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Abstract

The heterogeneous mineral composition of lunar regolith significantly influences its thermal forming behavior, posing challenges for in-situ 
resource utilization (ISRU) in lunar construction. This study characterizes fifteen mineral phases identified from Chang’e-5 and Chang’e -6 
returned samples and evaluates the manufacturing suitability of the ten complete-data minerals for three representative thermoforming processes: 
hot-press sintering (HPS), microwave sintering (MWS), and selective laser melting (SLM). Eight thermophysical properties (solidus temperature, 
specific heat capacity, thermal conductivity, melt viscosity, surface tension, density, dielectric loss tangent, and solar absorptivity) were 
characterized for all fifteen minerals. A multi-criteria decision-making framework integrating fuzzy-analytic hierarchy process (AHP)–entropy 
multiplicative weighting was developed to determine process-specific parameter weights, and the mineral suitability was ranked using dual 
TOPSIS–VIKOR methods. The combined weights identified thermal conductivity (33.7%) as the dominant parameter for HPS, dielectric loss 
tangent (57.3%) for MWS, and solar absorptivity (33.0%) for SLM, reflecting the distinct heat transfer mechanisms of each process. For the ten 
complete-data minerals, a process-specific suitability ranking was established, identifying ilmenite as the only universally superior ranked mineral, 
the pyroxene group as favorable for HPS and SLM, and the feldspar group as consistently unfavorable across the three processes. Sensitivity 
analyses (Monte Carlo weight perturbation and VIKOR v-parameter variation) confirmed the robustness of the rankings. Gradient blending 
experiments validated the predictions at both macroscopic and microscopic scales, with cross-process density correlation yielding Pearson r = 
0.788 (p = 0.002) and Spearman ρ = 0.825 (p = 0.001), and within-process rank agreement of ρ = 1.000 for all three processes. The findings provide 
first-order guidance for mineral beneficiation strategies, manufacturing process selection, and preliminary landing-site evaluation in future lunar 
base construction.

Keywords

Lunar regolith minerals; Thermophysical properties; Multi-criteria decision-making (MCDM); Fuzzy-AHP; TOPSIS

1. Introduction

Lunar base construction is essential for sustaining long-term deep space exploration activities. A permanent lunar habitat 
must provide structural support as well as comprehensive protection against the vacuum environment, meteoroid impacts, and 
cosmic radiation [1,2]. Given the prohibitive cost of Earth-to-Moon material transportation, in-situ resource utilization 
(ISRU), and particularly the fabrication of structural components directly from lunar regolith, has emerged as the most viable 
and sustainable construction strategy. Among the available ISRU fabrication approaches, sintering and melting processes 
offer the advantages of high material utilization efficiency and mechanical strength, making them promising candidates for 
infrastructure elements such as launch/landing pads [3,4] and hardened pavements [5].

Three representative thermal manufacturing processes have been extensively investigated for lunar regolith forming: hot-
press sintering (HPS), microwave sintering (MWS), and selective laser melting (SLM). Although all three processes 
consolidate loose regolith particles into dense solids through thermal energy input [6], their underlying heat transfer 
mechanisms differ fundamentally. In HPS [7–9], heat is generated by external resistive elements and conducted inward from 
the die walls through the powder compact—a surface-to-core process governed by thermal conductivity. In MWS [10–13], 
the material self-heats volumetrically through dielectric energy dissipation: The alternating electromagnetic field at 2.45 GHz 
induces dipole polarization and molecular rotation within the regolith, converting microwave energy directly into thermal 
energy throughout the bulk. In SLM [14–17], a focused laser beam delivers highly localized energy to the powder bed surface; 
the absorbed photon energy is instantaneously converted to heat, generating a small melt pool in which heat transfer is 
dominated by conduction and convection. These distinct mechanisms imply that the thermophysical properties governing 
densification success differ from process to process.
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The quality of sintered or melted lunar regolith components, including strength, uniformity, and porosity, is strongly 
dependent on the mineral composition of the feedstock [18,19], and landing site selection is constrained by the locally 
available mineral resources [20]. Orbital remote sensing has enabled the mapping of chemical and mineralogical distributions 
across the lunar surface, providing critical data for identifying regions enriched in specific minerals favorable for ISRU 
manufacturing [21]. Furthermore, given the inherent heterogeneity of lunar regolith, a direct “excavate-and-use” approach is 
unlikely to yield consistent manufacturing outcomes. Instead, mineral beneficiation should be employed to selectively enrich 
favorable mineral components and tailor the feedstock composition to the requirements of each forming process [22–24], 
thereby enabling performance-controlled fabrication of lunar regolith components. Beneficiation provides a practical route 
for regulating the mineralogical composition of lunar regolith feedstocks before thermal manufacturing. Previous studies have 
summarized physical beneficiation methods such as particle-size classification, magnetic separation, electrostatic separation, 
and density/gravity-based separation [25], and recent work has shown their potential for ilmenite enrichment and improved 
processing of lunar regolith simulants [26–28]. In this study, beneficiation is therefore considered as a composition-control 
step that links mineral suitability ranking with process-specific feedstock preparation. However, the lunar regolith comprises 
a complex assemblage of silicates, oxides, and impact/volcanic glasses, each exhibiting distinct thermophysical characteristics 
[29,30]. Current research on the influence of regolith composition on thermal forming has focused predominantly on 
individual minerals or simplified binary systems, and a systematic, multi-mineral evaluation framework applicable across 
multiple manufacturing processes remains lacking.

In this study, fifteen mineral phases representative of the lunar regolith, identified from Chang’e-5 and Chang’e-6 return 
samples, were systematically characterized for eight thermophysical properties relevant to ISRU manufacturing. A multi-
criteria decision-making (MCDM) framework integrating fuzzy-analytic hierarchy process (AHP) with entropy weighting 
through multiplicative normalization was developed to evaluate the suitability of these minerals for three representative 
thermal manufacturing processes: HPS, MWS, and SLM. The ranking results, cross-validated by order preference by 
similarity to ideal solution (TOPSIS) and VIseKriterijumska Optimizacija I Kompromisno Resenje (VIKOR) methods, were 
further confirmed through gradient blending experiments using both macroscopic densification and microscopic sintering 
neck measurements. The findings provide first-order process-design guidance for mineral-specific feedstock selection and 
preliminary landing-site evaluation in future lunar base construction.

2. Materials and methods

2.1 Mineral summary of samples returned from the moon

Lunar soil is the main raw material for the production of lunar building materials. Using remote sensing and experiments 
on real samples, the mineral composition of the moon has been studied. The mineral composition of the moon is much less 
than that of the earth. is the moon lacks water and chemical weathering, resulting in no water-bearing minerals or clay 
minerals. In recent years, China’s Chang’e-5 and Chang’e-6 have carried 1731 g of the lunar mare sample and 1935.3 g of 
the lunar farside sample back to the earth. At present, studies have reported about dozens of different lunar soil minerals, 
among which the content of feldspar and pyroxene is higher, accounting for more than 30%, and a certain amount of olivine 
and ilmenite. In addition to common minerals, there are also a small amount of quartz, potassium feldspar, apatite, and other 
substances in the lunar soil. In the study of lunar regolith samples, Changesite-(Y), cristobalite, stishovite, and few-layer 
graphene were also discovered for the first time. It is worth noting that there are also a large number of amorphous glasses in 
the lunar regolith, including impact glass and volcanic glass. The minerals and contents reported in Chang’e-5 and Chang’e-
6 samples are shown in Table 1 [31–41].

Table 1. 
Common minerals in lunar soil.

Category
Mineral Chemical formula Content

(wt% CE-5) [31]
Content
(wt% CE-6) [32]

Forsterite [33] Mg2SiO4 1.6
Olivine group Fayalite [33] Fe2SiO4 4.1

0.6

Augite [34] Ca(Mg, Fe, Al)(Si, Al)2O6 30.9 19.7

Clinopyroxene [31] (Ca, Mg, Fe)(Mg, Fe)Si2O6 11.1 10.2
Pyroxene group

Orthopyroxene [35] (Mg, Fe)2Si2O6 n.r. 3.7

Anorthite [34] CaAl2Si2O8

Plagioclase group Albite [34] NaAlSi3O8

30.1 32.9

Ilmenite [34] FeTiO3 4.5 1.8

Spinel [34] MgAl2O4 n.r. n.r.

Chromite [36] FeCr2O4 n.r. n.r.

Oxide

Baddeleyite [34] ZrO2 n.r. n.r.



Quartz [34] SiO2 0.4 n.r.

K-feldspar [34,35] KAlSi3O8 n.r. n.r.

Apatite [34] Ca5(PO4)3(F, Cl) 0.7 n.r.

Merrillite [37] Ca9NaMg(PO4)7 n.r. n.r.
Phosphate

Changesite-Y [38] (Ca8Y)□Fe2+(PO4)7 (where □ denotes a vacancy) n.r. n.r.

Zircon [39] ZrSiO4 n.r. n.r.

Sulfide
Troilite [34] FeS n.r. n.r.

Ferronickel [40] FeNi n.r. n.r.

Zirconolite [37] CaZrTi2O7 n.r. n.r.

Cristobalite [41] SiO2 n.r. n.r.

