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Abstract: The spatial distribution of lunar surface minerals provides essential constraints on magmatic activity ,
material differentiation, and subsequent impact modification, and is fundamental for reconstructing the Moon’ s
evolutionary history from remote-sensing observations. In this study, visible - near infrared (415 - 950 nm) min-
eral abundance products derived from the Multiband Imager (MI) onboard SELENE (Kaguya) were integrated
with digital elevation model (DEM) - derived topographic parameters to conduct a quantitative , unified-scale spa-
tial analysis of mineral - geomorphology relationships within lunar mare units. Representative large-scale impact
structures and mare basins, including the Von Kdrman crater and Mare Crisium, were selected as study areas to
characterize the spatial correlation between near-infrared-sensitive mineral abundances and geomorphological fea-
tures across different geological units. The results reveal significant regional-scale spatial clustering of mineral
abundances and topographic parameters, along with pronounced spatial non-stationarity across varying geological
and structural settings. These spatial patterns reflect the coupled long-term effects of magmatic activity, subse-
quent impact modification, and their interaction with pre-existing topography, thereby establishing a quantitative
framework for lunar surface geological interpretation and evolutionary analysis using remote-sensing data.

Key words: Lunar mineral, morphological features, bivariate spatial autocorrelation, geographically weighted

regression(GWR)

Introduction

The Moon, Earth’s only natural satellite, preserves
records of fundamental geological processes of the early
Solar System in its surface composition and geomorpholo-
gy, including crustal differentiation, magmatic activity,
and large-scale impact events'”'. Impact cratering is the
dominant process governing surface evolution on airless
planetary bodies. Transient high-energy impacts rapidly
modify local topography and generate complex craters
and multi-ring basins. Associated excavation, ejecta re-
distribution, and impact melting expose the spatial het-
erogeneity of lunar surface materials”. Repeated impact
events have further reworked the lunar surface and redis-
tributed crustal materials through time ™.

Large impact basins and their surroundings are key
targets for understanding lunar impact processes and
crustal evolution. Basin interiors exhibit multiple concen-
tric ring structures, whereas extensive ejecta blankets re-
sult from bedrock fragmentation, material mixing, and
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long-range ejecta transport. These geomorphic features
are commonly associated with heterogeneous mineral ex-
posures and therefore provide constraints on the Moon’ s
early thermal and geological evolution'®.

Recent lunar missions have acquired extensive high-
resolution remote sensing datasets. Orbital observations,
in situ measurements, and sample return analyses enable
detailed characterization of lunar geological evolution
and surface morphology. Mineral abundance products de-
rived from imaging spectroscopy and thermal infrared re-
mote sensing constrain the spatial distributions of major
minerals, including pyroxene, plagioclase, olivine, and

[7-9]

ilmenite Digital elevation models (DEMs) generated
from laser altimetry and stereo imagery provide topo-
graphic parameters such as elevation, slope, curvature,
and relief, which quantitatively describe geomorphic re-
sponses to geological processes'.

been widely used to map volcanic units, interpret ejecta
[3,5,10]

These datasets have

composition, and infer crustal structure . However,
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quantitative evaluation of how topographic variability in-
fluences mineralogical patterns remains limited, espe-
cially at local to regional scales.

Lunar surface mineralogy and its spatial distribution
are core objectives of planetary exploration'""'. The
dominant lunar mineral phases include plagioclase, py-
roxene, and olivine. Plagioclase constitutes the primary
component of the anorthositic highland crust'"’, whereas
mare basalts commonly contain ilmenite-rich opaque
phases. Variations in ilmenite abundance constrain ba-
saltic magma source properties and magmatic differentia-
tion processes . Previous studies have also shown that
slope and terrain geometry can affect spectral retrievals,
complicating interpretations of mineral distributions
when topographic effects are not considered. Plagioclase-
rich highland materials tend to be associated with steeper
crater walls and slopes, whereas pyroxene- and ilmenite-
rich mare lavas are generally observed in flatter plains
and gently sloping volcanic landforms"*“""**" Analyses
of Chang’ e-6 returned samples and related remote sens-
ing studies have suggested that ejecta emplacement and
redeposition may produce localized mineral enrichment
around large impact craters"”. Although mineral abun-
dance and topography have both been widely investigat-
ed, they have usually been analyzed separately, and
their relationship has rarely been quantified in an inte-
grated spatial framework'"™"*'.

