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Abstract

Moon Mineralogy Mapper (M3), the hyperspectral sensor of ISRO’s Chandrayaan 1 mission, dedicated to map the surface mineral
composition, provided an opportunity to map the lunar regolith in Global and Target modes. These high resolution hyperspectral
data is used to recalibrate the pioneer work of Lucey et al. (2000) and thus estimated the FeO and TiO2 contents of the regolith. As
the FeO and TiO:z estimations have to handle a huge amount of data, Support Vector Regression analysis (SVR) is introduced to
reform the FeO and TiO2 wt % equations for Apollo and Luna landing sites. These equations with the optimized origin are used to
estimate the FeO and TiOz contents of the target locations. Catharina crater of the lunar near side is taken as the study area and FeO
and TiO2 wt% of the crater are estimated with M3 data. Composite chemical content (FeO wt%+ TiO2 wt %) of the Catharina crater
is estimated. LRO mini RF, Hybrid-polarized, dual-frequency synthetic aperture radar of LRO mission is used to characterize the
back scattering properties of the crater surface. Stokes parameters are extracted from the LRO mini RF SAR data for the same study
area. Composite chemical content estimated using M3 data is compared with the Stokes total intensity parameter extracted from the
LRO mini RF data. The total intensity parameter (Stokes vector S1) is directly proportional to the composite chemical content and

thus shows a linear relationship.

1. Introduction

Optical, multispectral, hyperspectral, Microwave, Lidar, etc.,
the familiar remote sensing techniques have their own
importance in planetary studies and are capable of providing
vital information about the evolution of the universe, planets,
satellites, etc. The extra terrestrial explorations begin from the
nearest celestial body to the earth and hence moon is considered
as the origin for such explorations. So the selenological
evolution of the lunar regolith is a vital factor and it should be
analysed in detail. Chemical contents of the regolith can provide
information about the factors and selenological processes that
lead to the formation of the lunar regolith. Chemical analysis of
the lunar returned samples of Apollo and Luna missions
revealed the mineral composition of the regolith precisely. This
laboratory analysis confirmed that Ferrous Iron and Titanium as
the major transition elements governs the physical and chemical
properties of the regolith. Hence the estimation of Iron and
Titanium bearing minerals has significance, in understanding
the formation and evolution of the lunar regolith. Thickness of
the debris made regolith is different in high lands and Mare
regions. The thickness of the regolith is more in High lands and
it varies from 14- 15 meters, compared to the thickness of the
Mare region which varies from 4-5 metres (Murty et al., 2015:
McKay et al., 1991). Several attempts have been made to study
and understand the chemical contents of the lunar regolith for
last 3-4 decades. Each of such attempts strengthens the
scientific society through their valuable contributions.

Kumar and Kumar (2024) carried out the successful
recalibration of the pioneer work of Lucey et al. (2000). They
estimated the Optical Maturity Parameter as well as the FeO and
TiO2 contents of the lunar near side craters with hyperspectral
data captured by Moon Mineralogy Mapper (M3). Linear and
nonlinear data fitting techniques are used for the estimation
purpose. Due to the larger complexities of lunar data sets,

computational problems aroused and so the techniques have to
be modified to handle big data sets and nonlinear complexities.
Machine learning based support vector regression (SVR) is
introduced for data fitting by Kumar et al. (2025) and the
estimated results are compared with the SAR images of the
target locations.

2. Materials and study area

The Moon Mineralogy Mapper (M3), one of the Hyperspectral
sensors of Chandrayaan-1 Mission captured lunar images in
Global as well as target modes. The M3 Global data and SAR
data from Mini-RF sensor of Lunar Reconnaissance Orbiter
(LRO) are the prime geospatial data used for the current re-
search. The standard Chemical contents of Ferrous oxide and
Titanium dioxide of the lunar landing sites are also used for
these estimations.

Both of the satellite data sets are freely available in JPL
Planetary Data System (PDS) imaging node. The M3
reflectance data (NASA level 2) and LOC data (NASA level
1B) have been used in the current work (Boardman et al., 2011;
Lundeen et al., 2011). The level 2 reflectance data is Seleno
referenced using the LOC data and is used for the analysis
purpose. The Seleno referenced Reflectance data of the Apollo
and Luna landing sites is used as training data, while that of the
lunar near side Catharina crater is used as testing data. In the
Global and target modes of data acquisition, the sensor captures
lunar images from the orbits of 200 km and 100km respectively.
Target and global modes have a spatial resolution of 70m/pixel
and 140m/pix respectively. The Spectral resolution of the target
mode is 10 nm and that of Global mode is 20nm or 40 nm
respectively. The spectral range of M3 for data acquisition is
from 430nm to 3000nm region of the electromagnetic spectrum.
NASA level 0, NASA level 1B and NASA level 2 are the