Seifertite [41] SiO2 n.r. n.r.

Stishovite [41] SiO2 n.r. n.r.

Glass [31] — 16.6 27.9

n.r.: not reported; the phase is documented in the Chang’e-5/Chang’e-6 samples (CE-5/CE-6) but no quantitative content is given in the cited 
sources. Values are listed as reported in those sources.

2.2 Methodology

This study adopts a systematic, multi-step methodological framework to evaluate the suitability of lunar regolith minerals 
for in-situ manufacturing via three representative thermal forming techniques (Fig. 1). Step 1 (mineral collection) compiles 
fifteen lunar regolith simulant minerals covering the primary mineralogical components identified from Chang’e-5 and 
Chang’e-6 returned samples. Step 2 (thermophysical properties testing) characterizes eight key parameters critical to 
manufacturing performance—solidus temperature (Ts), specific heat capacity (Cp), thermal conductivity (κ), melt viscosity 
(η), surface tension (γ), density (ρ), dielectric loss tangent (tan δ), and solar radiation absorptivity (αsolar)—providing a 
quantitative foundation for subsequent analysis. Step 3 (weight calculation by Fuzzy-AHP and entropy weight method) 
establishes process-specific parameter weights through a combination of subjective expert judgment (Fuzzy-AHP with three-
expert geometric mean fusion) and objective data-driven analysis (entropy weighting), merged via multiplicative 
normalization to enforce a dual-screening mechanism. Step 4 (mineral classification by TOPSIS and VIKOR) integrates the 
combined weights with the thermophysical data to rank minerals using dual MCDM methods—TOPSIS and VIKOR—with 
ranking robustness verified by Monte Carlo weight perturbation and VIKOR v-parameter sensitivity analysis. Step 5 
(experimental validation of representative minerals) confirms the ranking predictions through gradient blending experiments, 
in which the top-ranked and bottom-ranked minerals are blended with the CUG-1A (a type of lunar regolith simulant produced 
by China University of Geosciences (Wuhan)) baseline simulant at ±10% and ±20% levels, and the manufacturing outcomes 
are evaluated by relative density, porosity, sintering degree, surface roughness, and hardness across the three processes.



Fig.1 Schematic diagram of a multi-step methodology framework. EWM: entropy weight method.

2.2.1 Material collection

The fifteen phases evaluated here were selected from the minerals reported in the Chang’e-5 and Chang’e-6 samples in 
Table 1 on the basis of modal abundance, coverage of the principal rock-forming groups that govern thermal forming, namely 
plagioclase, pyroxene, olivine, ilmenite, and glass, and the widest possible span of the eight thermophysical properties from 
Fe/Ti-bearing oxides to framework aluminosilicates. Feldspar and pyroxene each exceed 30 wt% and, with olivine, ilmenite, 
and glass, dominate the regolith, whereas unselected phases such as merrillite, troilite, Fe–Ni metal, Zr-bearing phases, the 
rare silica polymorphs and Changesite-(Y) occur only at trace levels, contribute negligibly to the bulk thermophysical 
response, and often have no commercially available phase-pure analogue. The selected minerals were purchased through 
commercial channels and their morphology is shown in Fig. 2, comprising forsterite, fayalite, augite, enstatite, hedenbergite, 
ilmenite, anorthite, albite, K-feldspar, quartz, apatite, spinel, and chromite. Their authenticity was verified by laser confocal 
Raman spectroscopy (LabRAM HR800, HORIBA Jobin Yvon, Japan) against the corresponding reference spectra in the 
RRUFF database, as shown in Fig. 3.



 

Fig. 2 Morphology of different minerals. 

The use of terrestrial minerals is justified because the eight evaluated properties are governed by crystal structure, bonding, 
and major-element chemistry, which are intrinsic to a mineral species and shared between its terrestrial and lunar occurrences 
rather than set by provenance. A structurally and compositionally faithful specimen, confirmed here as the correct phase by 
Raman verification against the RRUFF database, therefore reproduces the same governing thermophysical behavior as its 
lunar counterpart. Lunar minerals differ only in second-order respects such as higher Fe content, anhydrous character, and 
space-weathering features, which mainly rescale absolute values and have limited effect on the relative ranking.

The standard lunar regolith simulant selected for the experiments was the CUG-1A lunar regolith simulant developed by 
the China University of Geosciences (Wuhan, China), and its chemical and mineral compositions are shown in Table S1 in 
Appendix A. The minerals were subjected to a thorough washing process, followed by a drying procedure. Thereafter, they 
were meticulously hand-selected and subsequently ground into a powder using a ball mill. In order to eliminate the potential 
impact of particle size on the physical properties of the mineral powder and the lunar regolith simulant, both samples were 
subjected to a sieving process using a 200-mesh sieve.

 



 

Fig.3 Raman spectra and standard comparison of common minerals in lunar regolith.

2.2.2 Thermal properties testing

The solidus temperatures of the minerals and lunar regolith simulant were determined by hot-stage microscopy (HSM) 
using a Dataphysics OCA25-HTV1800 instrument (Germany). Cylindrical specimens were heated from room temperature to 
1650 °C at a rate not exceeding 6 °C·min−1 under ambient atmosphere. The silhouette profiles were recorded at regular 
temperature intervals, and Ts was identified as the onset temperature of the first observable deformation. The surface tension 
coefficients were subsequently calculated from the sessile drop profile of the fully molten specimen using the Young–Laplace 
equation. The solidus temperature of lunar regolith simulant was obtained using a combined thermogravimetric/differential 



thermal analyser (STA449F3) (NETZSCH-Gerätebau GmbH, Germany)with a temperature increase rate of 20 °C·min−1 and 
an atmosphere of argon.

The specific heat capacity and thermal diffusion coefficient of the minerals and lunar regolith simulant were measured 
using a Diamond differential scanning calorimeter (DSC) differential scanning calorimeter (PerkinElmer Instruments, USA; 
American Society for Testing and Materials (ASTM) E1269) and an LFA 467 HT HyperFlash® laser flash apparatus 
(NETZSCH Instruments, Germany; ASTM E1461), respectively. The thermal conductivity was then calculated using Eq. 
(S1) in Appenddix A. Both Cₚ and κ were characterized over the range 25–200 °C. Because the TOPSIS/VIKOR procedure 
requires a single, internally consistent decision matrix, one reference temperature was adopted for the multi-criteria analysis. 
The value at 75 °C was selected, as it lies within the measured range and corresponds to a state in which all minerals are fully 
solid and crystalline, providing an internally consistent basis for cross-mineral comparison; near each mineral’s solidus (Tₛ = 
1091–1645 °C), mineral-specific softening, devitrification, and incipient melting would distort Cₚ and κ in a non-comparable 
manner. The robustness of this choice is examined in Section 3.1. The densities of the thirteen natural mineral phases were 
adopted from established mineralogical reference data [42]. For minerals exhibiting compositional variability (e.g., augite, 
enstatite, chromite), the midpoint of the reported density range was used. The viscosity of mineral and lunar regolith simulant 
samples was measured using a high temperature viscometer BCT1700 (Shanghai Huanao, China), with a ramp rate of 
20°C·min−1 and an argon atmosphere. The real and imaginary parts of the complex permittivity of minerals and lunar regolith 
simulants over 2–18 GHz were measured at room temperature by a vector network analyzer (VNA, Keysight N5244B PNA-
X (Keysight Technologies, USA)) in coaxial mode, and the dielectric loss tangent (tan δ) used in the MCDM analysis was 
extracted at the microwave-sintering frequency of 2.45 GHz. The use of a room-temperature value, and its validity for ranking 
purposes, is discussed in Section 4.2.

The spectral absorptance of each mineral was measured over the wavelength range of 280–2500 nm using a SolidSpec-
3700 ultraviolet (UV)–visible(Shimadzu Corporation, Japan) near-infrared spectrophotometer (wavelength accuracy: ±0.1 
nm; photometric accuracy: ±0.003 absorbance (Abs)). The total solar radiation absorptivity (αsolar) was then calculated by 
integrating the product of the measured spectral absorptance and the air mass zero (AM0) solar irradiance spectrum over the 
full wavelength range [43].

2.2.3 Weight calculation by Fuzzy-AHP and EWM

The relative importance of thermophysical parameters varies across manufacturing processes. For instance, dielectric loss 
tangent dominates microwave energy coupling but is irrelevant to HPS. Therefore, process-specific weight vectors were 
established through a combination of subjective expert judgment and objective data-driven analysis, then merged via 
multiplicative normalization.

(1) Subjective weighting: Fuzzy-AHP. Three experts independently constructed pairwise comparison matrices for each 
process using the Saaty 1-9 scale, converted to triangular fuzzy numbers (l, m, u) [44–46] as shown in Table S2. The matrix 
dimensions are 6 × 6 for HPS (Ts, Cp, κ, η, γ, ρ) and 7 × 7 for MWS (adding tan δ) and SLM (adding αsolar). The three individual 
fuzzy matrices were fused via geometric mean:

𝑎group
𝑖𝑗 = 𝑎(1)

𝑖𝑗 ⊗ 𝑎(2)
𝑖𝑗 ⊗ 𝑎(3)

𝑖𝑗

1
3(1)

where i and j denote the row and column indices, respectively, corresponding to the i and j criteria in the pairwise 
comparison matrix (i, j=1,2,…, n), and n is the total number of criteria. The fused matrix was de-fuzzified by extracting the 
m-values, and priority weights were derived via the eigenvalue method. Finally, a consistency test is performed using Eq. 
(S2) in Appendix A. If the consistency ratio CR < 0.1, the matrix passes the consistency test.

