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Abstract

Understanding the mechanical behavior of lunar regolith under low-g con-
ditions is essential for processing regolith in the lunar environment. While
such mechanical properties are well understood for many granular materials
on Earth, they have yet to be studied for lunar regolith. To derive a quan-
titative understanding of these mechanical properties such as rheology on
Earth, regolith simulants are used in experiments, as they are synthesized to
mimic certain physical or chemical aspects of lunar regolith. However, parti-
cle rheology is significantly influenced by particle size and shape. Yet, the size
and shape of lunar regolith particles has not been thoroughly characterized.
Moreover, it remains unclear how well simulant particles that are commonly
used in experiments approximate the morphology of lunar regolith parti-
cles. In this paper, we quantify the multivariate (joint) distributions of size
and shape descriptors of actual lunar regolith particles and seven commonly
used regolith simulants using 3D tomographic image data obtained via mi-
cro computed tomography. The simulants include multiple variants designed
to represent both mare- and highlands-type regolith. This analysis enables
a systematic comparison of particle morphology across simulants and lunar
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samples. In particular, the quantitative analysis has confirmed that there
are large differences in morphology within regolith simulants and between
simulants and lunar regolith. This highlights the need to develop regolith
simulants that approximate the morphology of lunar regolith for experimen-
tal investigations of size- and shape-dependent mechanical properties. An
alternative would be the use of statistically representative digital models
of lunar regolith particles as geometry input for numerical simulations, en-
abling systematic computer-based simulation studies of morphology-driven
mechanical behavior under lunar conditions.

Keywords: 3D image data, X-ray micro-CT, regolith simulant, particle
descriptor, parametric stochastic model

1. Introduction

Space exploration activities are expected to grow significantly over the
next decades as evidenced by current trends and numerous roadmaps pre-
sented at national and global levels, beginning with the International Space
Station and continuing to the lunar vicinity, the Moon, asteroids and Mars [1].
This trend is fueled by advancements in technology and, in particular, de-
creasing launch costs. Central to these ambitions is the concept of In-Situ
Resource Utilization (ISRU), or “living off the land,” which emphasizes the
production of essential resources such as oxygen and metals locally rather
than supplying them from Earth. These resources are critical for life support,
fuel production, construction, and other applications [1, 2]. ISRU activities
are expected to grow to a market of 63 billion dollars by 2040, predominantly
driven by oxygen production from local resources. The ROXY (Regolith to
Oxygen and Metals Conversion) molten salt electrolysis process developed
by Airbus meets the requirements for an economically viable ISRU process
to extract oxygen and metals from regolith [1, 3, 4]. A lunar demonstration
mission with a miniaturized version of a ROXY reactor, called Mini-ROXY,
is currently in preparation [5].

As ISRU and lunar exploration efforts progress [6, 7], the handling and
processing of lunar regolith will play a pivotal role. The Mini-ROXY mission
exemplifies this focus as regolith handling involves significant challenges, in-
cluding clogging and flow inconsistencies in transport and storage systems,
which could jeopardize mission success. These issues arise from the unique
and complex behavior of regolith under lunar conditions, where extreme tem-



perature variations, reduced gravity and electrostatic interactions influence
its rheological and mechanical properties. One key objective of the Mini-
ROXY lunar demonstration mission is therefore to improve our understand-
ing of the behavior of lunar regolith in dynamical situations. This general
approach, which has been coined UPREB (Universal Predictors of Regolith
Behavior) [8], will help to fully exploit the potential of regolith for ISRU and
further applications on the Moon and, with suitable adaptations, even be-
yond. The overarching question is how regolith behaves when being handled,
mobilized, processed and transported on the lunar surface in partial gravity
and in the lunar environment. Understanding these properties, namely, the
rheology of lunar regolith, is crucial for predicting how regolith can be used
for scientific extraction and ISRU.

Despite research progress [9, 10, 11, 12], substantial knowledge gaps re-
main in understanding the rheology of lunar regolith [13]. Large-scale ex-
perimental investigations of mechanical properties of regolith are currently
unfeasible on the Moon and reproducing lunar conditions on the Earth re-
quires elaborate experimental setups, e.g., parabolic flights or drop towers.
Additionally, large quantities of lunar regolith are unavailable for mechanical
experiments and while lunar regolith simulants exist, their applicability for
such experiments is questionable.

In the past, the analysis of lunar regolith has focused on its chemical and
mineralogical composition and properties [14, 15]. In order to mimic lunar
regolith in that regard, various types of regolith simulants [16] have been de-
veloped. Additionally, mechanical properties of regolith simulants have been
investigated [17]. However, it remains unclear whether regolith simulants are
representative for lunar regolith with respect to their mechanical properties,
as these are not only influenced by mineralogical properties but also by the
size and shape of regolith particles. While these relationships are well under-
stood for many granular materials and mechanical processes on Earth [18],
the shapes of lunar regolith particles have only been analyzed for single [19]
or a small number of particles in the past [20, 21]. Due to these concerns and
constraints on experimental designs, regolith simulants may be insufficient
to reliable predict the mechanical behavior of actual regolith under lunar
conditions.

This gap may be bridged by numerical simulations applied to a digital
twin of the 3D morphology and mineralogical composition of lunar regolith
particles. Such a digital twin of lunar regolith can be obtained by stochastic
3D modeling of the shape and inner composition of regolith particles, based



on highly-resolved image data which are gained by computed tomography
(CT). Investigating material properties by the combination of a digital twin
and numerical simulations is known as virtual materials testing and has been
successfully applied to various other materials [22, 23, 24]. For developing
a realistic digital twin of lunar regolith, a better understanding of the 3D
morphology and texture of lunar regolith particles is required.

In addition to the 2D characterization of statistically relevant quanti-
ties [25], 3D X-ray micro- and nano-CT measurements of large numbers of
particles from samples of lunar regolith from the Apollo 11 and Apollo 14
missions [26] and, most recently, the Chang’e-5 mission [27], have only re-
cently been performed and analyzed [28, 29]. In contrast to lunar regolith,
many studies of regolith simulants are also limited to the investigation of a
single regolith simulant [30] and therefore do not allow direct comparisons of
inherent properties between different simulants.

