply
—4 -2 0 2 4

Principal component 1

Fig. 4. Principal components of the atomic composition measurements.
Note: Human classification by meteorite and mineral family is shown.

is subclustered in two subgroups, each one corresponding to a dif-
ferent meteorite, suggesting differences in the composition. It is
notable that the olivines, feldspar, and ‘other silicate’ are quite dis-
tinct in this PCA space, which suggests a more heterogeneous ele-
mental composition.

As can be seen in Table A1 and Fig. 4, there are distinct varia-
tions in the lunar spinel compositions. A solid solution of mag-
netite (Fes04) and ulvospinel (TiFe,04) (titanomagnetite) could
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ML techniques.
4.1. TabPFN to classify lunar meteorites and their constituent minerals

The classification outcomes detailed in Table 3 demonstrate an
exceptional level of precision in the model’s performance across
various categories. Specifically, in the categorization of meteorites,
the model achieved a notable accuracy of 92.3% and an F1 score of
90.7%, with the computation concluding in approximately 4 s.
These results were obtained on an Intel i9 processor operating at
2.3 GHz. This level of accuracy indicates the model’s robust capa-
bility in correctly identifying the meteorite samples from the data-
set, with the F1 score reflecting a balanced measure of the model’s
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Table 3

Classification results with TabPFN.
Target Accuracy F1 score Time (s)
Meteorite 0.923 0.907 4.06
Family 1 1 4.20
Mineral 1 1 4.94

precision and recall, thereby confirming its effectiveness in classi-
fying meteorite types.

In the classifications concerning the family and individual min-
erals, the model exhibited unparalleled performance, achieving
perfect accuracy and F1 scores of 100%. This indicates that the
model is exceptionally adept at distinguishing between different
families of minerals and identifying specific minerals within those
families, showcasing its detailed understanding and representation
of the dataset’s inherent patterns. The slight increase in computa-
tional time to 4.20 s for family classification and to 4.94 s for min-
eral classification is minimal, considering the complexity and the
refined granularity of the classification tasks at these levels. The
runtime and memory demand of the TabPFN architecture
employed in this study increase quadratically with the number
of inputs. Consequently, processing larger sequences presents sig-
nificant challenges on contemporary consumer GPUs.

These results underscore the efficacy of the applied ML model in
classifying minerals with small training dataset. The high accuracy
and F1 scores across different classification levels highlight the
model’s potential as a powerful tool in the scientific analysis of
lunar meteorites, providing insights that are not only accurate
but also attained with commendable speed and efficiency.

Here we have assessed the usefulness of ML techniques to clas-
sify meteorite minerals and samples from semiquantitative com-
positional data obtained by SEM-EDS. At the present stage, it is
clear that this work only has an exploratory character, as only a
limited set of meteorites and minerals has been included in the
analysis. However, we have seen that TabPFN is capable to cor-
rectly classify both meteorites and meteorite minerals with a per-
fect accuracy. Therefore, it can be envisaged that the present
methodology could be easily implemented in SEM-EDS labs to
automatically identify minerals and sample types. In the case of
meteoritics, for instance, the present methodology could be
employed to classify ordinary chondrites and carbonaceous chon-
drites in a fast and relatively simple manner. With the advent of
benchtop SEM-EDS instruments, meteorite classification could be
achieved with minor sample preparation, and this could be partic-
ularly useful as a non-destructive means to characterize valuable
meteorite samples.

4.2. T prediction of mechanical properties with regression models

The outcomes of the hyperparameter tuning are summarized in
Table 4, which details the optimal settings identified for each
model and settings when applied to predict different mechanical
properties. These settings represent the most effective hyperpa-
rameters, as determined by the randomized grid search process,
which utilized a stratified 5-fold cross-validation approach.

The best performance for the regression models applied, mea-
sured in terms of the R?, mean absolute error (MAE), and standard
deviation absolute error (SDAE), is detailed for each property and
model in Table 5. The performance analysis of various models on
mechanical properties indicates that the K-Neighbors model
demonstrates superior predictive accuracy for properties H and
E,, with mean absolute errors of 0.05 and 0.62 GPa, respectively.
In contrast, while the Decision Tree Model slightly outperforms
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Table 4

Best hyper-parameters fitted for each model across different mechanical property
predictions.