(2) Objective weighting: Entropy Weight Method. The entropy weight method (EWM) [47,48] derives parameter 
weights from the statistical dispersion of the measured data, independent of expert judgment. Parameters with greater variation 
across the candidate set carry higher information content (lower entropy) and are assigned higher weights. This approach 
complements Fuzzy-AHP by capturing data-driven distinctions that expert judgment may overlook. Because five high-
melting minerals did not reach a stable molten state within the effective upper temperature limit of the high-temperature 
testing system, their solidus temperature, melt viscosity, and surface tension could not be reliably determined. The entropy-
weight calculation was therefore performed using the ten complete-data alternatives across all decision parameters.

It should be emphasized that the entropy weights are dataset-dependent. In the present study, they quantify the relative 
discriminating power of each parameter within the decision matrix formed by the ten complete-data alternatives, rather than 
representing universal process-importance weights for all lunar-regolith mineral systems. This is consistent with the standard 
use of the entropy-weight method, in which parameters with larger information contrast among the candidate alternatives 



receive higher objective weights. Therefore, the entropy weights are interpreted here as sample-specific information 
weights, whereas the Fuzzy-AHP weights represent process-mechanism-based expert judgment. The procedure follows the 
standard entropy weighting algorithm: ① min–max normalization of the decision matrix; ② computation of probability 
matrices; ③  calculation of information entropy for each parameter; and ④  derivation of weights from the diversity 
coefficients (1 − entropy).

(3) Combined weighting: Multiplicative normalization. The subjective (Fuzzy-AHP (FAHP)) and objective (EWM) 
weight vectors (W) were combined using multiplicative normalization [49]:

𝑾combined
𝑘 =

𝑾FAHP
𝑘 × 𝑾EWM

𝑘
∑𝑛

𝑘=1 𝑾FAHP
𝑘 × 𝑾EWM

𝑘

where k denotes the position of a certain thermal property parameter in the weight vector, and n is the total number of thermal 
property parameters in the vector. This approach enforces a “dual-screening” mechanism: A parameter receives a high 
combined weight only when both expert judgment and data dispersion agree on its importance. If either source assigns a low 
weight, the product is suppressed. This dual-screening interpretation also prevents the combined weight from being controlled 
by data dispersion alone. A parameter with high variance but weak process relevance is suppressed by the Fuzzy-AHP term, 
whereas a parameter judged important by experts but showing little contrast among the candidate alternatives is suppressed 
by the entropy term. Thus, the combined weight is interpreted as a process-specific discriminating weight that jointly reflects 
physical relevance and dataset-level information contrast, rather than as a purely variance-driven coefficient. This is 
physically intuitive––a parameter that is theoretically important but shows little variation among the minerals under study 
(e.g., Ts) will have its combined weight moderated, while a parameter that is both physically critical and highly discriminating 
(e.g., tan δ for MWS) would be amplified. Multiplicative normalization was preferred over game-theory combination 
weighting for two reasons. In the two-source case the optimal combination coefficients obtained from game-theory weighting 
typically yield weights close to a simple average, so the additional optimization brings little practical gain. Multiplicative 
normalization also enforces a clearer dual-screening logic, in which a parameter is amplified only when both the subjective 
and objective sources rank it highly and is suppressed if either source assigns it a low weight, which is more directly 
interpretable for the present application.

2.2.4 Mineral classification by TOPSIS and VIKOR

2.2.4.1 TOPSIS ranking. The Technique for TOPSIS was applied to rank the ten minerals with complete data for each 
process [50]. The decision matrix was first normalized by the vector method, then multiplied by the combined weights from 
Section 2.2.3. The positive ideal solution (PIS) and negative ideal solution (NIS) were identified based on the benefit or cost 
direction of each parameter. The closeness coefficient was computed as:

𝐶𝑚 =
𝐷―

𝑚

𝐷+
𝑚 + 𝐷―

𝑚

where m denotes the index of the mineral being evaluated and 𝐷+
𝑚 and 𝐷―

𝑚 were the Euclidean distances to the PIS and NIS, 
respectively. Higher 𝐶𝑚 indicates better process suitability. The benefit/cost directions were assigned based on 
manufacturing physics and are summarized in Appendix A Table S4.

2.2.4.2 VIKOR cross-validation. To verify that the ranking results are independent of the specific MCDM algorithm, 
the VIKOR [51,52] method was applied as a cross-validation tool. VIKOR differs from TOPSIS in its mathematical 
foundation: While TOPSIS ranks alternatives by geometric distance to ideal solutions, VIKOR seeks a compromise solution 
that minimizes the group utility (weighted sum of normalized gaps) and individual regret (worst-performing parameter). The 
VIKOR compromise ranking index 𝑄𝑚 is computed as:

𝑄𝑚 = 𝑣 ∙
𝑆𝑚 ― 𝑆∗

𝑆― ― 𝑆∗ + (1 ― 𝑣) ∙
𝑅𝑚 ― 𝑅∗

𝑅― ― 𝑅∗

where 𝑆𝑚 is the group utility, 𝑅𝑚 is the individual regret, and v is the decision strategy parameter (v = 0.5 by default, 
representing equal emphasis on overall performance and absence of critical weaknesses). 𝑆― = 𝑚𝑎𝑥𝑆𝑖 and 𝑆∗ = 𝑚𝑖𝑛𝑆𝑖 are 
the maximum and minimum group utility values, respectively, and 𝑅― = 𝑚𝑎𝑥𝑅𝑖 and 𝑅∗ = 𝑚𝑖𝑛𝑅𝑖 are the maximum and 
minimum individual regret values, respectively, across all evaluated minerals. The consistency between TOPSIS and VIKOR 
rankings was assessed using the Spearman rank correlation coefficient ρ, with ρ > 0.85 and p < 0.05 indicating high agreement.

2.2.4.3 Sensitivity analysis. Two types of sensitivity analyses were conducted to verify the robustness of the ranking 
results:

(1) Monte Carlo weight perturbation: The combined weight vector was subjected to ± 20% random perturbation 
following a normal distribution (mean = 1.0, standard deviation = 0.20), and 10 000 TOPSIS iterations were performed for 



each process. The ranking stability was assessed by the standard deviation of each mineral's rank across all iterations, with σ 
< 1.0 considered stable.

(2) VIKOR v-parameter sensitivity: The VIKOR decision strategy parameter v was varied from 0.3 to 0.7 (in increments 
of 0.1) to examine whether the ranking changes when the decision maker shifts emphasis between “overall best performance” 
(high v) and “minimizing the worst weakness” (low v). A ranking fluctuation range ≤ 1 was considered stable.

2.2.5 Experimental validation of representative minerals

To experimentally verify the TOPSIS predictions, gradient blending tests were designed for each manufacturing process. 
The equipment used for the three forming methods was self-developed by Huazhong University of Science and Technology. 
For HPS and MWS, the powders were placed in graphite moulds with a mould size of Φ10 mm × 20 mm and cold pressed to 
increase their packing density before sintering. The HPS parameters were as follows: holding at 1150 °C for 1 h, followed by 
natural cooling, under a vacuum of 40 Pa. The MWS parameters were as follows: holding at 1150 °C for 0.5 h, followed by 
natural cooling, at a microwave frequency of 2.45 GHz. SLM was performed on a self-developed large-spot system at a 
coarser scale than commercial powder-bed SLM. The laser power was 200 W and the scanning speed was 5 mm·s−1. The 
laser spot diameter was 2 mm, and the hatch spacing between adjacent tracks was set equal to it at 2 mm to give full coverage 
of each layer. The part was built layer by layer with a powder layer thickness of 2 mm per layer, using a vertical scanning 
strategy. These larger length scales are dictated by the coarse regolith feedstock and the self-developed equipment.

One independent specimen was fabricated for each composition and process, yielding five specimens per process and 
fifteen specimens in total. For each specimen, the reported density and porosity were averaged over three backscattered-
electron image fields, the sintering degree over three particle pairs, and the surface roughness over nine measurement areas, 
so that each value reflects within-specimen variability rather than a single measurement. Vickers hardness was further 
measured as an additional mechanical-performance indicator using an Innovatest Falcon 507 hardness tester following GB/T 
4340.1–2024. A Vickers load of HV1, corresponding to a 1 kilogram‑force (kgf, 1 kgf ≈ 9.807 N) test force, was applied 
with a dwell time of 15 s. For each specimen, three indentations were performed at different positions. These gradient blending 
experiments were designed as controlled single-mineral perturbations of the multicomponent CUG-1A matrix, rather than as 
a complete representation of nonlinear phase interactions in real multiphase lunar regolith.