Despite substantial progress in mineral inversion
and geomorphic interpretation, limitations remain. Previ-
ous studies primarily focused on single-factor analyses,
deriving mineral abundance from M*'” and Diviner™ da-
ta and interpreting geological structures using topogra-
phy. Most relied on qualitative comparisons or simple
correlations and lacked quantitative characterization of
spatial co-variation between mineral abundance and geo-
morphic parameters®*". Moreover, analyses were com-
monly restricted to individual landing sites or representa-
tive craters, with few regional-scale comparisons across
different geological units >

Spatially explicit methods are well suited to address-
ing these limitations because lunar surface processes are
strongly heterogeneous, spatially non-stationary, and
scale dependent ™. Recent studies have demonstrated
the applicability of spatial statistical approaches to lunar
remote sensing analysis. For example, Feng et al. '
used bivariate spatial autocorrelation and geographically
weighted regression to investigate relationships between
mineral abundance and brightness temperature across the
Moon.

To address these limitations, this study integrates
Kaguya Multiband Imager mineral products with co-regis-
tered DEMs and applies Global Moran’s I, Local Moran’
s I, and geographically weighted regression to quantify
mineral - topography relationships. The analysis focuses
on lunar mare units, with particular emphasis on the Von
Karman impact structure and Mare Crisium, to compare
spatial coupling patterns under different geological set-
tings.

This study aims to quantify the relationships be-

tween major mineral abundances and topographic param-
eters in lunar mare units at both global and local scales,
with particular emphasis on the Von Karman impact
structure and Mare Crisium. This study integrates spatial
autocorrelation metrics with geographically weighted re-
gression to provide a spatially explicit framework for ana-
lyzing how local variations in lunar topography influence
the distribution of key minerals, enabling quantitative as-
sessment of coupled compositional and geomorphic het-
erogeneity. The results not only improve understanding
of how topography influences mineral distribution under
different geological settings, but also provide useful sup-
port for lunar geological interpretation, landing-site as-
sessment, and future exploration planning.

1 Data and Methods

1.1 Data and preprocessing

The datasets used in this study include a lunar digi-
tal elevation model (DEM) for topographic parameter ex-
traction and multispectral remote sensing data from the
SELENE (Kaguya) Multiband Imager (MI) for mineral-
ogical analysis.

Topographic data are derived from laser altimeter
observations acquired by the Chang’ e-1 mission. An in-
terpolated global lunar DEM with a spatial resolution of ~
500 m and a vertical accuracy better than 50 m is used as
the primary topographic dataset. As an active remote
sensing technique, laser altimetry is insensitive to solar
illumination and provides continuous, quantitatively reli-
able measurements of lunar surface topography, forming
a sound basis for analyzing the relationships between min-
eral distribution and geomorphic features. To character-
ize lunar surface morphology, key topographic parameters
—including elevation, slope, aspect, curvature, shade,
roughness and relief—are derived from the DEM using
terrain analysis and spatial differential operations.

Mineralogical data are obtained from mineral abun-
dance products derived from the Multiband Imager (MI)
onboard the SELENE (Kaguya) lunar mission. The MI
consists of five visible bands (430 - 850 nm) with a spa-
tial resolution of 20 m and four near-infrared bands (960
- 1600 nm) with a spatial resolution of 62 m"***". Miner-
al abundance products are generated based on visible -
near-infrared multispectral reflectance characteristics us-
ing endmember matching and spectral unmixing ap-
proaches, and effectively characterize the spatial distri-
butions of major lunar rock-forming minerals. In this
study, four representative minerals—clinopyroxene, or-
thopyroxene, plagioclase, and olivine—are selected for
analysis. These minerals represent key mineral endmem-
bers of mare basaltic units and anorthositic highland
units and provide important constraints on lunar crustal
composition, magmatic differentiation processes, and
the provenance of impact-exposed materials.

The mineral abundance products used in this study
were derived from the SELENE/Kaguya M1 MAP_02 pro-
cessing level data, mosaicked and distributed by USGS
at 59 m per pixel resolution™”. To ensure spatial con-
sistency with the Chang’ e-1 DEM (~500 m resolution) ,
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the MI data were resampled to 500 m using bilinear inter-
polation. This upscaling (approximately 8:1) aggregates
~64 native pixels into each resampled cell, effectively
smoothing local heterogeneity while preserving regional-
scale mineral distribution patterns. The 500 m resolution
is appropriate for analyzing the relationships between
mineral distribution and geomorphology in the large mare
basins and impact structures, which is the primary objec-
tive of this study.

To ensure spatial consistency in multisource data
analysis, MI mineral abundance products are resampled
to a spatial resolution of 500 m to match the DEM. All
datasets are further subjected to coordinate system unifi-
cation and spatial coregistration prior to subsequent anal-
ysis.

1.2 Study area

The study areas include the Mare Crisium Basin on
the lunar nearside and the Von Karman impact crater lo-
cated in the northeastern portion of the South Pole - Ait-
ken (SPA) basin on the lunar farside (As show in Fig-
ure 1).