Regressor model Target Best hyper-parameters
Linear H positive: False, fit_intercept: True
E; positive: False, fit_intercept: True
We/W, positive: False, fit_intercept: True
Decision Tree H ccp_alpha: 0.0, criterion: friedman_mse,

max_depth: 20, max_features: None,
min_impurity_decrease: 0.01,
min_samples_leaf: 1, min_samples_split: 2,
splitter: random
E. ccp_alpha: 0.01, criterion: squared_error,
max_depth: None, max_features: 0.55,
min_impurity_decrease: 0.0,
min_samples_leaf: 1, min_samples_split: 3,
splitter: best
ccp_alpha: 0.0, criterion: squared_error,
max_depth: None, max_features: 1.0,
min_impurity_decrease: 0.0,
min_samples_leaf: 1, min_samples_split: 5,
splitter: best

We/W,

Gradient Boosting H alpha: 0.01, ccp_alpha: 0.0, criterion:
friedman_mse, learning_rate: 0.3335, loss:
squared_error, max_depth: 3,
max_leaf_nodes: 42, min_impurity_decrease:
0.0, min_samples_leaf: 3, min_samples_split:
8, n_estimators: 117, subsample: 0.7

E; alpha: 0.99, ccp_alpha: 0.022, criterion:
friedman_mse, learning_rate: 0.3108, loss:
huber, max_depth: 6, max_leaf_nodes: 35,
min_impurity_decrease: 0.0,
min_samples_leaf: 1, min_samples_split: 15,
n_estimators: 171, subsample: 1.0

alpha: 0.99, ccp_alpha: 0.033, criterion:
friedman_mse, learning_rate: 0.1732, loss:
absolute_error, max_depth: 3,
max_leaf_nodes: 12, min_impurity_decrease:
0.078, min_samples_leaf: 1,
min_samples_split: 14, n_estimators: 166,
subsample: 0.9

We/W,

AdaBoost H learning_rate: 0.9887, loss: exponential,
n_estimators: 170
E: learning_rate: 0.9885, loss: square,

n_estimators: 82

W./W; learning_rate: 0.8910, loss: square,
n_estimators: 38
Random Forest H bootstrap: False, ccp_alpha: 0.0, criterion:

absolute_error, max_depth: 22,
max_features: sqrt, max_leaf_nodes: 25,
min_samples_leaf: 1, min_samples_split: 3,
n_estimators: 156
E. bootstrap: False, ccp_alpha: 0.011, criterion:
squared_error, max_depth: 22, max_features:
sqrt, max_leaf_nodes: 24, min_samples_leaf:
1, min_samples_split: 4, n_estimators: 125
bootstrap: False, ccp_alpha: 0.0, criterion:
friedman_mse, max_depth: None,
max_features: log2, max_leaf_nodes: 31,
min_samples_leaf: 1, min_samples_split: 2,
n_estimators: 148

We/W,

K-Neighbors H algorithm: brute, leaf_size: 25, metric:
manhattan, metric_params: None,
n_neighbors: 1, p: 3, weights: distance

E. algorithm: brute, leaf_size: 16, metric:
manhattan, metric_params: None,
n_neighbors: 1, p: 1, weights: distance
algorithm: ball_tree, leaf_size: 44, metric:
manhattan, metric_params: None,
n_neighbors: 1, p: 3, weights: uniform

Wo/W,

Note: For a detailed explanation of each parameter and function, refer to the Scikit-
learn documentation.
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the K-Neighbors Model in predicting W/W,, it exhibits significant
limitations in predicting E.. All models, including Linear, show
robust performance in predicting W/W,, suggesting that it is a
simpler property to model. The Decision Tree and the Gradient
Boosting significantly reduce their performance when predicting
E.

Fig. 5 serves as a visual representation of the performances,
showcasing the predictive accuracy of the regression models for
the 20% of the data reserved for validation. Across the three plots,
the dashed diagonal line represents the ideal scenario where the
predicted values perfectly match the measured values. It can be
easily observed the superior performance of the K-Neighbor model.
In the E; plot, there is a visible higher dispersion compared to the
other mechanical properties, indicating a broader variability in
the predictions.

The most accurate predictions are observed for W./W,, as evi-
denced by the data points’ tight clustering around the ideal line.
This suggests that the W/W, ratio is predicted with greater consis-
tency and less variance, possibly due to the nature of this ratio cap-
turing a more fundamental aspect of the material behavior that is
less sensitive to the individual differences among samples or to the
prediction model nuances.

These results underscore the potential of employing ML models,
especially K-Neighbors regressors, coupled with a broader range of
geological and material properties, to predict the mechanical
behaviors of lunar meteorites with high precision given a relatively
small dataset of atomic compositions.

To further refine the accuracy of mechanical property predic-
tions, it is important to incorporate additional variables that signif-
icantly affect a mineral’s mechanical response. Variables such as
porosity, crystallographic orientation, and the degree of shock
experienced by the sample region are important. These factors
can cause substantial differences in mechanical responses, even
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among minerals with the same elemental composition. For
instances Tang et al. [41], underscored a significant influence of
interphases between minerals and the presence of microcracks in
defining the mechanical behavior of rocks. Pefia-Asensio et al.
[27] reveal that terrestrial olivines, under nanoindentation testing,
showcase elevated hardness and a greater Young’s modulus rela-
tive to their lunar counterparts. Additionally, the alignment of min-
eral phases along a consistent H/E, ratio could hint variances in
local porosity or density [42]. Integrating these variables into the
predictive models is anticipated to enhance the prediction of mete-
orite behavior under stress, offering a more comprehensive per-
spective on the mechanical properties of lunar material.