In addition to the analysis of univariate descriptors of particle shape as
discussed in [28], a multivariate analysis, incorporating information of chem-
ical composition obtained from the raw CT data, will prove beneficial for a
better understanding of regolith properties and behavior. In particular, it
is well established for various other materials that their mechanical behav-
ior on Earth typically depends on numerous influencing descriptors for their
size, shape, surface roughness and composition [31]. For particle systems,
these descriptors are typically random, making their characterization natu-
rally suited to probability distributions. However, different types of descrip-
tors are often correlated (e.g., when shape depends on size), meaning that
describing them solely with univariate distributions results in a significant
loss of information. To capture the full complexity of these interdependen-
cies, it is essential to utilize multivariate probability distributions, which can
account for the relationships and interactions among the descriptors, pro-
viding a more comprehensive and accurate statistical representation of the
particle properties. Additionally, univariate or multivariate distributions of
morphological particle descriptors are useful targets for the development of a
digital twin for the 3D morphology of lunar regolith particles, i.e., for devel-
oping stochastic 3D models from which virtual, but realistic regolith particles
can be generated for the purpose of virtual materials testing. While matching
the precise shapes of individual particles could be considered overfitting of
the stochastic 3D model, fitting of univariate distributions of individual mor-
phological particle descriptors or, even better, multivariate distributions can
be used for assessing the performance of a stochastic 3D model for particle
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sizes, shapes and composition [32].

In the present paper, multivariate statistical analysis and parametric
models for multivariate non-Gaussian probability distributions of descriptor
vectors are used to better understand similarities and differences of regolith
simulant particles. We apply these methods to 3D X-ray micro-CT data of
different regolith simulants representing mare and highlands regolith. Ad-
ditionally, we compare these simulants to three different samples of lunar
regolith, highlighting the necessity for a thorough investigation of the shapes
of lunar regolith particles to better understand their mechanical behavior.

2. Materials and Methods

In the following, we introduce the materials and methods used throughout
this paper, including the regolith simulants, measurement techniques and
considered particle descriptors.

2.1. Regolith Stmulants

For analysis by X-ray CT, we chose four different mare and three different
highland types of regolith simulants. Table 1 shows the different mineralog-
ical compositions of these materials according to the manufacturer.

Table 1: Mineralogical composition (wt.%) of regolith simulants. The considered miner-
alogical phases, ordered from lowest to highest X-ray attenuation are: Plag = Plagioclase,
Ol = Olivine, Px = Pyroxene, Bas = Basalt, Ilm = Ilmenite, m = Mare, h = Highland.

Name ‘ Type ‘ Glass Plag Ol Px Bas Ilm
CSM-LHT-1 h - 70.0 - - 300 -
OB1A h 43.2 444 6.3 0.6 - -
LHS-1 h 242 744 02 03 05 04
JSC-1A m 493 371 9.0 - - -
LMS-1 m 32.0 19.8 11.1 328 - 4.3
OPRL2N m 90.0  10.0 - - - -
CSM-LMT-1 m - - 100 - 86.0 4.0

For further analysis, in particular when using X-ray CT, only a limited
range of particles sizes can be observed at the same time. Thus, in a first
step, we chose to sieve all samples to < 250 um. Table 2 shows information on
the particle size distribution after sieving determined with laser diffraction
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(Malvern, Mastersizer 3000). For the actual CT measurements, we addi-
tionally removed the fines below 25 um by wet sieving. Note that the size
interval of the middle fraction from 25 pum to 250 um is commonly used in
other studies as well and is a trade-off between practical imaging constraints
(like the minimum number of voxels for a reasonable description of particle
shape). However, this selection may lead to bias. Finer and coarser particles
often differ in shape and composition, which may affect the overall trends.
Therefore, our results, and comparable studies as well, represent only part
of the particle size distribution, and caution should be taken when general-
izing. Following studies will include correlative measurements for evaluating
excluded fractions.

Table 2: Mass density p, and quantiles g1, gs0, oo of the particle size distribution (sieved
below 250 um, determined with laser diffraction) for mare (m) and highland (h) regolith
simulants, where the following abbreviations are used: CSM = Colorado School of Mines,
EL = Exolith Lab, DI = Deltion Innovations Ltd., OPR = Off Planet Research.

Name Type | Manufacturer p q10 q50 490
(g/cm®) (pm) (pm) (pm)
CSM-LHT-1 h CSM 2.85 4.2 51.7 216.8
LHS-1 h EL 3.30 99 829 234.7
OB1A h DI 3.03 189 80.3 185.2
JSC-1A m ORBITEC 2.90 181 749 2332
LMS-1 m EL 2.92 11.9 88.7 240.5
OPRL2N m OPR 2.85 3.8 312 156.5
CSM-LMT-1 m CSM 2.90 4.7  54.8 206.7

2.2. Acquisition and Processing of Image Data

The acquisition and processing of image data considered in this paper con-
sists of three steps: particle-discrete sample preparation, X-ray tomographic
measurements, and data pre-processing and segmentation.

2.2.1. Particle-Discrete Sample Preparation

The basis for multivariate statistical data analysis is a set of particle-discrete
morphological and textural descriptors of regolith simulants. To avoid time-
consuming post-processing of image data prior to segmentation into individ-
ual particle volumes, an adapted sample preparation workflow was used that
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keeps the regolith particles at a distance. Here, the well-known immobi-
lization through epoxy embedding was complemented by introducing weakly
X-ray absorbing carbon black spacer particles in the nanometer size range—
much below the actual voxel resolution of 2.3 um3—to avoid agglomerates
and sedimentation effects, which cannot be neglected in the present size and
mass density range of the particles [33].