The Mare Crisium Basin is situated in the eastern re-
gion of the lunar nearside. Formed during the Nectarian
period, it has a diameter of approximately 1000 km, with
its center at 17°N, 59. I°E®!. The basin interior is in-
filled by mare basaltic lava flows, whereas the basin rim
exhibits annular structural units composed of plagioclase-
rich highland crustal material. Basalts with varying tita-
nium contents in the Crisium region display a heteroge-
neous spatial distribution, reflecting multiple episodes of
magmatic activity and material differentiation, and the
regional topography has been substantially modified by
large impact events.

The South Pole - Aitken (SPA) Basin on the lunar
farside has a diameter of approximately 2500 km and
formed as a result of a major impact event at ~3.9 Ga,
making it one of the largest, deepest, and oldest impact
basins on the Moon™'. The Von Karman impact crater is
located in the northwestern sector of the SPA Basin, with
a central coordinate of 44.5°S, 176.25° E. The crater
floor is relatively flat and has been infilled by later basal-
tic lava flows™. The material composition and geological

age of the crater are representative of impact-modified
and mare-filled units within the SPA Basin, providing im-
portant constraints on early lunar impact evolution.

1.3 Methods

This study integrates mineral abundance products
derived from visible - near-infrared observations of the
SELENE (Kaguya) Multiband Imager (MI) with topo-
graphic parameters, applying bivariate Moran’ s [ and
geographically weighted regression (GWR) to construct
a spatial-statistics-based workflow for analyzing the cou-
pling between lunar surface mineralogy and geomorphic
features at both global and local scales (Figure 2).

The MI mineral abundance data and the digital ele-
vation model (DEM) were first preprocessed to ensure
spatial consistency. This included unifying the coordi-
nate system and resampling both datasets to a common
spatial resolution. Topographic parameters relevant to
surface geomorphology, such as elevation, slope, and re-
lief were then derived from the DEM.

To investigate the coupling between near-infrared -
sensitive mineral abundances and topographic parame-
ters, bivariate spatial autocorrelation (Bivariate Moran’ s
I) was first used to assess overall spatial dependence.
Local spatial patterns and clustering of mineral - geomor-
phology relationships were then examined using Bivariate
Local Indicators of Spatial Association (Bi-LISA). Geo-
graphically weighted regression (GWR) was subsequent-
ly applied to quantify spatially non-stationary relation-
ships across different geological units. The resulting
maps of regression coefficients reveal spatial heterogene-
ity in mineral — geomorphology coupling, providing quan-
titative constraints for interpreting mineral distribution
mechanisms within impact basins and mare units.

1.3.1 Bivariate Spatial Autocorrelation

The distribution of minerals on the lunar surface ex-
hibits significant spatial clustering rather than random
patterns, showing spatial structural characteristics such
as spatial autocorrelation and spatial dependence*. Un-
like conventional statistical analyses, which do not con-
sider spatial proximity and therefore may not capture spa-
tial associations between two variable sets, spatial auto-
correlation quantitatively assesses correlation structures
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Fig. 2 Workflow of spatial coupling analysis between mineral abundance and geomorphological features on the lunar surface
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among spatial units through a spatial weight matrix. Mo-
ran’ s I quantifies the degree of dependence between geo-
graphic variables al a given scale and serves as an indica-
tor for the spatial association between lunar surface mor-
phological features and mineral abundances'".

Bivariate Moran’ s I characterizes the joint spatial-
neighborhood association between a mineral abundance
variable x and a topographic parameter variable y within
a spatial unit™, providing a means to investigate spatial
relationships between morphology and mineral distribu-

tion. It is expressed as:

zi(z,-“’uzz"" X z;)
> (=)

where x, is the mineral abundance value at grid cell 7, y,

Moran's [ =

; (1)

represents the topographic parameter value at the neigh-
boring cell j, x and ¥ indicate the sample means of miner-
al abundance and topographic parameters within the
study area, respectively, calculated as the arithmetic av-
erage of all valid grid cells. z!" and z! denote the standard-
ized values of mineral abundance and topographic param-
eters. w; is an element of the spatial weight matrix, with
w; > 0 if cells i and j are neighbors and w; = 0 other-
wise. In this study, the spatial weight matrix is construct-
ed based on contiguity in a regular grid framework and
normalized to ensure comparability across locations. Mo-
ran’s [ ranges between [ -1, l]. A value greater than 0
indicates positive spatial clustering between mineral
abundance and topographic parameters; a value close to
0 suggests near-random spatial distribution; and a value
less than O reflects spatial dispersion between the vari-
ables.