While the investigation of minerals’ mechanical properties at
the microscale yields valuable insights, a direct correlation to the
macroscopic mechanical behavior of rocks is not straightforward.
This difficulty underscores the need for techniques that can extrap-
olate findings from the mineral local scale to the rock macroscopic
scale.

Xu et al. [43] addressed this challenge through their research on
the thermally induced microcracks in granite. Their study investi-
gates the role of mineral heterogeneity and the impact of thermal
stress on the overall mechanical properties of granite, leveraging
high-temperature microscopy coupled with Accurate Grain-Based
Modeling (AGBM). Tang et al. [44] applied microscale rock
mechanics and AGBM to deduce the Young’s modulus of asteroidal
rocks. This method merges findings from the level of individual
minerals and their interphases to reach a comprehensive under-
standing of rock mechanics on the macroscale. These studies are
instrumental in bridging the microscale mechanical characteriza-
tion and macroscale geological phenomena, enhancing our capac-
ity to predict and interpret the structural integrity and evolution
of extraterrestrial rocks and minimizing damage to samples. How-
ever, due to the differing mechanical properties of terrestrial min-

Table 5
Mechanical property prediction results with regression models.
Regressor H E; We/W,
R? MAE SDAE R? MAE SDAE R? MAE SDAE
Linear 0.562 1.044 1.197 0.630 12.9 13.507 0.909 0.025 0.022
Decision Tree 0.934 0.281 0.551 0.601 6.00 18.439 0.988 0.006 0.010
Gradient Boosting 0.943 0.404 0.403 0.738 4.92 14.924 0.951 0.016 0.019
AdaBoost 0.900 0.660 0.375 0.933 6.17 5.019 0.969 0.014 0.013
Random Forest 0.972 0.301 0.268 0.938 4.30 6.321 0.976 0.011 0.013
K-Neighbors 0.996 0.050 0.139 0.995 0.62 2.040 0.987 0.004 0.012
Note: Coefficient of determination (R?), mean absolute error (MAE) in GPa, and standard deviation absolute error (SDAE) in GPA are given.
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Fig. 5. Example of comparative accuracy of regression models in predicting mechanical properties.
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erals compared to extraterrestrial ones [45,46], we anticipate lim-
itations when extrapolating our predictive models.

5. Conclusions

The scarcity of lunar meteorites necessitates non-destructive
testing to preserve their scientific value, steering researchers
towards microscale rock mechanics experiments and scanning
electron microscopy for surface composition analysis. Machine
learning algorithms have emerged as a pivotal tool in this realm,
enabling the identification of the mineralogy and the prediction
of mechanical properties from elemental compositions. In this
study, we have applied novel algorithms to predict the mineralog-
ical and mechanical characteristics of selected DHOFAR 1084, JAH
838, and NWA 11444 lunar meteorites, presented as cut and pol-
ished sections in a similar way that Lunar samples could be pre-
pared for allowing similar routine tests performed in situ.

The clear separation of spinel clusters achieved through Principal
Component Analysis suggests a new way to enhance our understand-
ing of titanium distribution among lunar basalt minerals, addressing
the challenges of characterization using telescopic or orbital data.
This is important for future exploration as ilmenite and Ti-spinel
species may be valuable sources of Ti and He-3 isotopes.

By applying a prior-data network, specifically the TabPFN
model, we achieved almost perfect scores in the classification of
meteorites, mineral groups, and individual minerals. The TabPFN
model, designed for small and complex datasets, effectively distin-
guished between these categories based on elemental composition
data. This outcome demonstrates the capability of this approach to
improve the identification process for minerals in lunar meteorites,
offering a more precise and rapid method to their analysis.

The regressor models, particularly the K-Neighbor model,
demonstrated an outstanding degree of accuracy in estimating
mechanical properties such as hardness, reduced Young’s modulus,
and elastic recovery. This highlights the potential of Machine Learn-
ing techniques in geomechanical research. Nonetheless, it is impor-
tant to consider additional factors like porosity, crystal orientation,
and shock degree that also influence mechanical behavior. Integrat-
ing these variables into future models is expected to refine our pre-
dictions’ precision and relevance, especially for applications in
lunar exploration and in-situ resource utilization.

Our study marks an initial step towards bridging the existing
research gap in the scientific literature by applying advanced ML
techniques to extraterrestrial minerals, particularly those in lunar
meteorites. This effort highlights the potential of cutting-edge
computational tools to advance the understanding and processing
of lunar materials.
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