2.2.2. X-ray Tomographic Measurements

Non-destructive X-ray tomographic measurements have become a standard
characterization method in recent years [34], especially when characterizing
particulate systems [35]. A typical lab-based X-ray system uses a polychro-
matic source where electrons, accelerated from a cathode to a target anode
(e.g., tungsten), generate X-rays. The interaction within the target creates a
bulb-shaped volume, producing two types of X-rays. One of them are charac-
teristic X-rays, determined by the target material, which are primarily useful
for chemical analysis but irrelevant here, since the mineralogical composition
of the target material is known. The other one is bremsstrahlung, a continu-
ous spectrum influenced by filtering and electron acceleration voltage, which
determines the main part of the integral spectrum used for the measure-
ments. Here, the stability of the X-ray interaction bulb is critical for sharp
and reproducible imaging. The conical X-ray beam passes through the sam-
ple, projecting onto a 2D flat panel detector. Unlike medical CT, the sample
rotates while the detector remains fixed. Each rotational step produces a
projection image, forming a series of 2D projection images to be processed
into a 3D tomogram using reconstruction algorithms such as filtered back
projection (FBP). For more details, we refer e.g. to [36]. Exemplary parti-
cles of the regolith simulants in Table 2 measured via X-ray tomography are
visualized in Figure 1, where it is clearly visible that the particles show large
variations in shape and surface modifications.

In order to make the measurements of the regolith simulant samples, i.e.
their gray value distributions, as comparable as possible, the measurement
parameters were kept constant (sample diameter: 2 mm, acceleration voltage:
80 keV, beam power: 7 W, exposure time: 1.5 s, binning: 2, filter: Zeiss
standard LE4). Figure 2 shows exemplary slices from the seven regolith
simulants.

A standardization of the gray values is needed to enable a quantitative
analysis. This can only be done by utilizing correlative methods such as scan-
ning electron microscopy (SEM) combined with energy-dispersive X-ray spec-
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Figure 1: 3D models of selected particles (150um to 250um) from regolith simulants in
Tab.2 illustrating the diversity in shape and surface texture. A scale bar is omitted, as the
models are not rendered isometrically and are intended for qualitative visualization only.
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Figure 2: Exemplary slices of tomographically reconstructed samples of the regolith sim-
ulants in Table 2, measured via X-ray tomography. Highly X-ray attenuating phases are
brighter, whereas less attenuating phases are darker. Spherical black areas are air bubbles
due to the sample preparation procedure, which can later be used as markers for correla-
tive scans.



troscopy (EDX), which is possible on the micrometer [37] and sub-micrometer
scale [38]. However, these methods are limited to 2D measurements and
cannot be carried out without further sample preparation. State-of-the-art
spectral CT scanners can do this also in the 3D volume of the sample [39],
but not yet with the resolution required here and, due to the large amount
of data, not yet for a large number of densely packed samples with a large
number of particles. To nevertheless create a valid starting point for gray
value evaluation, all regolith samples were scanned and examined for the
most highly absorbing phase, which represents the upper limit of the nor-
malization condition. The other data sets were then reconstructed from the
raw data within the new limits. Given a stable X-ray source and short con-
secutive measurements, the gray values can then be quantitatively compared
with each other.

2.2.3. Data Pre—Processing and Segmentation

For discrete particle segmentation, a two-step supervised Ilastik training al-
gorithm [40] was used, starting with the creation of a pixel classifier. In
this step, the material phase is separated from the background phase (see
Figure 3. In the next step, an automated routine processes the entire im-
age stack, identifying individual volumes of the material phase and assigning
them distinct colors. These color codes are then converted into unique gray
values, referred to as labels, which are utilized in a second object-classifier
routine to extract quantitative data. However, for particle-discrete analysis
of the material phase distribution, it is crucial that the information about
an aggregated gray value or histogram is preserved for each particle. This
can be done by reusing the generated particle labels in combination with the
original image data.

2.3. Particle Descriptors

The regolith simulants are analyzed with respect to different particle-discrete
descriptors. In particular, descriptors of particle size and shape (Section 2.3.1)
as well as such of texture (Section 2.3.2) are investigated, where the shapes
of particles can be directly related to various rheological properties of bulk
regolith like flowability, vulnerability to clogging and sieving behavior. Ad-
ditionally, texture observed in CT images is analyzed as this relates to their
chemical and mineralogical composition and, thereby, electrostatic proper-
ties. All particle descriptors considered in this paper are computed di-



particle phase

Figure 3: Exemplary reconstructed slice from the OB1A dataset with magnified region
showing markers for the particle (yellow) and background phase (blue) to train the pixel-
based classifier with Ilastik giving a segmented image (visual validation showing no missing
particles) that can be used for an object-based classifier assigning a distinct false color map.

rectly from the voxelized image-data representation of particles stated in
Section 2.2.

2.8.1. Morphological Descriptors
The most fundamental descriptors of particle morphology are the volume V'
and surface area A of a particle, where the particle volume is simply calcu-
lated by counting the voxels associated with that particle. The surface area is
computed by the algorithm proposed in [41], which is based on a convolution
of the image with a 2 x 2 x 2 kernel and thus avoids the reconstruction of
the actual surface while yielding more accurate results compared to simply
counting voxels which touch both the interior and exterior of a particle. The
latter would introduce a significant bias depending on the voxel-resolution of
the measurement.

A commonly used descriptor of particle shape, being a measure of round-
ness, is the so-called sphericity S of a particle, which is given by

B 7r(6V)2/3
S="31

Additionally, the aspect ratio R of particles is considered, which is given
as the ratio of the lengths of the longest and shortest principal axes of an
ellipsoid with the same normalized second central moments as the particles.
To compute the aspect ratio, the measure.regionprops method from the
python package scikit-image [42] is used. Like sphericity, the aspect ratio
R quantifies the roundness of particles, but is not affected by, e.g., surface
roughness.
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2.3.2. Textural Descriptors

As described in Section 2.2, the CT measurements of different simulants were
performed with the aim of preserving comparability of gray values between
different samples. Thus, besides morphological descriptors, meaningful de-
scriptors of regolith particle texture can be computed for comparisons within
and between simulants.

Since electrostatic charging, as one of the main phenomena of interest,
is particularly related to the composition of particle surfaces, we split each
particle into two parts: interior and surface. For this purpose, to avoid
partial volume effects, we only consider voxels with a distance of more than
V3 voxels (= 4 pum) to the boundary of particles. Then, all voxels with a
distance between v/3 and 24/3 voxels to the particle boundary are considered
as surface voxels, whereas voxels with a distance of more than 2/3 voxels to
the boundary are considered as interior voxels.