1.3.2 Bivariate Local Spatial Autocorrelation
Building on global spatial autocorrelation, bivariate
local spatial autocorrelation characterizes clustering pat-
terns at a local scale. To quantify spatial relationships
between the mineral grid cells, a row standardized spa-
tial weight matrix W was constructed using the Queen
contiguity criterion, where neighboring cells sharing ei-
ther a common edge or a common vertex were assigned

weights w; = —, with k; denoting the number of neigh-

k;
bors for cell i, and non-neighbors received zero weights.
This criterion effectively captures spatial continuity by
considering all adjacent neighbors, including those
touching at vertices, which is particularly suitable for ir-
regular geologic units on planetary surfaces. By calculat-
ing the local Moran’s [ for each grid cell, spatial aggrega-
tion patterns between mineral abundance and topography
can be identified. The local Moran's [ is defined as:

Bi — LISA =
zngzizj
Si4) (2)
Based on the combination of standardized variables,
local spatial associations are classified into four types:
high-high (HH) , high-low (HL) , low-low (LL) , and
low-high (LH). HH and LL patterns reflect local syner-
gistic clustering of mineral abundance and topographic
parameters, often governed by the same geological pro-
cesses. In contrast, HL and LH patterns indicate spatial-
ly inconsistent variations between mineral abundance
and topography, typically occurring at crater rims, mare
- highland transition zones, or regions influenced by
multi-phase material superposition.

1.3.3 Geographically Weighted Regression Mod-
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Spatial autocorrelation measures similarity in miner-
al — topography relationships but does not account for po-
tential spatial non-stationarity. To address this, geo-
graphically weighted regression (GWR) is employed.
GWR incorporates spatial location into the regression, al-
lowing coefficients to vary by location and estimating lo-
cal regression parameters for each spatial unit. The mod-
el relates mineral abundance (dependent variable) to
topographic parameters (independent variables) as:

Yi= :Bo(mmni) + zzzlﬁk(miani)xik + e, (3)

where y, is the mineral abundance at location i, xik(k =
1, 2~-p) denotes the k-th topographic parameter at loca-
tion i,(m[, ni) are the spatial coordinates of the regression
point, ﬁo(mi, ni) is the location-specific intercept, and
B.(m,, n,) (k= 1,2---p) are spatially varying local regres-
sion coefficients, and g, represents the random error term
(residual) at location i, which is assumed to be indepen-
dently and identically distributed with a mean of zero.
Considering the compositional and tectonic differences
between mare and highland units, the study area is sub-
divided according to a lunar geological map, and local re-
gression is performed within geologically homogeneous
units.

To visualize the spatial patterns of mineral abun-
dance and regression coefficients, the Getis-Ord (Gi*)
statistic is applied to the spatially continuous GWR re-
sults. High- and low-value clusters reveal zones of miner-
al enrichment and areas where the mineral - topography
coupling is relatively strong or weak, thereby characteriz-
ing the spatial heterogeneity in the relationships between
minerals and topographic features. The statistic is de-

fined as:
»

»
Zwinan -a zwm

G“: n=1 n=1 . (4)

2
pz:lewiz" B (zj,:l“’m)
p-1
Here, the Gi* identifies local clustering of spatial
variables, where p refers to the number of neighboring
geomorphological features considered in the computa-
tion, a, represents the mineral abundance value (or the
GWR regression coefficient) at location n, @ denotes the
corresponding global mean. By statistically assessing the
spatial deviation of a, relative to @, the Gi* enables the
identification of significant high-value clusters ("hot
spots") and low-value clusters ("cold spots") in mineral
abundance and GWR regression coefficients. This ap-
proach effectively characterizes the spatial heterogeneity
of mineral distribution patterns and the localized variabil-
ity in the strength of association between mineral abun-
dance and geomorphological parameters, thereby provid-
ing a quantitative basis for analyzing the spatial differenti-
ation structure of lunar surface minerals.

2 Results

2.1 Spatial relationships between geomorphic fea-
tures and plagioclase abundance

Plagioclase, as a major component of the lunar high-
land crust, exhibits spatial distributions that respond to
the underlying geomorphic context. Using bivariate Mo-
ran’s [ and significance tests, the spatial associations be-
tween plagioclase abundance and topographic parameters
were quantitatively assessed for the Von Karman crater
and the Mare Crisium Basin.

At the Von Karman crater (Figure 3 (a) ), plagio-
clase abundance shows the strongest bivariate Moran’ s [
with aspect, with Moran’s I = 0. 052 and p < 0. 01, indi-
cating a statistically significant but weak spatial associa-
tion. Slope shows a weak positive spatial association
(Moran’s I = 0.011, p < 0.01). In contrast, bivariate
Moran’ s I values for other topographic parameters, in-
cluding roughness, shade, and elevation, are close to ze-
ro but statistically significant (p < 0.05) , indicating
weak but non-random spatial structure, whereas curva-
ture and relief are not statistically significant (p >
0.05) , suggesting a lack of clear spatial coupling be-
tween these parameters and plagioclase abundance in
this study area.