3. Results

3.1 Analysis of thermophysical properties of minerals

The measured thermophysical properties of all fifteen minerals are presented as a standardized heatmap in Fig. 4, where 
each cell represents the Z-score normalized value of a given parameter for a given mineral. This visualization reveals several 
prominent patterns in the dataset.

Solidus temperatures ranged from 1091 °C (glass) to 1645 °C (fayalite), spanning over 550 °C across the mineral set. As 
shown in Fig. 5, the distribution shows a clear compositional dependence: iron-rich minerals with simple crystal structures 
(fayalite, ilmenite) exhibited the highest Ts values (1550–1645°C), while the glass phase showed the lowest Ts (1091 °C) 
owing to its amorphous structure and lack of long-range crystallographic order. The feldspars and pyroxenes occupied an 
intermediate range (1264–1450°C). For minerals with gradual softening behavior where the deformation onset was difficult 
to resolve at 100 °C intervals, supplementary HSM images with finer temperature steps are provided in Appendix A Fig. S1. 
For CUG-1A, the DSC onset temperature (1218 °C, Fig. S2(a) in Appendix A) was in close agreement with the HSM-observed 
deformation temperature (1225 °C), confirming the consistency between the two independent techniques. The glass phase 
exhibited a distinct thermal evolution in the DSC curve (Fig. S2(b)): an exothermic peak at 857 °C corresponding to 
devitrification (crystallization of the amorphous phase), followed by an endothermic peak at 1091 °C corresponding to the 
melting of the devitrification products. Unlike crystalline minerals that maintain structural rigidity until the solidus is reached, 
the glass phase undergoes gradual softening above the glass transition temperature (Tg), devitrification, and finally melting—a 
three-stage process characteristic of amorphous silicates. The Ts value of 1091 °C reported for glass therefore represents the 
onset of the final melting event rather than a thermodynamically defined solidus.

The specific heat capacity and thermal conductivity of all fifteen minerals as functions of temperature are presented in 
Appendix A Fig. S3(a) and (b), respectively. Both parameters exhibited temperature-dependent behavior, with peak values 
generally occurring near 75 °C before declining at higher temperatures. The 75 °C values were used as the common reference 
point for the subsequent MCDM analysis (Section 2.2.2). To confirm that the mineral ranking is not an artifact of this choice, 
the minerals were re-ranked by Cₚ and by κ at each measured temperature (25, 75, 125, 175, and 200 °C). The relative ordering 
was preserved across the entire measured range: For κ, the Spearman correlation between the 75 °C ranking and every other 
temperature was ρ = 0.87–0.95 (all p < 0.05), with a Kendall coefficient of concordance of W = 0.93 (Eqs. (S3) and (S4) in 
Appendix A); Cₚ showed comparable stability (W = 0.86). Thermal conductivity at 75 °C showed the largest relative variation 
among all parameters, spanning from 0.209 W·(m·°C)−1 for K-feldspar to 0.651 W·(m·°C) −1 for fayalite—a three-fold 
difference. A clear mineralogical trend emerged: The oxide and olivine groups (ilmenite, fayalite, forsterite, spinel, chromite) 
exhibited consistently high κ values (0.58–0.65 W · (m·°C)−1), while the feldspar and silica groups (K-feldspar, quartz, 
anorthite, albite) clustered at the low end (0.21–0.27 W·(m·°C)−1). The pyroxene group occupied an intermediate range (0.29–
0.47 W·(m·°C)−1). This systematic variation reflects the differences in crystal structure and bonding character: Dense, ionic-
bonded oxide structures facilitate phonon transport more efficiently than the open, covalent framework silicates.



Fig.4 Thermophysical properties of fifteen lunar regolith minerals. Ts: solidus temperature; Cp: specific heat capacity; κ: thermal conductivity; η: 
melt viscosity (log scale); γ: surface tension; ρ: density; tan δ: dielectric loss tangent; αsolar: solar radiation absorptivity. Missing values indicate 
properties that could not be measured within the accessible temperature range.

Melt viscosity, expressed as log(η/(Pa·s)), exhibited the widest absolute range of any parameter, spanning over five orders 
of magnitude from −1.41 (ilmenite) to 3.71 (fayalite). As shown in Fig.S3(c) in Appendix A, minerals rich in network-forming 
oxides (SiO2, Al2O3), particularly the feldspars (anorthite: 2.91, K-feldspar: 2.92, albite: 2.40), displayed high viscosities, 
consistent with the highly polymerized silicate network structure of their melts. In contrast, minerals dominated by network-
modifying cations (Fe2+, Mg2+, Ca2+), such as the pyroxenes and ilmenite, showed much lower viscosities, reflecting the 
depolymerized melt structure that facilitates viscous flow. The glass and CUG-1A simulant exhibited identical intermediate 
η values (log η = 0.19), consistent with their similar bulk compositions.

Surface tension values ranged from 245 mN·m−1 (glass and CUG-1A) to 522 mN·m−1 (fayalite). The distribution showed 
a gradual gradient across the mineral set rather than extreme outliers. Minerals with high iron content (fayalite, ilmenite) 
tended to exhibit higher surface tension, which is consistent with the strong metallic bonding contribution of Fe2+ at the melt–
air interface. The measured values are in good agreement with previously reported surface tension data for silicate and oxide 
melts of comparable compositions [53–59], confirming the reliability of the sessile drop measurements employed in this 
study.

As shown in Fig. S4 in Appendix A, the dielectric loss tangent (tan δ) at 2.45 GHz showed a distinctive distribution 
dominated by a single outlier: ilmenite (0.146), which exceeded the second-highest value (quartz, 0.059) by a factor of 2.5 
and the lowest value (forsterite, 0.015) by nearly ten-fold. This extreme dispersion reflects the unique contribution of Fe2+-
Ti4+ charge transfer and electronic conduction mechanisms in the ilmenite crystal structure, which are absent in silicate 
minerals. Because this is an intrinsic electronic loss channel rooted in the mixed-valence crystal structure, it is already active 
at room temperature; the long-standing observation that oxide minerals such as ilmenite couple strongly to microwaves while 
silicates remain largely transparent [60] confirms that this contrast is structural rather than an artifact of the measurement 
temperature.



Fig.5 The heating and melting process of minerals.

Fig. S5 shows the solar radiation absorption of the minerals. Solar radiation absorptivity ranged from 638 W·m−2 (anorthite) 
to 1229 W·m−2 (ilmenite). Minerals with high iron and titanium content (ilmenite, chromite, enstatite) clustered at the high-
absorptivity end, while the iron-poor, aluminum-rich feldspars (anorthite, albite) exhibited the lowest values. This trend is 
consistent with the d–d electronic transitions of transition metal cations, which broaden the absorption spectrum across the 
solar wavelength range.

The above analysis demonstrates that the fifteen minerals exhibit highly heterogeneous thermophysical profiles, with no 
single mineral excelling across all parameters simultaneously. This heterogeneity, combined with the process-dependent 
relevance of each parameter, necessitates a systematic multi-criteria evaluation framework to quantify mineral suitability for 
each specific manufacturing process.

3.2 Analysis of the influence of composition on the process

Three independent experts constructed pairwise comparison matrices for each process (the individual matrices are provided 
in Appendix A Tables S5–S13). These matrices were fused via geometric mean, and the resulting combined matrices for HPS, 



MWS, and SLM are presented in Figs. 6(a)–(c), respectively. All three fused matrices satisfied the consistency requirement 
(CR_HPS = 0.006, CR_MWS = 0.014, CR_SLM = 0.016; all < 0.1). The entropy weights were computed independently from 
the measured data, and the final combined weights were obtained through multiplicative normalization, as compared in Figs. 
7(a)–(c).

The combined weight distributions differ significantly across the three processes. In HPS, κ received the highest combined 
weight (0.337), followed by η (0.219) and Ts (0.185), reflecting the dominant role of heat conduction and liquid-phase flow 
in pressure-assisted sintering. In MWS, tan δ accounted for 57.3% of the total weight, exceeding the second-ranked parameter 
(κ = 0.167) by a factor of 3.4. Both Fuzzy-AHP (0.360) and entropy weighting (0.271) assigned first rank to tan δ, and the 
multiplicative combination amplified this consensus. In SLM, αsolar ranked first (0.330), followed by γ (0.181) and η (0.170). 
The relatively high weight of γ in SLM, compared to HPS (0.072) and MWS (0.029), is attributed to the sensitivity of melt 
pool stability and intertrack bonding to surface tension during laser processing.

Fig.6 Fused Fuzzy-AHP pairwise comparison matrices for (a) HPS, (b) MWS, and (c) SLM. Each cell contains the triangular fuzzy number (l, 
m, u) (where l, m, and u represent the lower, modal, and upper bounds of the triangular fuzzy number, respectively) obtained by geometric mean 
fusion of three independent expert judgments. Color intensity represents the defuzzified m-value.

It is noteworthy that Ts received the highest Fuzzy-AHP weight in HPS (0.350) but the lowest entropy weight across all 
three processes (0.080). This discrepancy arises from the limited dispersion of Ts values among the ten ranked minerals, which 
reduces its information content in the entropy framework. The multiplicative normalization appropriately reconciles this 
mismatch, yielding a moderate combined weight that reflects both theoretical importance and practical discriminating power.