In the following, by G, G; and G, the sets of gray values are denoted as-
sociated with surface, interior and all voxels of a particle, respectively, where
the particle-wise mean gray value p(G,) and coefficient of variation cv(G,)
are computed for each = € {s,1,t}. Note that the quantities u(G) and u(G;)
are related with the average composition of the particle surface and interior,
respectively, whereas cv(Gg) and cv(G;) characterize the heterogeneity of
these sub-volumes of a particle.

2.4. Stochastic Modeling of Particle Descriptor Vectors

To quantitatively compare the regolith simulants stated in Tables 1 and 2,
we fit multivariate probability distributions to vectors of morphological and
textural particle descriptors which have been introduced in Section 2.3. This
is done in two steps. First, in Section 2.4.1, we consider univariate proba-
bility distributions of single particle descriptors. Then, in Sections 2.4.2 and
2.4.3, the univariate distributions are combined into a multivariate probabil-
ity distribution of particle descriptor vectors, where the concept of copulas
is used.

2.4.1. Unwwvariate Distributions

A first step towards parametric modeling the (non-Gaussian) multivariate
distributions of particle descriptor vectors is a parametric representation of
the univariate distributions of individual descriptors. For this, we consider
various parametric families of univariate probability distributions which can
be fitted to the data, where the best-fitting distribution family is chosen
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either among those implemented in the scipy package [43] or, alternatively, as
a Gaussian mixture model. This choice of candidates may be adjusted, e.g.,
when prior knowledge about the expected distribution families is available
for specific descriptors.

Two notable parametric distribution families which will be used in this
paper are a version of the generalized inverse Gaussian distribution, whose
probability density fyi, : R — [0, 00) can be defined as

feig(w;p,b) = 2 exp(—b(z + 1/7)/2)/ (2K, (b)) (1)

for each € R and some parameters p € R, b > 0, see [44], and the normal
inverse Gaussian distribution with probability density fu, : R — [0, 00) given
by

/ 2
Juig(@;a,b) = afi(avl+2?) exp(va? — b + bx) (2)
™1+ x?
for each € R and some parameters a > 0, |b| < a, where K, : [0,00) —
[0, 00) is a modified Bessel function of the second kind.

Note that the distribution families given in Egs. (1) and (2) can be trans-
formed linearly by additionally introducing so-called location and scale pa-
rameters [ € R and s > 0. For any probability density f: R — [0,00), the
transformed density f;; : R — [0, 00) is then given by f; s(x) = f((z—1)/s)/s
for each € R.

Furthermore, as parametric model for a univariate bimodal distribution,
we consider the Gaussian mixture model, whose probability density fouu :
R — [0, 00) is given by

fanma (25 p, pa, p2, 01, 02) = po((x — pa) /o) /o1 + (1 = p)p((x — pa)/02) /09,

for each x € R, where ¢: R — [0,00) is the probability density of the
standard normal distribution, p € [0, 1] is the mixing parameter, and iy, j12 €
R and 0,0, are the mean values and standard deviations of the mixing
components, respectively.

2.4.2. Archimedian Copulas

While the univariate distributions of single particle descriptors can be mod-
eled by means of simple parametric distribution families, as stated in Sec-
tion 2.4.1, the joint (multivariate) distributions of descriptor vectors in gen-
eral do not follow an established modeling scheme like, e.g., a multivariate
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Gaussian distribution. Thus, a more flexible approach is needed to model
the joint distribution of particle descriptor vectors. So-called copulas [45] of-
fer this flexibility by allowing to separately model the univariate (marginal)
distributions and the correlation structure of a multivariate distribution.

For any fixed integer d > 1, a d-variate copula is the cumulative distri-
bution function C': [0,1]¢ — [0,1] of a d-dimensional random vector with
uniform marginal distributions on [0, 1]. Furthermore, Sklar’s representation
formula [46, 45] motivates the use of copulas for the parametric modeling of
(non-Gaussian) multivariate distributions, by stating that for any d-variate
distribution function F': R — [0, 1] with marginal distribution functions
Fi,...,F;: R — [0, 1], there is a copula C' such that

F(z1,...,2q) = C(F1(21), ..., Fy(zq)), (3)

for all z1,...,24 € R. Note that the formula given in Eq. (3) implies that
the corresponding d-variate probability density f : RY — [0, 00) can be given
by

f(xy,. o 2a) = e(Fi(za), ..o Fa(wa)) fi(z1) - - fa(za), (4)

for all x1,...,24 € R, where f; : R — [0,00) is the (univariate) probability
density corresponding to F; for i € {1,...,d}, and c: [0,1]¢ — [0, 00) is the
(d-variate) probability density corresponding to the copula C': [0, 1]¢ — [0, 1].

Among other parametric copula families, so-called Archimedean copulas
are often considered in the literature [46, 45]. For a continuous, strictly
decreasing convex function ¢: [0, 1] — [0, 00) with ¢/(1) = 0, an Archimedean
copula C': [0,1]? — [0, 1] is defined as

Cur, ... ug) =V (Wlur) + ...+ P(ug)), (5)

for all wy,...,uq € [0,1], where the function ¢ on the right-hand side of
Eq. (5) is called the generator function of the Archimedean copula and !
is the pseudo-inverse of 1.

Two examples of Archimedean copulas which will be used in this paper
are the so-called BB1 and BBS copulas, as they turn out to best fit the data
at hand. Their generators g1, ¥pps : [0, 1] — [0, 00) are given by

Yppi(usa,b) = (u* —1)° (6)

and

(1 — su)?
M), (7)

wBBS(u; 0,(5) = IOg ( 1_ (1 — 5)9
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for each u € [0, 1] and some parameters ¢ > 0,b>1and 6 > 1,0 < < 1.

In the case of a bivariate copula C': [0,1]*> — [0,1], so-called rotations
Coo, Cig0, Caro : [0,1]% — [0, 1] of the copula C are defined for angles of 90°,
180° and 270° by Cgo(ul, UQ) == C<UQ, 1 —Ul), Clgo(ul, UQ) == C(]. — Uz, 1— Ug)
and Cyro(u, us) = C(1—wusg,uy) for any uy, uy € [0, 1]. For parametric copula
families, allowing such rotations leads to a broader range of feasible copula
structures.