In the Mare Crisium Basin (Figure 3 (b)), rough-
ness and shade exhibit significant positive spatial associa-
tions with plagioclase abundance (Moran’s I = 0. 112,
p <0.001; Moran’s I = 0. 108, p < 0.01, respective-
ly). Slope shows a weak but statistically significant asso-
ciation (Moran’s I = 0. 008, p <0. 01), whereas eleva-
tion does not exhibit a significant spatial relationship
(Moran’ s I = 0.050, p = 0.40). Aspect, curvature,
and relief are also not statistically significant (p >
0.05). Accordingly, roughness and shade represent the
primary topographic variables associated with the spatial
distribution of plagioclase abundance in this basin.

These contrasting relationships indicate spatial non-
stationarity in the association between plagioclase abun-
dance and topography, reflecting the influence of differ-
ing geomorphic settings in the two regions.

2.2 Local spatial associations between geomorphic
features and plagioclase abundance

Bivariate Local Indicators of Spatial Association (Bi-
LISA) results (Tables 1 and 2) show clear spatial clus-
tering of plagioclase abundance with multiple topograph-
ic parameters in both the Von Karman crater and the
Mare Crisium Basin. However, clustering patterns differ
significantly between geological units, indicating spatial
non-stationarity in the mineral - topography relation-
ships.

At the Von Karman crater (Table 1), clustering
with elevation is most pronounced. High - high (HH)
and low — low (LL) clusters occupy a large proportion of
the area. High-plagioclase units generally correspond to
regions with higher elevation, slope, and relief, whereas
low-plagioclase units occur in areas with lower relief and
lower slopes. This pattern indicates a stable spatial re-
sponse of plagioclase abundance to topographic heteroge-
neity within the crater. In contrast, aspect shows rela-
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Fig. 3 Spatial associations between geomorphological features and plagioclase abundance: (a) Von Karmén; (b) Mare Crisium Basin
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tively weak spatial clustering with plagioclase abun-
dance.

In the Mare Crisium Basin (Table 2) , elevation al-
so exhibits significant spatial clustering with plagioclase
abundance. High - high (HH) clusters account for
29.02% of the area, with an average abundance of
0.7011, indicating that high-plagioclase units are con-
centrated in higher-elevation regions. Low - low (LL)
clusters, although the largest proportion (42.19%) ,
have an average abundance of only 0.4595, reflecting
generally lower plagioclase abundance in low-elevation
areas. In addition to elevation, roughness and relief also
show relatively high proportions within HH clusters, indi-
cating that plagioclase-rich regions tend to co-occur with
areas of stronger relief.

The differences in spatial clustering patterns be-
tween the two study areas correspond closely to their re-
spective mare and highland geological contexts, indicat-
ing that under similar topographic conditions, plagio-
clase abundance still exhibits regional variations in spa-
tial aggregation ™.

2.3 Local responses of minerals to geomorphic fea-
tures

At the study-area scale, geographically weighted re-
gression (GWR) models were constructed to quantify the
spatially non-stationary relationships between mineral
abundances and topographic parameters. Lunar geologic
maps were then incorporated to delineate geological
units, providing a spatially constrained framework for
analysis. This approach enables statistical characteriza-
tion of continuous spatial variations in plagioclase abun-
dance under mare and highland backgrounds, as well as
local response patterns of mineral - topography coupling.
The Gi* statistic was further applied to visualize the spa-
tial clustering of GWR regression coefficients.

Using multispectral remote sensing imagery and dig-
ital elevation data, a GWR model was established for the
Von Karmdan crater to characterize spatially non-station-
ary relationships between plagioclase abundance and top-
ographic factors including elevation, slope, and curva-
ture. By integrating lunar geologic maps as a spatial con-
straint, the coupling mechanisms between mineral abun-
dances and topographic parameters at local scales were
further revealed.

Table 1 Summary statistics of topographic features and
plagioclase abundance for Bi-LISA in Von
Karman