The TOPSIS closeness coefficients (Ci) and VIKOR compromise indices (1 − Qi) are presented in Figs. 7(d)–(f). The 
principal results are summarized below. Ilmenite ranked first in all three processes (Ci = 0.890, 0.976, and 0.780 for HPS, 
MWS, and SLM, respectively), representing the only mineral to achieve top ranking across all evaluated manufacturing 
techniques. This universal superiority is attributed to its simultaneously favorable values in multiple high-weight parameters: 
tan δ = 0.146 (highest), αsolar=1229 W·m−2 (highest), κ = 0.584 W·(m·°C)−1, log η = −1.41 (lowest), and ρ = 4.72 g·cm−3 
(highest). The MWS ranking exhibited a pronounced hierarchical gap: Ilmenite (Ci = 0.976) exceeded the second-ranked 



enstatite (Ci = 0.176) by a factor of 5.5. This separation is a direct consequence of the tan δ-dominated weight structure 
combined with ilmenite’s dielectric loss tangent being 4.6× higher than that of any other mineral in the dataset. The pyroxene 
group (enstatite, hedenbergite, augite) consistently occupied the second through fourth positions in HPS and the second 
through fourth positions in SLM, owing to their combination of moderate-to-high κ (0.29–0.47 W·(m·°C)−1), low η (log η < 
0), and intermediate Ts (1264–1420 °C). The feldspar group (anorthite, albite, K-feldspar) ranked in the bottom three positions 
for all three processes, with K-feldspar recording the lowest Ci values in HPS (0.144) and MWS (0.048). The consistently 
low ranking of feldspars is attributed to their high melt viscosity (log η > 2.4), low thermal conductivity (κ < 0.27 W·(m·°C)−1), 
and low dielectric loss (tan δ < 0.031).

CUG-1A ranked 5th (HPS), 7th (MWS), and 6th (SLM), occupying a mid-range position consistent with its compositional 
representation of bulk lunar regolith. This positioning provides a natural baseline for the gradient blending validation 
described in Section 3.3. A process-dependent ranking reversal was observed for fayalite, which ranked 7th in HPS and 5th 
in MWS but dropped to last place (10th) in SLM. This reversal originates from the opposite direction assignments of thermal 
conductivity across processes: κ is classified as benefit-type in HPS and MWS, where higher conductivity promotes uniform 
heat distribution throughout the compact, but as cost-type in SLM, where lower conductivity is preferred to concentrate laser 
energy within the melt pool and prevent lateral heat dissipation. Fayalite possesses the highest κ in the dataset (0.651 
W · (m·°C)−1), which facilitates densification under conductive and volumetric heating modes but becomes a critical 
disadvantage under localized laser irradiation. This case illustrates that mineral suitability cannot be assessed in a process-
independent manner and underscores the necessity of the process-specific weighting approach adopted in this study.

Fig.7 Process-specific weight analysis and mineral suitability ranking. (a–c) Comparison of Fuzzy-AHP, entropy, and combined weights for (a) 
HPS, (b) MWS, and (c) SLM. (d–f) TOPSIS closeness coefficients and VIKOR compromise scores for ten minerals, sorted by TOPSIS ranking. 
Spearman rank correlation coefficients between the two methods are annotated.

Monte Carlo simulation was performed to assess ranking stability under weight uncertainty. The combined weight vector 
was subjected to ±20% normal perturbation over 10 000 TOPSIS iterations per process. The resulting ranking distributions 
are shown in Figs. 8(a)–(c). Of the 30 mineral-process combinations, 28 exhibited σ < 1.0. The two exceptions were fayalite 
in HPS (σ = 1.01) and MWS (σ = 1.04), both marginally exceeding the threshold. The 95% confidence intervals confirm that 
the top three and bottom two minerals in each process maintained their positions throughout all perturbation scenarios. SLM 
exhibited the highest stability, with σ < 1.0 for all ten minerals. The VIKOR v-parameter was varied from 0.3 to 0.7 to evaluate 
ranking sensitivity to the decision strategy (Figs. 8(d)–(f)). In HPS and MWS, 9 of 10 minerals exhibited ranking fluctuations 
≤ 1 position across the entire v range. In SLM, all ten minerals maintained constant rankings, producing perfectly horizontal 
lines. The sole source of variation was glass, which shifted by two positions at boundary v values in HPS and MWS.



Fig.8 Sensitivity analysis of mineral rankings. (a–c) Monte Carlo simulation results (N = 10 000, ±20% weight perturbation): Box plots show 
ranking distributions with base ranks and 95% confidence intervals. (a) HPS, (b) MWS, and (c) SLM. (d–f) VIKOR v-parameter sensitivity (v = 
0.3–0.7): ranking trajectories for each mineral across decision strategy preferences. (d) HPS, (e) MWS, and (f) SLM.

The convergent results from TOPSIS–VIKOR cross-validation, Monte Carlo weight perturbation, and VIKOR v-parameter 
analysis collectively demonstrate that the mineral suitability rankings are robust against algorithm selection, weight 
uncertainty, and decision strategy variation. The overall mineral-process suitability landscape is summarized in Fig. 9, where 
the color-coded matrix enables direct visual comparison across all mineral-process combinations.

To further test the effect of systematic preference variation, an additional preference-scenario sensitivity analysis was 
performed, and the results are shown in Appendix A Fig. S6. Compared with the original combined-weight ranking, 
strengthening or weakening the dominant process-controlling parameter did not alter the main engineering conclusions. For 
HPS and MWS, ilmenite remained ranked first in all scenarios. For SLM, although the internal order among the top-ranked 
minerals changed slightly when the αsolar weight was weakened, the favorable group consistently consisted of ilmenite and 
pyroxene-group minerals. Feldspar-group minerals remained in the unfavorable range under all scenarios. The scenario 
rankings remained highly correlated with the original combined-weight ranking, with Spearman correlation coefficients of 
0.964–0.988 for HPS, 0.964–0.976 for MWS, and 0.952–0.976 for SLM, indicating that the principal ranking conclusions are 
robust to systematic variation in dominant-parameter preference.

Fig.9 Mineral-process suitability matrix. Each cell displays the TOPSIS closeness coefficient (Ci) and ranking for a given mineral-process 
combination. Color scale: red indicates high suitability, green indicates low suitability. CUG-1A (dashed outline) serves as the baseline lunar 
regolith simulant.



3.3 Results of sintering experiment

3.3.1 Hot-press sintering

For HPS, gradient blending experiments were conducted using ilmenite (ranked 1st by TOPSIS) and anorthite (ranked 9th) 
as representative favorable and unfavorable minerals, respectively. Fig. 10 presents the five hot-press sintered lunar regolith 
samples, arranged from top to bottom as follows: 80% CUG-1A + 20% ilmenite, 90% CUG-1A + 10% ilmenite, 100% CUG-
1A, 90% CUG-1A + 10% anorthite, and 80% CUG-1A + 20% anorthite. All samples are cylindrical with a diameter of 10 
mm and a height of 20 mm.

Variations in mineral composition exerted a pronounced influence on both macroscopic appearance and microstructure. 
Macroscopically, the ilmenite-enriched samples (20%Ilm and 10%Ilm) exhibited darker surface coloration compared to the 
CUG-1A baseline, whereas the anorthite-enriched samples (10%An and 20%An) displayed a progressive shift toward light 
gray with increasing anorthite content. Figs. 10(a-i)-(e-i) present backscattered electron (BSE) images of the sintered sample 
cross-sections. The micro-area elemental distributions were analyzed by energy-dispersive spectroscopy (EDS) mapping, and 
the results are provided in Appendix A Figs. S7–S11. Metallic iron (Fe0) particles were observed throughout all samples, 
originating from the thermal decomposition of mafic silicates during high-temperature sintering, which produces a dispersed 
metallic iron phase [61]. The presence of this phase contributes to the observed color variation and may additionally influence 
the mechanical and electromagnetic properties of the sintered bodies [62–64].

The elemental composition analysis is presented in Fig. 11(a). The relative contents of Fe and Ti decreased systematically 
with decreasing ilmenite content and increasing anorthite content, consistent with the designed compositional gradient. The 
relative density of each sample was determined from BSE images using ImageJ software: Pore regions were identified as the 
lowest-contrast areas, and the densification was calculated from the extracted porosity fraction. As shown in Fig. 11(b), the 
relative densities of 20%Ilm, 10%Ilm, CUG-1A, 10%An, and 20%An were 85.212%, 82.177%, 77.711%, 75.926%, and 
73.374%, respectively, exhibiting a monotonic decreasing trend consistent with the TOPSIS-predicted suitability ranking. 
This result confirms that ilmenite addition enhances HPS performance, whereas anorthite addition degrades it.

Fig.10 Appearance, internal pore structure, and surface morphology of hot-press sintered samples.

According to the spherical sintering model proposed by Kuczynski [65], the degree or rate of sintering is generally 
expressed in terms of the sintering shrinkage, as shown in Eq. (5).
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where ΔL denotes the reduced distance between the two spheres; L0 is the initial distance between the two balls; d represents 
the diameter of sintering neck (μm), and r1 and r2 are the radius of powder particles (μm).