2.4.3. R-Vine Copulas

Archimedean copulas, and an even wider range of other parametric copula
families, are well-suited for modeling two-dimensional correlation structures.
However, most of them fail to capture the complexity of higher-dimensional
distributions. To overcome these limitations, so-called R-vine copulas [47, 46]
have been developed that provide means of parametrically modeling multi-
variate distributions in arbitrary dimensions while providing increased flexi-
bility to model the correlation structure.

R-vine copulas are based on the so-called pair-copula approach, which
we outline for d = 3. Consider a three-dimensional random vector X =
(X1, Xo, X3) with joint probability density f: R®* — [0,00), marginal den-
sities f1, fa, f3 : R — [0,00) and corresponding (univariate) cumulative dis-
tribution functions Fi, Fy, F3: R — [0,1]. Using the notions of conditional
probability densities and conditional cumulative distribution functions, the
right-hand side of Eq. (4) can be re-written in the following form, see [48]:
For all (z1, 22, z3) € R3 such that f(xy, x5, 23) > 0, it holds that

f('rlv T2, 233) = C1,3| Xo=12 (F1|X2=$2 (xl)’ F3\X2=362 (373))
X c12(F1(x1), Fa(22)) co3(Fa(xs), F3($3))f1(xl)f2($2)f3($3() ,)
8

where ¢ 2 and ¢y 3 are the copula densities corresponding to the distributions
of (X1, X5) and (X,, X3), respectively, and ¢; 3/x,—4, is that corresponding
to the conditional distribution of (X, X3) given that Xy = z5. Furthermore,
Fj|x,—z, denotes the conditional distribution function of X given that X, =
xg, for i = 1,3. Usually, the simplifying assumption is made that c; 3 =
C1,3|Xa=zs, 1-€., the copula density c; 3x,—s, does not depend on the specific
value of Xy, see [49]. Having in mind that

fra(m, ) MC T T r)dz
[ Ll g, /_OO 12(Fu(x), Fa(w2) fulz) dz - (9)
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and, analogously,

Fixosn(3) = w%d -/ Zc2,3<Fz<x2>,F3<x>>f3<x>dx (10)

for any z1, z3 € R, which follows from Eq. (4) with d = 2, the formula given in
Eq. (8) yields a suitable approach for computing the joint probability density
f:R?® — [0,00) of the three-dimensional random vector X = (X7, X5, X3),
using (parametric) models for the (univariate) probability densities fi, fo
and f3 and the bivariate copula densities ¢; 32, ¢12 and ¢y 3.

By iteratively applying the pair-copula approach stated above, represen-
tation formulas similar to that given in Eq. (8) can be obtained for any
dimension d > 3, where d-variate probability densities are expressed by uni-
variate probability densities and bivariate copula densities. However, since
in the present paper only trivariate copula models will be used, we will not
elaborate further on the general construction of R-vine copulas for arbitrary
dimensions d > 3 and refer to [46, 47, 50, 51| for further details. For fitting
(R-vine) copulas to data, we will make use of the pyvinecopulib package [52].

3. Results

The image data considered in Section 2.2 refers to 189504 individual parti-
cles of seven different regolith simulants. This data contains all segmented
particles as discussed in Section 2.2. By computing the particle descriptors
as outlined in Section 2.3, we obtain a dataset which forms the basis for the
following statistical analysis of similarities and differences of regolith simu-
lants.

3.1. Univariate Data Analysis

For putting the following analyses into perspective, recall that during sam-
ple preparation, fines below 25 um and extremely large particles with sizes
above 250 um were removed which may change bulk properties compared
to the specifications of manufacturers. Thus, the following analysis should
be considered valid only for the measured fraction of particle sizes between
25 pm and 250 pum.

We also remark that the probability densities used in the following, e.g.,
in Figures 5 and 6 are not volume-weighted and, therefore, they may not
perfectly reflect the visual impression obtained from Figure 2.
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Figure 4 shows the histograms of particle sizes as obtained by laser diffrac-
tion , in comparison to histograms of particle sizes computed from CT image
data.

4 0.05
0.04 Laser Diff Laser Diff

Vol-eq Sphere 0.04 Vol-eq Sphere
0.03 4 Feret Feret
0.03 A
0.02 A
0.02 4

0017 0.01 4
0.00 0.00
T T T T T T T T T T
0 50 100 150 200 250 300 0 50 100 150 200 250 300
diameter [pm] diameter [pm]

Figure 4: Histograms of particle sizes obtained for laser-diffraction data (green), for
volume-equivalent spheres extracted from CT images (orange), and for feret diameters
(blue), for the regolith simulants CSM-LHT-1 (left) and JSC-1A (right).

Some of the apparent differences between the histograms in Figure 4 may
stem from the differences between the applied measurement techniques, a
known issue when comparing results obtained from laser diffraction with
those of CT image data [53]. However, in addition, different regolith simu-
lants may contain hugely different amounts of fines which are present in the
laser diffraction data but not in the samples used for CT imaging.

While measured samples and the original bulk material differ obviously
with respect to the particle size distribution, further differences may exist
which cannot be easily quantified.

In particular, Figure 5 visualizes probability densities of size and shape
descriptors, whereas the corresponding probability densities of textural de-
scriptors are shown in Figure 6.

Table 3 summarizes this analysis by providing the mean values of the
probability densities shown in Figures 5 and 6 for all descriptors and sim-
ulants. As manufacturers specify regolith simulants with focus on different
applications and, thus different compositions, it is not surprising that the
mean values in the respective rows of Table 3 are quite different from each
other, see Section 4.1 for a more detailed discussion.

3.2. Multivariate Data Analysis

While the data analysis performed in Section 3.1 was mainly focused on
investigating similarities and differences between the distributions of single
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Figure 5: Estimated probability densities of particle volume, surface area, sphericity and
aspect ratio. Highland simulants are shown as dashed lines, mare simulants as solid lines.