1 BFRITEENNKAEESERISTEHNEE LISA %
HER
Features  Cluster Percent(%) Min Max Mean SD
HH 18. 96 0.6 0.81 0.6497 0.0271
LH 16.7 0.39 0.64 0.5824 0.0325
elevation
LL 30.75 0.3 0.64 0.5831 0.0331
HL 33.59 0.6 0.81 0.6501 0.0252
HH 31.89 0.6 0.81 0.6493 0.026
LH 28.8 0.3 0.64 0.5833 0.0326
slope
LL 18. 66 0.36 0.64 0.5822 0.0333
HL 20. 65 0.6 0.81 0.6509 0.0258
HH 25.93 0.6 0.81 0.6509 0.0267
LH 22.42 0.3 0.64 0.5838 0.0325
aspect
LL 25.03 0.36  0.64 0.582 0.0332
HL 26.61 0.6 0.81 0.6489 0.0251
HH 19. 69 0.6 0.81 0.6493 0.0259
LH 17.77 0.39 0.64 0.5828 0.0326
roughness
LL 29. 68 0.3 0.64 0.5829 0.0331
HL 32.68 0.6 0.81 0.6503 0.026
HH 19.58 0.6 0.81 0.6492 0.0258
e LH 17.72 0.39 0.64 0.5828 0.0326
relie
LL 29.73 0.3 0.64 0.5829 0.0331
HL 32.97 0.6 0.81 0.6504 0.026
HH 34.04 0.6 0.81 0.6498 0.0262
. LH 30. 85 0.38 0.64 0.5829 0.0327
shde
LL 16.6 0.3 0.64 0.5827 0.0333
HL 18.51 0.6 0.8 0.6501 0.0254
HH 25.71 0.6 0.81 0.6501 0.0259
LH 23. 46 0.3 0.64 0.5826 0.033
curvature
LL 23.99 0.36  0.64 0.5831 0.0328
HL 26. 84 0.6 0.81 0.6498 0.0259

Figure 4 presents the comprehensive remote sensing
and geostatistical analysis results for the Von Karman
crater. Figure 4 (a) and Figure 4 (b) display the WAC
image and DEM, respectively, providing the geomorpho-
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Table 2 Summary statistics of topographic features and
plagioclase abundance for Bi—-LISA in Mare
Crisium basin

® 2 BEAMMKAFESERFERNNER LISA &itHE
s

Percent

Features  Cluster Min Max Mean SD
(%)
elevation ~ HH 29.02 0.3627  0.9848 0.7011 0.1626
LH 10. 43 0 0.7832 0.4483 0.1307
LL 42.19 0 0.7832 0.4595 0.1031
HL 18.36 0.3627  0.9715 0.6097 0.1628
slope HH 24.39 0.3628  0.9848 0.7305 0.1445
LH 8.39 0 0.7832 0.4661 0.141
LL 44.23 0 0.7832 0.4556 0.102
HL 22.99 0.3627  0.9532 0.597 0.1652
aspect HH 23.49 0.3627  0.9669 0.666 0.1662
LH 26.58 0 0.7832 0.4581 0.108
LL 26. 04 0. 0001 0.7832 0.4564 0.1105
HL 23.89 0.3627  0.9834 0.6654 0.171
roughness ~ HH 23.58 0.3628  0.9848 0.7291 0. 1463
LH 8.06 0 0.7832 0.4635 0.1402
LL 44.56 0 0.7832 0.4562 0.1026
HL 23.8 0.3627  0.9532 0.6028 0.1658
relief HH 23.61 0.3628  0.9848 0.7285 0.1467
LH 8.08 0 0.7832 0.4627 0.1397
LL 44.54 0 0.7832 0.4563 0.1027
HL 23.76 0.3627  0.9532 0.6032 0.1658
shade HH 26.4 0.3627  0.9747 0.6546 0.166
LH 39.09 0 0.7832 0.4615 0.1042
LL 13.53 0 0.7832 0.4452 0.1218
HL 20.98 0.3627  0.9848 0.6796 0.1709
curvature ~ HH 23.2 0.3627  0.9848 0.671 0.1723
LH 24.53 0. 0001 0.7832 0.4504 0.1039
LL 28.09 0 0.7832 0.4633 0.1133
HL 24.18 0.3627  0.9843 0.6606 0.1649

logical and topographic context. Figure 4 (¢) illustrates
the spatial distribution of local R* values from the GWR
model for plagioclase abundance, revealing pronounced
spatial heterogeneity. High R? values (>0. 6) are concen-
trated along the crater rim and central peak, whereas low-
er values dominate the smoother crater floor, indicating
significant spatial variability in model performance
across geomorphic settings. This spatial variation reflects
differences in the statistical relationship between plagio-
clase abundance and topographic parameters across dif-
ferent geomorphic units. At the crater rim and central
peak, pronounced structural relief and exposure of fresh
or shallow bedrock result in a stronger association be-
tween mineral composition and topographic gradients.
This pattern is consistent with the geological contrast be-
tween Pre-Nectarian highland units, including the crater
rim and central peak, and the younger basaltic infill with-
in the crater interior of the SPA basin™. In contrast,

low-relief interior regions may be influenced by regolith
deposition, material redistribution, and other process-
es™, so spatial variations in plagioclase abundance are
affected by multiple factors, reducing the explanatory
power of the regression model.