The fracture surfaces of the ilmenite-enriched samples (20%Ilm and 10%Ilm) exhibited a continuous morphology with no 
discernible original particle boundaries, indicating a high degree of sintering (Figs. 10(a-ii) and (b-ii)). In contrast, the baseline 
and anorthite-enriched samples (Figs. 10(c-ii)–(e-ii)) retained distinct particle outlines with visible sintering necks between 
adjacent particles. To quantify the sintering degree, multiple particle pairs were selected from each sample, and the particle 
radius (r) and sintering neck radius (d) were measured. The sintering degree was calculated using Eq. (5), with the results 
presented in Fig. 11(b). The sintering degree of the baseline CUG-1A sample was 0.096, while the 20%An sample exhibited 
the lowest value of 0.041. These measurements demonstrate that decreasing ilmenite content or increasing anorthite content 
leads to a significant reduction in sintering degree, which in turn governs the densification and thermo-mechanical 
performance of the fabricated components.

Fig.11 (a) The element content of hot-press sintered samples with different mineral ratios. (b) Analysis of density and sintering shrinkage of hot-
pressed sintered samples with different mineral ratios.

3.3.2 Microwave sintering

For MWS, gradient blending experiments were conducted using ilmenite (ranked 1st by TOPSIS) and K-feldspar (ranked 
10th) as representative favorable and unfavorable minerals, respectively. Fig. 12 presents the five microwave-sintered lunar 
regolith samples. All samples were sintered in quartz crucibles under microwave irradiation at 2.45 GHz.

The macroscopic photographs and computed tomography (CT) cross-sections (leftmost columns) reveal a clear 
compositional dependence of sintering quality. The ilmenite-enriched samples (20%Ilm and 10%Ilm) exhibited uniform dark 
coloration and dense, homogeneous CT cross-sections with minimal porosity. In contrast, the K-feldspar-enriched samples 
(10%Kfs and 20%Kfs) showed lighter surface coloration, and the CT images reveal progressively increasing internal porosity 
and crack formation, particularly in the 20%Kfs sample, which displayed a fragmented cross-section with significant 
structural defects.



Fig.12 Microwave-sintered samples, CT images, and surface and internal microstructures of the microwave sintered samples. (a) 80% CUG-1A 
+ 20% ilmenite, (b) 90% CUG-1A + 10% ilmenite, (c) 100% CUG-1A, (d) 90% CUG-1A + 10% K-feldspar, and (e) 80% CUG-1A + 20% K-
feldspar. ((a-i)–(e-i)) Backscattered image and pore structure analysis of sample surface. ((a-ii)–(e-ii)) Backscattering image and pore structure 
analysis inside the sample. ((a-iii)–(e-iii)) Microstructure of the sample surface. Ilm: ilmenite. Kfs: K-feldspar.

The internal and external microstructures were examined by BSE imaging (columns 2 and 3). Pore regions were extracted 
from the BSE images (insets) for quantitative densification analysis. A systematic increase in pore fraction was observed from 
20%Ilm to 20%Kfs, consistent with the macroscopic observations. A comparison between the internal (column 2) and external 
(column 3) BSE images reveals that the internal porosity was consistently lower than the external porosity across all five 
samples. This inside-out densification gradient is characteristic of MWS: unlike conventional heating where thermal energy 
is conducted inward from the surface, microwave radiation penetrates the bulk and induces volumetric heating, resulting in 
preferential densification of the sample interior. This observation provides direct microstructural evidence for the volumetric 
heating mechanism of MWS and further highlights the critical role of tan δ in governing the spatial uniformity of energy 
deposition. As shown in Fig. 13, the relative densities within the samples determined from BSE image analysis were 93.562% 
(20%Ilm), 89.736% (10%Ilm), 85.436% (CUG-1A), 83.145% (10%Kfs), and 75.821% (20%Kfs), confirming a monotonic 
decreasing trend in agreement with the TOPSIS-predicted suitability ranking. Notably, the MWS process exhibited the largest 
densification response among the three processes: The difference between 20%Ilm and 20%Kfs reached 17.7 percentage 
points, reflecting the dominant influence of tan δ on microwave energy coupling efficiency. Ilmenite, with tan δ = 0.146 (4.6× 



higher than any other mineral), dramatically enhances volumetric heating and thus densification, whereas K-feldspar (tan δ = 
0.023) contributes negligibly to microwave absorption.

The external surface morphologies are presented in the rightmost column (Figs.12(a-iii)–(e-iii)). The ilmenite-enriched 
samples exhibited well-developed sintering necks between adjacent particles, with the neck diameter (d) approaching the 
particle radius (r), indicating near-complete inter-particle bonding. The CUG-1A sample (Fig. 12(c-iii)) showed smaller but 
clearly formed sintering necks. In the K-feldspar-enriched samples, the sintering necks were progressively thinner (Fig. 12(d-
iii) or barely discernible (Fig. 12(e-iii), and individual particle boundaries remained sharply defined, indicating insufficient 
inter-particle fusion. The sintering degree, which was calculated by Eq. (5) and shown in Fig. 13, was 0.0855 (20%Ilm), 
0.0756 (10%Ilm), 0.0270 (CUG-1A), 0.0110 (10%Kfs), and 0.0057 (20%Kfs). This monotonic decrease is consistent with 
the TOPSIS ranking and further corroborates the conclusion that ilmenite is the most favorable mineral for microwave 
sintering, while K-feldspar is the least favorable.

Fig.13 Pore analysis of internal and surface of microwave sintered samples and sintering shrinkage rate analysis.

3.3.3 Selective laser melting

For SLM, gradient blending experiments were conducted using ilmenite (ranked 1st by TOPSIS) and albite (ranked 7th) as 
representative favorable and unfavorable minerals, respectively. Fig. 14(a) presents the macroscopic photographs of the five 
SLM-fabricated samples: 80% CUG-1A + 20% ilmenite, 90% CUG-1A + 10% ilmenite, 100% CUG-1A, 90% CUG-1A + 
10% albite, and 80% CUG-1A + 20% albite. All samples were fabricated as multi-layer cubic specimens on a substrate.

Macroscopically, the ilmenite-enriched samples exhibited relatively smooth, uniform top surfaces, whereas the albite-
enriched samples displayed noticeably rougher and more irregular surface textures. This qualitative trend was quantified by 
the areal surface roughness parameter Sa, defined as the arithmetic mean deviation of the surface height from the mean plane. 
For each sample, 18 measurement points were uniformly distributed across the top surface, and the resulting Sa values are 
presented as box plots in Fig. 14(b).
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where A is the area of the evaluated surface, Z(x,y) is the surface height relative to the mean plane at position (x,y), and x and 
y are the in-plane Cartesian coordinates. The mean Sa values increased monotonically from 20%Ilm (about 20 μm) through 
the CUG -1A (~25 μm) to 20%Ab (~40 μm), confirming that ilmenite addition improves SLM surface quality while albite 
addition degrades it. The box plot distributions further reveal that the 20%Ilm and 10%Ilm samples exhibited the narrowest 
Sa distributions, indicating not only lower absolute roughness but also greater spatial uniformity across the scanned surface. 
In contrast, the B-20 sample showed a broad Sa distribution with several outliers exceeding 80 μm, suggesting localized 
balling or incomplete melting events.

The three-dimensional microstructure was characterized by micro-CT, and the reconstructed surface morphology, cross-
section, and extracted pore networks for each sample are presented in Fig. 14(c)–(g). The porosity values, determined from 
the segmented CT volumes, were 0.113 (20%Ilm), 0.124 (10%Ilm), 0.128 (CUG-1A), 0.139 (10%Ab), and 0.140 (20%Ab), 
exhibiting a monotonic increase from the ilmenite-enriched to the albite-enriched compositions. The cross-sectional 
reconstructions reveal that the 20%Ilm sample possessed the most uniform melt track morphology with minimal inter-track 
voids, while the 20%Ab sample exhibited irregular track boundaries and interconnected pore networks.

The superior SLM performance of ilmenite-enriched compositions is attributed to two synergistic effects. First, ilmenite 
possesses the highest solar absorptivity in the dataset (αsolar = 1229 W·m−2), which enhances laser energy absorption and 
promotes complete melting of the powder bed. Second, ilmenite’s low melt viscosity (log η = −1.41) facilitates melt flow and 
inter-track wetting, reducing the incidence of balling defects. Conversely, albite suffers from low αsolar (706 W·m−2) and high 
melt viscosity (log η = 2.40), both of which impair melt pool formation and spreading.



Fig.14 (a) Selective laser melted samples. Ab: albite. (b) Surface roughness analysis of SLM formed samples. (c–g) The CT structure of SLM 
formed samples: (c)80% CUG-1A + 20% ilmenite, (d) 90% CUG-1A + 10% ilmenite, (e) 100% CUG-1A, (f) 90% CUG-1A + 10% albite, and 
(g) 80% CUG-1A + 20% albite. The surface, cross-section, and pore structure of the samples are shown from left to right.

4. Discussion

4.1 Analysis of densification

To evaluate whether the TOPSIS-predicted rankings translate into measurable performance differences, the experimental 
results were correlated with the predicted scores using a normalized representation: ΔCi (TOPSIS score change from baseline) 
versus the relative change in the experimental metric. This normalization removes absolute differences in baseline 
performance across the three processes and enables direct cross-process comparison.