Table 3: Mean values of particle descriptors.

highland mare

CSM- CSM-

LHT.1 LHS-1 OBI1A | JSC-1A LMS-1 OPRL2N LMT-1
V [um?] 57906 51287 50990 | 55298 92874 31634 60802
A [pm?] 6186 6235 7029 6846 9236 4900 6954
S 0.86 0.83 0.79 0.84 0.83 0.82 0.85
R 2.45 2.83 3.35 2.29 2.78 2.80 2.30
1(Ginterior) 11311 9966 15256 | 13691 11337 13313 13172
1(Gsurface) 11380 10186 14209 | 13313 10917 12925 12991
1(Grotal) 11355 10135 14285 | 13398 10995 12965 13023
cv(Ginterior) 0.07 0.06 0.06 0.08 0.07 0.07 0.08
cv(Gsurface) 0.08 0.07 0.08 0.10 0.09 0.09 0.09
cv(Ghotal) 0.08 0.07 0.08 0.10 0.09 0.09 0.09
Particle number 25660 24819 33751 ‘ 23923 16413 45372 19566

particle descriptors, this study shall also serve as a first step towards stochas-
tic 3D modeling of regolith particles as mentioned in the introduction. To this
end, a better understanding of the correlations between different descriptors
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Figure 6: Top: Estimated probability densities of particle-wise mean gray values. Only
the overall distributions are shown as there is no visible difference between them and the
distributions for particle interior or surface. Bottom: Estimated probability densities of
the coefficients of variation for particle interior, surface, and overall. Highland simulants
are shown as dashed lines, mare simulants as solid lines.

and of their joint multivariate distributions is needed. We now demonstrate
on the example of CSM-LHT-1 how these topics can be handled.

The Spearman rank correlation coefficients [46] of the pairs of particle
descriptors given in Figure 7 show the expected behavior. In particular,
the volumes and surface areas of particles are highly correlated. Aside from
that, a strong negative correlation between volume (or surface area) and
sphericity exists, suggesting that larger particles are less round. The aspect
ratio, however, is not meaningfully correlated to neither volume nor surface
area, so plate- or rod-shaped particles might come at all different sizes, see
Section 4.2 for further discussions.

Figure 7 shows that many particle descriptors are correlated with each
other. Thus, when investigating the morphology and texture of particles,
bivariate distributions of two-dimensional descriptor vectors should be con-
sidered. In addition, in some cases, more than two descriptors should be
considered simultaneously. For example, sphericity and mean gray value of
CSM-LHT-1 particles are not strongly correlated (rs = 0.07), but their joint
distribution shows some kind of dependence with respect to the particle vol-
ume, as can be seen in Figure 8.
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Figure 7: Spearman’s rank correlation coefficients,
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Figure 8: Histograms of the joint distribution of sphericity S and mean gray value p(Gy)
(overall) for two different numbers (denoted by n) of CSM-LHT-1 particles. Left: Particles
with volume V' < 2600 um?, n = 2762, r, = 0.35. Right: All particles, n = 24734,

s = 0.07.

3.3. Parametric Modeling of Univariate and Multivariate Distributions

To further investigate the behavior of particle descriptors of lunar regolith
simulants, we parametrically model their univariate and multivariate proba-
bility distributions. In a forthcoming study, the resulting model parameters
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will be used for the calibration and validation of stochastic 3D models of
regolith simulant particles.

As can be seen from Figures 5 and 6, most univariate distributions of
particle descriptors are not Gaussian, which implies that more sophisticated
tools (than multivariate Gaussian distributions) are needed in order to para-
metrically model the multivariate distributions of descriptor vectors. In the
following, we exemplarily show how the copula-based approach explained in
Section 2.4 can be used to fit parametric bi- and trivariate distributions to
descriptor vectors conisting of volumes, sphericities or/and mean gray values
of CSM-LHT-1 particles.

In a first step, univariate parametric distributions are fitted to the data
for each of these particle descriptors, as visualized in Figure 9, where the fol-
lowing procedure is used. For the volume V' and sphericity S of CSM-LHT-1
particles, respectively, the best fitting type of a unimodal probability den-
sity is chosen among those parametric families of distributions implemented
in the scipy package [43]. Furthermore, for the mean gray value pu(Gy) of
CSM-LHT-1 particles, a Gaussian mixture model is considered. Recall that
formulas for the univariate densities of these three types of parametric prob-
ability distributions have been stated in Section 2.4.1.

«10-5  volume [um?] sphericity mean gray value (overall)

0.0003 1

0.0002 1

0.0001 1

T T T T 0 T T — 0.0000 T T T T T
0 20000 40000 60000 0.6 0.8 1.0 7500 10000 12500 15000 17500

Figure 9: Fitted parametric probability densities for the volume V (left), sphericity S
(middle) and mean gray value u(Gy) (right) of CSM-LHT-1 particles.

It turned out that for the volume V' and the sphericity S of CSM-LHT-1
particles the generalized inverse Gaussian distribution and the normal inverse
Gaussian distribution, respectively, provide the best fits, see Figure 9. The
optimal parameter values of these distributions are given in Table 4, which
also contains the best fitting parameter values of the Gaussian mixture model
for the mean gray value u(G;) of CSM-LHT-1 particles.

In the next step, we apply the pair-copula approach stated in Section 2.4.3
to model the the joint probability density f : R® — [0,00) of the three-
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Table 4: Types and optimal parameter values of the fitted univariate distributions.

descriptor ‘ distribution type \ optimal parameter values

4 gen. inv. Gaussian f :: __20023” l; z ?))10575570

S norm. inv. Gaussian ?:029417’ . — 011

1(Gy) Gaussian mixture ]g 1220.13787’67172::137792297 o = 9879,

dimensional random vector (X1, X, X3) = (V. S, u(Gy)). For this, according
to the representation formula for f given in Eq. (8), we need to determine
the bivariate copulas C4 32, C12 and Cy 3 (resp. their densities ¢ 3)2, ¢1,2 and
¢2.3), which we chose from the families of Gaussian, Clayton, Gumbel, Frank,
Joe, BB1 and BBS8 copulas [45, 46|, using the pyvinecopulib package [52].

It turned out that the family of BB1 copulas provides the best fit for C} 5
and Cy 3, whereas the family of BB8 copulas suits best for C' 3. Note that
both, BB1 and BBS, are Archimedean copulas, which have been introduced
introduced in Section 2.4.2. The optimal parameter values of these copulas
are given in Table 5.