Figure 4(d) depicts the spatial variation of standard-
ized GWR coefficients. Positive coefficients are primari-
ly distributed along the northwestern rim and southern
steep slopes, while weaker or negative coefficients pre-
vail within the interior plains, reflecting spatial variabili-
ty in both the strength and direction of mineral - topogra-
phy coupling. Figure 4 (e) presents the geologic unit
map, providing a framework for interpreting these varia-
tions. The spatial correspondence between areas of high
coefficient values and highland units and adjacent crater
ejecta is consistent with the differential exposure of pla-
gioclase-rich crustal materials associated with impact ex-
cavation and ejecta emplacement across geologic units of
different ages. This spatial pattern may reflect impact-re-
lated ejecta emplacement, differential deposition, and
subsequent gravitational redistribution.

In the Pre-Nectarian unit (Figure 4(f) ), curvature
and elevation exhibit a strong negative correlation, sug-
gesting the preservation of remnants of ancient high-
lands, where deep plagioclase-enriched layers have been
exposed and retained despite long-term erosion. In the
Nectarian units, regression coefficients for slope and re-
lief are predominantly positive, indicating relatively high-
er plagioclase abundance associated with areas of greater
relief and steeper slopes. This pattern may reflect pro-
cesses of uplift, impact excavation, erosion, and subse-
quent material redistribution following early impact struc-
tures. In contrast, within Eratosthenian volcanic lava-
covered regions™ , regression coefficients for topograph-
ic parameters are generally smaller, indicating weaker
statistical relationships between plagioclase abundance
and topographic gradients, likely due to the masking ef-
fect of lava flows on pre-existing mineral - topography
correlations. Collectively, these unit-specific statistical
patterns record the progressive modification and over-
printing of the original crustal composition through the se-
quence of basin formation, impact cratering, and volca-
nic resurfacing that characterizes lunar evolution in the
SPA region”".

2.4 Validation of Mineral Spectral Retrieval

Based on Kaguya MI multispectral imagery, the Pla-
gioclase Spectral Index (PSI) was introduced to indicate
the relative enrichment of plagioclase in lunar highland
studies. PSI is defined as the reflectance ratio R750/
R950, reflecting the spectral feature of plagioclase,
which exhibits lower reflectance near 950 nm compared
with 750 nm “*. It should be noted that PSI is calculated
from a single-band ratio and primarily reflects the spec-
tral response of plagioclase, whereas the plagioclase
abundance data used in this study are retrieved from mul-
tispectral information through spectral endmember un-
mixing. Therefore, PSI serves here as an independent
spectral proxy related to mineral abundance, providing
auxiliary information for analyzing the spatial relation-
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Fig. 4 Comprehensive remote sensing and geological statistical analysis results of the Von Karmén Crater: (a) WAC image; (b)DEM;
(¢) Spatial distribution of local regression fitting accuracy (Local R*) for plagioclase abundance; (d) Spatial variation of standardized
Geographically Weighted Regression (GWR) coefficients; (e) Geologic unit map; (f) Heatmap of mean standardized GWR coefficients
for topographic factors in different geologic units; (g) Spatial distribution details of plagioclase spectral index in the northern red-boxed
sub-region and (h) spatial distribution details in the southern red-boxed sub- region
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ship between minerals and topographic parameters. 3 Discussions

To validate the plausibility of the mineral - topogra-
phy relationships revealed by the GWR model from a
spectral perspective, areas of positive and negative sig-
nificant spatial clustering identified using the Gi* statis-
tic were selected for comparison. Mean PSI values and
their distributions within these clusters were analyzed to
assess spectral response differences.

Figures 4 (g) and 4 (h) present detailed spatial dis-
tributions of the plagioclase spectral index (PSI) within
the northern and southern subregions highlighted in Fig-
ure 4 (a) and Figure 4 (b) plagioclase abundance to to-
pography is small. In the negatively significant low-value
clustering region (the northern boxed area in Figure 5
(d) ), the regression coefficients linking plagioclase
abundance to topography exhibit relatively low magni-
tudes. This pattern is primarily attributed to post-impact

surface modification and space weathering, both of which

weaken the original coupling between topography and The results indicate clear spatial non-stationarity in
composition, thereby reducing the statistical response of plagioclase — topography relationships across different

mineral distributions to topographic gradients ", geological l.mits. In Von Kdrm.(ln crater, plagioclase

The observed local discrepancies between PSI and abunda.mce 18 more strongly associated with slope and lo-
GWR coefficients, particularly in zones affected by sec- cal r'ehef, with higher Value.s concentrated .along the cra-
ondary impacts, highlight the complexity of surface pro- ter rim 'and central. pealf regions , wh'eregs n Mare.Crlsl-
cesses that can decouple spectral signatures from immedi- um Basin the r('elatlonshlp with elevathn 18 more ev1de.nt.
ate topographic influences. Nevertheless, their overall This contrast likely reﬂe.cts.th.e .comblned e_ffects of im-
spatial correspondence underscores a regionally coherent pact excavatlor.l,. volcanic H}ﬁlhng’ arfd differences in
relationship between plagioclase abundance and topogra- crustal composition, suggesting that mineral - topogra-
phy. This consistency, validated through independent phy coupling on the Moon is strongly dependent on geo-

methodological approaches using both the spectral index logical setting.