Fig. 15(a) presents the cross-process correlation between ΔCi and relative density change for all gradient blending 
configurations. All twelve non-baseline data points fall in the first and third quadrants—no composition predicted to improve 
performance degraded it, and vice versa. The cross-process Pearson correlation is r = 0.788 (p = 0.002) and the Spearman 
correlation is ρ = 0.825 (p = 0.001). Within each process, Spearman’s ρ = 1.000, indicating perfect rank-order agreement with 
the TOPSIS prediction. These results demonstrate that the framework is valid both in ordering minerals correctly and in 
approximating the magnitude of performance change.

The process-specific microstructural validations (Fig. 15(b)–(d)) further corroborate this conclusion at the microscopic 
scale. For HPS sintering degree (Fig. 15(b)), only two non-baseline data points were available because the ilmenite-enriched 
samples achieved such complete inter-particle fusion that sintering necks could not be measured—itself qualitative evidence 
of superior performance. The two available points follow a consistent downward trend with decreasing ΔCi. For MWS 
sintering degree (Fig. 15(c)), the Spearman correlation is ρ = 1.000 (p < 0.001) and the Pearson correlation is r = 0.949 (p = 
0.051, N = 4). The response was notably asymmetric: Ilmenite addition improved the sintering degree by 217% relative to the 
baseline, whereas K-feldspar addition reduced it by 79%. This asymmetry reflects the nonlinear relationship between tan δ 
and microwave heating efficiency, suggesting that even modest ilmenite enrichment can yield substantial improvements in 
microwave sintering quality. For SLM surface roughness improvement (Fig. 15(d)), the strongest linear correlation was 
observed (r = 0.990, p =0.010; ρ = 1.000, p < 0.001), attributed to the synergistic effects of ilmenite’s high solar absorptivity 
and low melt viscosity on melt pool formation and spreading.

Across all available validation metrics, every Spearman correlation equals 1.000 and every Pearson correlation exceeds 
0.78, providing converging evidence from both macroscopic and microscopic scales that the proposed framework captures 
the essential physics governing mineral-process interactions in lunar ISRU manufacturing.



Fig.15 Experimental validation and process mechanism analysis. (a) Cross-process correlation between TOPSIS-predicted score change (ΔCi) 
and experimental relative density change (ΔDensity) for all three processes. (b–d) Process-specific correlations between ΔCi and microstructural 
parameters: (b) HPS sintering degree, (c) MWS sintering degree, and (d) SLM surface roughness improvement. Dashed lines represent linear 
regression fits. (e–g) Schematic illustrations of the dominant heat transfer mechanisms: (e) HPS—heat conduction from die walls through the 
raw powder, (f) MWS—spontaneous volumetric heating via dielectric energy dissipation, and (g) SLM—localized melting by laser beam with 
heat convection in the melt pool.

The distinct weight structures and ranking patterns identified in Section 3.2 originate from fundamental differences in the 
heat transfer mechanisms governing the three manufacturing processes, as illustrated schematically in Figs. 15(e)–(g).

In HPS (Fig. 15(e)), heat is supplied externally through resistive heating elements and conducted inward through the die 
walls into the powder compact. The densification rate is therefore governed by the efficiency of heat conduction through the 
particle network, which directly explains the dominance of thermal conductivity (κ = 0.337) in the combined weight structure. 
Minerals with high κ (e.g., ilmenite, 0.584 W·(m·°C)−1; fayalite, 0.651 W·(m·°C) −1) facilitate rapid and uniform temperature 
distribution throughout the compact, enabling homogeneous liquid-phase formation and pore elimination under the applied 
uniaxial pressure. Conversely, minerals with low κ (e.g., K-feldspar, 0.209 W·(m·°C)−1) create thermal gradients that lead to 
non-uniform sintering, with the compact interior remaining under-sintered relative to the surface. The secondary role of melt 



viscosity (η = 0.219) reflects the pressure-assisted densification mechanism: under sustained mechanical load, a low-viscosity 
liquid phase infiltrates inter-particle pores more effectively, accelerating the final-stage densification.

In MWS (Fig. 15(f)), heating occurs spontaneously within the material volume through dielectric energy dissipation at 2.45 
GHz, without an external thermal gradient. The rate of internal heat generation is proportional to the dielectric loss tangent 
(tan δ), which explains its extreme weight dominance (0.573). This volumetric heating mechanism produces a fundamentally 
different temperature profile compared to HPS: The sample interior heats preferentially, while the surface loses heat to the 
surrounding environment, resulting in an inverted thermal gradient. This is consistent with the microstructural observation 
that the internal porosity of MWS samples was systematically lower than the external porosity. Because ilmenite’s tan δ 
(0.146) exceeds that of all other minerals by a factor of 4.6–9.9, its presence in the feedstock effectively determines whether 
the powder can couple with microwave radiation at all. The secondary importance of κ (0.167) in MWS reflects a different 
physical role than in HPS: here, higher κ helps redistribute the internally generated heat toward the cooler surface, reducing 
the inverted thermal gradient and promoting more uniform densification throughout the compact.

In SLM (Fig. 15(g)), a focused laser beam scans the powder bed surface, creating a localized melt pool that rapidly solidifies 
as the beam advances. The energy input is concentrated in a small area (~100 μm diameter), and the powder must absorb 
sufficient laser radiation to achieve complete melting within the brief interaction time. This explains the dominance of solar 
absorptivity (αsolar=0.330) in the SLM weight structure. Unlike HPS and MWS, where thermal conductivity is beneficial for 
distributing heat, in SLM high κ is detrimental: It causes rapid lateral heat dissipation away from the melt pool, reducing the 
peak temperature and potentially leading to incomplete melting—the physical basis for the cost-type assignment of κ in SLM 
and the consequent last-place ranking of fayalite (highest κ). The elevated weight of surface tension (γ = 0.181) in SLM, 
compared to the other two processes, is attributed to its governing role in melt pool dynamics: Appropriate surface tension 
promotes spherical melt pool formation and stable inter-track bonding, while insufficient surface tension leads to balling 
defects and irregular track morphology.

The three heating mechanisms thus define three distinct parameter hierarchies—κ-dominated (HPS), tan δ-dominated 
(MWS), and αsolar -dominated (SLM) —which propagate through the TOPSIS ranking to produce process-specific mineral 
suitability sequences. This coincidence is rooted in the Fe2+–Ti4+ electronic configuration of ilmenite: The intervalence charge 
transfer (IVCT) between Fe2+ and Ti4+ produces broadband optical absorption across the visible-near-infrared spectrum 
[66,67], contributes to dielectric loss through electronic conduction at microwave frequencies [68,69], and the dense oxide 
crystal structure with mixed ionic-covalent bonding facilitates efficient phonon transport.

To further supplement the validation with a mechanical-performance metric, hardness testing was added, and the results 
are shown in Appendix Figs. S12 and S13. The hardness trends are consistent with the densification and defect analyses: 
Ilmenite-enriched samples generally showed higher hardness, whereas feldspar-enriched samples showed lower hardness. 
Specifically, hardness increased from 391.80 HV (An-20) to 507.31 HV (Ilm-20) for HPS, from 299.14 HV (Kfs-20) to 
661.94 HV (Ilm-20) for MWS, and from 619.83 HV (Ab-20) to 698.45 HV (Ilm-20) for SLM. The positive monotonic 
relationship between hardness change and TOPSIS suitability change further supports the mineral-suitability ranking, 
although the hardness response should not be interpreted as a strict linear relationship because of local porosity and phase 
heterogeneity.

4.2 The prospect of future scenarios

The mineral suitability rankings established in this study have direct implications for the design of future lunar ISRU 
manufacturing systems. As illustrated conceptually in Fig. 16, the proposed framework suggests a paradigm shift from the 
current “use bulk regolith as-is” approach to a “beneficiate-then-manufacture” strategy, in which excavated lunar regolith is 
first subjected to mineral separation and then directed to the most compatible manufacturing process based on the enriched 
mineral composition.

The universal superiority of ilmenite across all three processes makes it a priority target for beneficiation. Ilmenite is 
strongly paramagnetic due to its Fe2+–Ti4+ electronic structure, which makes it readily separable from the weakly magnetic 
silicate matrix by low-field magnetic separation—a technique that has already been demonstrated for lunar regolith simulants 
and Apollo samples. An ilmenite-enriched feedstock would simultaneously enhance microwave coupling (via high tan δ), 
laser absorption (via high αsolar), and sintering kinetics (via high κ and low η), regardless of which manufacturing process is 
subsequently employed. This process-agnostic advantage simplifies the logistics of a lunar manufacturing facility, as a single 
beneficiation step can serve multiple downstream processes.