Table 5: Types and optimal parameter values of the fitted bivariate copulas.

descriptor pair ‘ copula type ‘ optimal parameter values ‘ rotation

V,S BB1 a=0.75b=1.07 270°
S, u(Gy) BB1 a=0.08,b=1.01 180°
V, 1u(Gy)|S BBS 0 =1.09,6 =0.94 270°

To validate the copula-based model given in Tables 4 and 5, we draw
10000 realizations from the fitted distribution of (V, S, u(Gy)) and visually
compare resulting (bivariate) histograms to corresponding histograms of de-
scriptor values computed from CT images. In particular, Figure 10 shows
the bivariate histograms of measured data (top row) and model realizations
(bottom row) for (V,.5) in the left column, (S, u(G;)) in the middle column,
and (S, u(Gy)) conditional on V' < 2600 um? in the right column.
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Figure 10: Bivariate histograms of measured data (top row) and simulated data drawn
from the fitted copula-based model (bottom row), for CSM-LHT-1 particles. Left: Volume
V' v.s sphericity S. Middle: Sphericity S vs. mean gray value p(Gy). Right: Sphericity
S vs. mean gray value u(Gy) given that V < 2600 um?, see also the histograms shown in
Figure 8.

3.4. Comparison to Lunar Regolith

So far, the analysis showed significant differences between the considered
regolith simulants with respect to various descriptors of shape and texture.
To showcase differences between regolith simulants and actual lunar regolith,
we additionally consider recently published 3D data of lunar regolith from
Apollo samples 10084 and 14163 [26] and from the Chang’e-5 mission [27].
Note that for this analysis, we only consider particles with a volume larger
than 15000um® to avoid artifacts from segmentation, see also [27]. This
roughly coincides with the lower limit of 25um diameter present for the
measured regolith simulants.

Figure 11 shows the distributions of particle volume for all considered
samples.
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Figure 11: Comparison of estimated probability densities of particle volumes for lunar
regolith (Apollo samples 10084, 14163 and Chang’e-5) and regolith simulants. Left: Mare
samples. Right: Highlands samples.

4. Discussion

In this section we discuss the methods and results presented in this pa-
per. In particular, Section 4.1 discusses the results of the univariate analysis,
followed by a discussion of the multivariate analysis and model fits in Sec-
tion 4.2. Then, Section 4.3 reflects on the implications of our findings in terms
of comparability between different regolith simulants and lunar regolith.

4.1. Unwvariate Data Analysis

Notably, the rough shapes of the probability densities of volume, surface
area, sphericity and aspect ratio shown in Figures 5 are similar for most sim-
ulants, where bimodal distributions can be observed for volume and surface
area but not for sphericity and aspect ratio for all simulants except for LHS-1
and LMS-1. In general, highland simulants, shown as dashed lines in Fig-
ure 5, seem to contain a larger fraction of fine particles with low volume and
surface area than mare simulants (solid lines). With respect to sphericity
(and less so, aspect ratio), OB1A exhibits distinctly different particle shapes
compared to all other simulants while the distributions of volume and surface
area do not show this distinction. Particles of OB1A tend to be less spheri-
cal with a higher aspect ratio which may hint at more plate- or rod-shaped
particles, which is in accordance with the visual impression from Figure 2.

Considering the distributions of mean gray values and the coefficients of
variation of gray values, huge differences between the individual simulants
can be observed, see Figure 6. Note that while the coefficient of variation
is independent of the scale, the mean gray values (and individual voxel gray
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values) lie between 0 and 65535, represented as 16-bit integers. Note that
the distribution of the coefficients of variation for the gray values in the
interior of OB1A particles is a kind of outlier, which is clearly bimodal and
thus vastly different from those of all other simulants. In all other cases, the
distributions of mean gray values and coefficients of variations of gray values
do not differ considerably between particle surface and interior. Thus, in the
following, we will not make this distinction and instead consider the overall
gray value distributions.

With the exception of OB1A, as mentioned above, no clear differences
can be seen in Figure 6 between the distributions of the coefficients of vari-
ation for the individual simulants. However, the distributions of mean gray
values show pronounced similarities and differences. For most simulants,
except LMS-1, the probability densities of mean gray values have peaks at
either roughly 9000 or 13000, or both. This may hint at two main groups of
constituents across all simulants.

Quantitatively, the heights of these peaks differ significantly between sim-
ulants, as shown in the top row of Figure 6. For example, most mare simu-
lants, namely JSC-1A, OPRL2N and CSM-LMT-1, exhibit their major peak
at roughly 13000. In addition, JSC-1A and OPRL2N show a minor peak at
9000. In contrast, the highland simulants LHS-1, CSM-LHT-1 and OB1A
have their major peak at roughly 9000, with CSM-LHT-1 and OB1A exhibit-
ing a secondary peak at roughly 13000 and 24000, respectively. On the other
hand, LMS-1 shows an entirely different behavior with two peaks at around
8500 and 10800 where no peaks are located for the other simulants.

Although the mean values given in Table 3 cannot fully capture the infor-
mation of the mostly bimodal distributions of the various particle descriptors,
the main differences observed in Figures 5 and 6 are reflected in the mean
values of Table 3. In particular, JSC-1A, OPRL2N and CSM-LMT-1 show
(global) mean gray values near 13000, i.e., roughly at the same place where
the major peaks of the corresponding particle-wise probability densities are
located. Similarly, the peaks of the particle-wise probability densities of
CSM-LHT-1 and LHS-1 are reflected in their global mean values. Notably,
OBI1A shows the highest mean gray value, heavily influenced by the sec-
ondary peak at 24000, visualized in the top row of Figure 6. Regarding
descriptors of particle shape, the mean values of Table 3 roughly correspond
to the visual impression of Figure 5. Notably, the mean values given in Ta-
ble 3 for volume and surface area show that the tails of the corresponding
particle-wise distributions are comparatively heavy, leading to mean values
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significantly higher than the visually perceived peaks of the distributions.