and spatial regression, strengthens the interpretation of Sever,al limitations should be ..alcknow.ledge'd.. Bivari-
the regional correspondence between plagioclase distribu- ate Moral? S.I and GWR are effec.tlve f.or identifying spa-
tion and geomorphic features tial association and local non-stationarity, but the results

may be influenced by bandwidth selection and multicol-
linearity among topographic parameters. Therefore, the

We combined SELENE/Kaguya Multiband Imager
(MI) visible - near infrared reflectance data with Lunar
Reconnaissance Orbiter (LRO) digital elevation models
to map plagioclase abundances and quantify their spatial
relationships with slope, relief, and elevation across two
contrasting lunar terrains, the Von Karmdn crater and
the Mare Crisium Basin. Geographically weighted regres-
sion and bivariate spatial correlation analyses demon-
strate that mineral — topography relationships are spatial-
ly non-stationary across these distinct geological set-
tings. In Von Karman, plagioclase concentrations are as-
sociated with steep slopes and structural highs, whereas
in Mare Crisium, they correlate primarily with elevation.
These contrasting patterns suggest potential differences
in underlying geological processes and provide a basis for
the following discussion.
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observed relationships are best interpreted as spatial pat-
terns that may reflect geological processes, rather than as
direct evidence of causal links. Moreover, the analysis is
limited to two representative regions and mainly to plagio-
clase abundance, which may restrict the broader applica-
bility of the results to other lunar terrains. The current
study underutilizes lunar surface spectral information,
and future work will integrate hyperspectral analysis tech-
niques, adapted from spatial - spectral feature extraction
methods originally developed for satellite-borne aircraft
contrail detection", to enhance the detection of fine-
scale mineralogical heterogeneity on the lunar surface.
Future work should incorporate higher-resolution and
multi-source datasets, extend the framework to addition-
al minerals and geological settings, and further evaluate
the robustness of the observed spatial relationships using
independent compositional constraints from future lunar
missions.

4 Conclusions

This study presents a framework for analyzing the
spatial relationships between mineral abundances and
topographic parameters using lunar visible to near-infra-
red remote sensing-derived mineral data and digital ele-
vation models (DEM). Representative geological units
including Von Karman crater and Mare Crisium Basin
were systematically investigated.

The spatial relationships between mineral abundanc-
es and topography exhibit pronounced heterogeneity and
spatial clustering across the studied lunar units. Bivari-
ate Moran’s [ analysis indicates a significant positive as-
sociation between plagioclase abundance and slope in the
Von Karméan crater (Moran’s I = 0.32, p <0.01), and
between plagioclase abundance and elevation in the Mare
Crisium Basin (Moran’s [ =0.28, p <0.01). Local spa-
tial clustering further resolves these associations. In the
Von Karman crater, high - high (HH) clusters of plagio-
clase abundance with slope account for 31. 89% of the
study area, with a mean abundance of 0. 6493. Although
HH proportions for other topographic factors range from
18.96% to 34.04%, these relationships are not statisti-
cally significant and are therefore not considered further.
In the Mare Crisium Basin, HH clusters associated with
elevation occupy 29. 02% of the area, with a mean abun-
dance of 0. 7011.

Geographically weighted regression (GWR) analy-
sis indicates spatial variability in the strength of mineral-
topography associations. Adjusted R*> values for GWR
models range from 0.32 to 0.67, exceeding those of
global regression models. Steep slopes and central peak
regions exhibit higher local R? values (>0.6) , whereas
flatter basins and lava-covered areas exhibit lower local
R? values ( <0.3). Standardized regression coefficients
between elevation and plagioclase abundance in the Von
Karman crater range from -0. 23 to 0. 71, with maximum
values concentrated in highland units and minimum val-
ues in volcanic terrains.

Comparison of plagioclase spectral index (PSI) with
GWR coefficients shows that positive clusters correspond

to relatively high PSI values, while negative clusters cor-
respond to relatively low PSI values. Positively signifi-
cant clusters have mean PSI values 18 - 24% higher than
negatively significant clusters, providing an independent
spectral validation of mineral and topography relation-
ships.

The integrated use of bivariate spatial autocorrela-
tion, local clustering, and GWR provides a comprehen-
sive quantitative approach for characterizing spatial asso-
ciations between minerals and topography across impact-
dominated and volcanic-flooded lunar terrains, enabling
systematic assessment of mineral distribution patterns
and evaluation of potential landing sites, while also offer-
ing new insights into lunar surface processes and practi-
cal guidance for future exploration planning and landing
site selection.
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