The validation results further provide process-specific first-order engineering references for the “beneficiate-then-
manufacture” strategy. Based on the linear fits summarized in Appendix A Eqs. (S5)–(S11) and Table S17, the HPS series 
shows that the 20 wt% ilmenite-enriched sample reached 85.2% relative density (RD), and reaching 90% relative density 
would require approximately 37 wt% ilmenite enrichment by first-order extrapolation, beyond the tested range. For MWS, if 
90% relative density is used as a practical manufacturability reference threshold, the CUG-1A/mare-type feedstock requires 
approximately 10–11 wt% ilmenite enrichment, whereas feldspar-rich/highland-type feedstock may require approximately 
20–30 wt% ilmenite enrichment equivalent. For SLM, 20 wt% ilmenite enrichment reduced CT porosity from 0.128 to 0.113 
and lowered surface roughness from approximately 25 to 20 μm. These values should be interpreted as first-order estimates 
from controlled CUG-1A perturbation experiments, rather than universal thresholds for all multiphase lunar regolith.

The results also suggest process-specific beneficiation strategies for cases where ilmenite is scarce. For HPS and SLM, 
enrichment of the pyroxene fraction (enstatite, hedenbergite, augite) would provide substantial performance gains, as these 
minerals ranked 2nd–4th in both processes. Pyroxenes are denser than feldspars and can be partially concentrated by gravity 



or centrifugal separation methods. Conversely, the results indicate that feldspar-rich regolith (characteristic of the lunar 
highlands) would be poorly suited for all three thermal manufacturing techniques, particularly MWS. Landing sites with 
access to mare basalts, which are inherently rich in ilmenite and pyroxene, would therefore be preferred from a manufacturing 
perspective.

The gradient blending experiments also suggest that TOPSIS closeness coefficients can be used as a first-order indicator 
for feedstock screening. In the present CUG-1A-based perturbation tests, mineral enrichment produced forming trends 
consistent with the predicted mineral suitability. However, this relationship should be regarded as an empirical trend within 
the tested composition range, rather than a universal linear mixing rule for real multiphase lunar regolith. Nonlinear effects 
such as eutectic melting, solid-solution formation, interfacial reactions, and glass-assisted liquid formation may alter the 
absolute forming response in more complex mineral assemblages.

In summary, this study establishes a quantitative link between lunar regolith mineralogy and ISRU manufacturing 
performance through a systematic Fuzzy-AHP + entropy + TOPSIS/VIKOR framework. The experimental validation 
confirms the predictive capability of the framework at both macroscopic and microscopic scales. The findings identify 
ilmenite as the universally optimal mineral for all three thermal manufacturing processes, recommend pyroxene enrichment 
as a secondary strategy, and highlight the unsuitability of feldspar-dominated feedstocks. These results provide actionable 
guidance for mineral beneficiation design, manufacturing process selection, and landing site evaluation in future lunar base 
construction programs.

Fig. 16. Conceptual illustration of mineral-specific feedstock selection for lunar ISRU manufacturing. Excavated lunar regolith undergoes 
mineral beneficiation (e.g., magnetic separation) to produce process-optimized feedstocks, which are directed to three representative 
manufacturing techniques (HPS, MWS, and SLM) based on the mineral suitability rankings established in this study. The inset summarizes 
process-specific first-order engineering references derived from the CUG-1A perturbation experiments, including ilmenite enrichment thresholds 
for HPS and MWS and porosity/roughness improvement for SLM. The fabricated structural components are used for lunar base construction.

Several limitations should be acknowledged. First, the experimental conditions in this study do not fully reproduce the 
lunar surface environment. Although the HPS validation was conducted under a low pressure of 40 Pa, this is still much higher 
than the high-vacuum condition on the Moon, and the MWS, SLM, and part of the thermophysical characterization were 
performed under ground-based laboratory conditions. High vacuum and reduced gravity may affect heat transfer, powder 
packing, melt flow, and pore evolution, and therefore the present results should not be regarded as a final validation of lunar-
surface manufacturing performance. Nevertheless, the purpose of this study is to establish a relative mineral-suitability 
ranking rather than absolute lunar process windows. Because the key ranking parameters are mainly governed by mineral 
crystal structure and major-element chemistry, these environmental effects are expected to influence absolute forming quality 
more strongly than the relative order among minerals. Validation under high-vacuum and reduced-gravity conditions remains 
necessary in future work. The terrestrial specimens also differ from lunar minerals in their lower Fe content, absence of 
nanophase iron and space-weathering rims, and minor-element substitutions, which mainly rescale absolute property values 
and are not expected to reverse the relative inter-mineral ranking. Additionally, the properties used in the MCDM analysis 
were taken at fixed temperatures rather than at the processing temperatures above 1150 °C. Cₚ and κ were measured up to 200 
°C, and tan δ was measured at room temperature. However, what enters the ranking is the relative ordering of the minerals, 
which is governed by crystal structure and bonding and does not invert upon heating. The thermal conductivity and diffusivity 
of silicate and oxide minerals decrease monotonically and similarly with temperature and preserve their order [70–72], and 



the rank-stability analysis in Section 3.1 confirms this over the measured range. For tan δ, the room-temperature value is an 
appropriate ranking criterion, since oxide minerals with high room-temperature loss couple strongly to microwaves whereas 
low-loss silicates do not [73–75]. This criterion is confirmed by our experiments at 1150 °C, where the densification sequence 
matched the prediction exactly with a Spearman’s ρ of 1.000. The main residual concern is possible thermal runaway for 
minerals whose tan δ rises steeply at high temperature. This is a process-control issue rather than a reversal of the ranking, 
and high-temperature characterization remains a direction for future work. Second, five minerals with solidus temperatures 
exceeding 1650 °C could not be included in the TOPSIS ranking due to unmeasurable viscosity and surface tension; their 
potential roles as reinforcing phases in composite feedstocks remain unexplored. Third, although the subjectivity of fuzzy 
AHP has been mitigated through multi-expert fusion, entropy weighting, and Monte Carlo sensitivity analysis, future research 
could incorporate machine learning methods to further enhance the model’s accuracy and generalizability. Finally, the 
gradient blending validation used controlled single-mineral perturbations of the CUG-1A matrix. Although this design verifies 
the directional effect of mineral enrichment or depletion, it does not fully capture nonlinear interactions in real multiphase 
lunar regolith, such as eutectic melting, solid-solution formation, interfacial reactions, and glass-assisted liquid formation. 
Future work should extend the validation to multicomponent regolith simulants with systematically varied mineral 
assemblages.

5. Conclusion

This study presents a systematic multi-criteria decision-making framework based on a thermophysical-property database 
of fifteen lunar-regolith-related minerals. The TOPSIS/VIKOR suitability ranking was performed for the ten minerals with 
complete decision matrices across three representative ISRU thermal manufacturing processes: HPS, MWS, and SLM. The 
principal conclusions are as follows:

(1) A comprehensive thermophysical database was established by measuring eight key parameters (solidus temperature, 
specific heat capacity, thermal conductivity, melt viscosity, surface tension, density, dielectric loss tangent, and solar 
absorptivity). The dataset reveals highly heterogeneous thermophysical profiles across the mineral set, with thermal 
conductivity varying by a factor of 3.1 and dielectric loss tangent by a factor of 9.9.

(2) Process-specific combined weights were determined through multiplicative normalization of Fuzzy-AHP and entropy 
weights. The dominant parameters are thermal conductivity (κ = 0.337) for HPS, dielectric loss tangent (tan δ = 0.573) for 
MWS, and solar absorptivity (αsolar = 0.330) for SLM, reflecting the distinct heat transfer mechanisms governing each process.

(3) TOPSIS and VIKOR dual ranking identified ilmenite as the only universally superior mineral, ranking first in all three 
processes (Ci=0.890, 0.976, and 0.780 for HPS, MWS, and SLM). The pyroxene group (enstatite, hedenbergite, augite) 
consistently ranked in the top tier for HPS and SLM, while the feldspar group (anorthite, albite, K-feldspar) ranked in the 
bottom tier across all processes. The two ranking methods showed high agreement (Spearman’s ρ=0.830–0.976, p < 0.01).

(4) Sensitivity analyses confirmed the robustness of the rankings: Monte Carlo weight perturbation (±20%, 10,000 
iterations) showed 28 of 30 mineral-process combinations with σ < 1.0, and VIKOR v-parameter variation (0.3–0.7) produced 
stable rankings for 9–10 of 10 minerals per process, with SLM achieving perfect stability.

(5) Gradient blending experiments validated the TOPSIS predictions at both macroscopic and microscopic scales. Cross-
process density correlation yielded Pearson’s r = 0.788 (p = 0.002) and Spearman’s ρ = 0.825 (p = 0.001), with perfect within-
process rank agreement (ρ = 1.000 for all three processes). Process-specific microstructural metrics (sintering degree for HPS 
and MWS, surface roughness for SLM) further corroborated the predicted rankings (Spearman’s ρ = 1.000 where testable).

The findings provide first-order guidance for lunar ISRU applications: Ilmenite-enriched feedstocks obtained through 
magnetic beneficiation are suggested as promising raw materials for the three manufacturing processes, and the mineral 
suitability database established herein can serve as a preliminary screening tool for evaluating candidate landing sites based 
on their mineralogical composition.
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Fuzzy-AHP + entropy + TOPSIS/VIKOR framework for mineral suitability ranking

Complete mineral suitability ranking established for three ISRU processes

Process-dominant parameters: κ for HPS, tan δ for MWS, αsolar for SLM

Gradient blending experiments validate predictions with Spearman ρ=1.000
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