4.2. Multivariate data analysis and parametric modeling

In this section, we discuss the results of the multivariate analysis and
parametric modeling performed for CSM-LHT-1 particles, as presented in
Sections 3.2 and 3.3. Figure 7 indicates that particle volume and surface area
are strongly correlated, both negatively with sphericity, while aspect ratio ex-
hibits no clear correlation with size-related descriptors, suggesting elongated
particles occur across all sizes. Considering correlations between size and
texture of particles, the coefficients of variation of particle-wise gray values
are strongly positively correlated to particle sizes, i.e., volumes and surface
areas of particles. This might indicate that larger particles are more likely to
be composed of a mixture of different materials, which can also be observed
in Figure 2. While further analysis of this behavior lies beyond the scope of
the present paper, this could be reconsidered in a forthcoming study when
trying to stochastically model the inner structure of particles. The fact that
two or even more particle descriptors can be correlated is supported by the
(conditional) bivariate histograms visualized in Figure 8, further, supporting
the need of multivariately characterizing regolith particles, as performed in
Section 3.3.

In particular, in Section 3.3, multivariate probability densities have been
fitted to descriptor vectors by initially fitting parametric univariate marginal
distributions, see Figure 9, followed by the deployment of parametric copulas
to achieve bivariate fits, see Figure 10. As can be seen from Figure 10, the
histograms of measured data (top row) are quite similar to the corresponding
histograms of data simulated by the fitted copula-based model (bottom row),
i.e., the copula-based model given in Tables 4 and 5 is indeed capable of
capturing the empirical distributions of particle descriptor vectors computed
from CT image data.

4.3. Regolith Stmulant Comparability and Digital Modeling

As outlined in Section 1, understanding the mechanical properties of lunar
regolith—especially under the conditions of reduced gravity and vacuum—is
essential for enabling reliable regolith handling and processing during future
lunar missions. Since experimental studies conducted under terrestrial con-
ditions often use regolith simulants as substitutes for lunar regolith, it is
equally interesting to understand how regolith simulants behave mechani-
cally. However, the univariate analysis performed in Section 3.1 indicates
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that regolith simulants that try to replicate the same type of lunar regolith
(mare, highlands) differ significantly in terms of morphology and texture.
However, since morphology and composition of particles also affect their me-
chanical properties, it is unclear to what extent the mechanical properties of
the simulants under consideration are comparable to those of lunar regolith.
While a detailed comparison with the lunar regolith considered in the present
paper is difficult because the sample preparation, imaging and image process-
ing steps used to collect the open source data of lunar regolith [28, 26, 27|
do not necessarily correspond to the steps described in this paper, a ba-
sic comparison of particle size distribution already shows huge differences
between regolith simulants and lunar regolith. Moreover, the distribution
differs between lunar regolith from different landing sites, even for two mare
landing sites from Apollo sample 10084 and the Chang’e mission. Bearing in
mind that the lunar regolith samples have been measured and analyzed using
different techniques, it is unclear to what extent these measured differences
correspond to actual differences in material. These uncertainties together
with the huge differences between regolith simulants and lunar regolith cor-
roborate the need for further investigations of actual lunar regolith and the
development of a digital twin for regolith from different landing sites.

For future comparisons of lunar regolith samples and regolith simulants,
the parametric modeling performed in Section 3.3 can be employed as an
efficient and systematic framework to quantify and compare the morphol-
ogy and texture of different samples. In particular, this reduces complex 3D
image data, of irregularly shaped particles, to relatively few interpretable
parameters that characterize the multivariate probability distribution of de-
scriptor vectors. Therefore, the comparison of different regolith samples can
be reduced to a quantitative comparison of interpretable parameters.

Beyond characterization, the inferred multivariate distributions can be
deployed for computer-based predictions of how different types of regolith
behave as feed materials during processing operations. As demonstrated in
related work on particle processing [54], the multivariate distribution of de-
scriptor vectors influence bulk behavior and processing performance, further
strengthening the case for digital, data-driven modeling approaches.

5. Conclusion and Outlook

In-Situ Resource Utilization (ISRU) plays a crucial role for future space ex-
ploration activities. A key aspect of ISRU is the production of oxygen from
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locally available resources such as, e.g., the lunar regolith when planning
long-term human presence on the moon. All approaches for utilizing lunar
regolith, including the extraction of oxygen, require reliable mechanical han-
dling of regolith. Compared to terrestrial applications, the lunar environment
and special properties of lunar regolith pose extraordinary challenges when
developing parts for regolith handling. Thus, a profound understanding of
the rheology of lunar regolith is required for fast and reliable development of
regolith handling equipment.

In the present paper, we took a first step towards a better understand-
ing of mechanical properties of lunar regolith by outlining the methodology
needed for understanding key aspects of regolith by CT imaging and sub-
sequent statistical analysis of certain morphological and textural particle
descriptors. Using this approach, we analyzed seven samples of different
regolith simulants with respect to their size, shape and texture.

Although the various simulants exhibit some similarities, we found signif-
icant differences with respect to particle-wise texture (gray values) and, for
some simulants, also with respect to particle shape. As it has been shown for
other particulate materials that the (morphological and textural) descriptors
of particles correlate with their behavior in mechanical processing, we may
expect similar correlations for regolith simulants. In a forthcoming study,
we plan to investigate these relationships in order to be able to predict the
unknown behavior of lunar regolith under lunar conditions.

For these future investigations, we plan to measure the rheology of the
same regolith simulants under near-lunar conditions in a parabolic flight
facility. The methods and basic analyses established in the present paper
will lay the foundation for correlating the behavior of regolith simulants in
various experiments with their microstructure.

In addition to a descriptive statistical analysis of size, shape and texture
of regolith simulant particles, we performed a multivariate analysis of par-
ticle descriptor vectors and parametrically modeled the joint distribution of
three descriptors of size, shape and texture, using a copula-based modeling
approach. This analysis and the capability to parametrically represent the
joint distribution of an arbitrary number of particle descriptors may serve as
a basis for the development of a stochastic 3D model for regolith particles.

In a forthcoming study, we will develop such a model to enable the in-silico
analysis of different scenarios for better understanding how various aspects
of regolith, specifications of regolith handling equipment and its effective
behavior and performance are linked with each other. Then, in addition to
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the development of a stochastic 3D model for regolith particles, this approach
of virtual materials testing will also require some work on the calibration
of numerical models for the particle behavior in mechanical processing to
experimental data obtained from experiments performed under near-lunar
conditions.
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