This contribution has been peer-reviewed.
https://doi.org/10.5194/isprs-archives-XLVIII-G-2025-1147-2025 | © Author(s) 2025. CC BY 4.0 License. 1147


mailto:ajithpadinharethodi@gmail.com
mailto:shashi@iirs.gov.in
mailto:advaith.ca@iirsddn.ac.in

The International Archives of the Photogrammetry, Remote Sensing and Spatial Information Sciences, Volume XLVIII-G-2025
ISPRS Geospatial Week 2025 “Photogrammetry & Remote Sensing for a Better Tomorrow...”, 6-11 April 2025, Dubai, UAE

available data products of M3 Sensor. The level 0 data is raw
data in Digital Number units, level 1 data is the radiance data
and level 2 is the reflectance data respectively. Band interleaved
by Line and 32 bit floating point are the image and data file
formats of the M3 respectively. Average size of M3 data strip is
2.8 GB (Boardman et al., 2011; Lundeen et al., 2011).

The Mini-RF has acquired data in bistatic mode, a supporting
ground station transmits, and Mini-RF receives the backscat-
tered signal as a function of bistatic angle (Fasset et al., 2023).
The back scattering properties of the crater surfaces are charac-
terized by the mini RF SAR. This instrument operates at S-
(12.6 cm) and X/C-band (4.2 cm) of the electromagnetic spec-
trum and hence a dual-frequency Synthetic Aperture Radar
(SAR). It is comes under the category of Hybrid-polarized SAR.
The two modes of data acquisition of Mini- RF are known as
burst mode and continuous mode. The Burst mode product is
the standard SAR product and continuous mode product is the
interferometry application products (Reid et al., 2010).

An impact basin located in the near side of the lunar surface
with significant geomorphological characteristics is selected as
the study area. It should be easily located from the satellite data
based on its geomorphological characteristics. For the current
study we have selected Catharina crater located in the southern
highlands with central coordinates of 18.00°S and 23.60°E as
the target location.

3. Method of Estimation

Lucey et al. (2000) mapped and estimated lunar surface’s FeO
and TiO2 Chemical contents quantitatively by making use of
Clementine multispectral data and standard chemical contents
of lunar landing sites in accordance with the USGS spectral
library. Kumar and Kumar (2014, 2024) repeatedly recalibrated
this work with hyperspectral data from Moon Mineralogy Map-
per and estimated the lunar chemical contents qualitatively as
well as quantitatively. Support Vector Regression analysis
(SVR) is introduced by Kumar et al. (2025) to enhance the ex-
isting FeO and TiO2 estimation techniques. Murty et al. (2015)
modelled the FeO +TiO2 vertical variations with the regolith
thickness. The present scenario tries to study the variations of
FeO +TiO2 weight percentages of lunar regolith with the total
intensity of the received electromagnetic field (Stokes parame-
ter S1) of the Mini-RF SAR data. The current research is based
on an assumption that the lunar regolith maturation is an ulti-
mate slow process and hence the temporal variations of two
different data sets (M3 Hyperspectral data and Mini RF SAR
data), are comparatively negligible. The Flow diagram of
chemical contents estimation is given in Figurel

LRO Mini RF dtata

Stokes
parameters §1,
§2,85,

Stokes
parameter 81

FeO wt%+ Ti0, wt%

FeO wt%e+ TiD, wt%
vis

Stokes parameter S1

Figure. 1: Flow diagram of Chemical Contents estimation

To execute the current research initially, desired M3 data is
downloaded from the NASA JPL PDS imaging node followed
by data preprocessing has to be done. In this phase spatial
subsetting, geo referencing of the M3 data, desired band
selection, band averaging etc. should be carried out. In the data
processing phase origin optimization, lIron and Titanium
inversion parameter generation for lunar landing sites, FeO and
TiO2 weight percentage equation generation etc. have been
carried out (Kumar and Kumar 2014, 2024). This is the training
phase and after that testing of the model is carried out. Iron and
Titanium inversion parameters are generated for the Catharina
crater the target location, and corresponding weight percentages
are estimated. In the final phase or data post processing phase,
required maps are generated and statistical parameters are
computed (Kumar and Kumar 2014, 2024). lron inversion
parameters for M3 data is given in Eqn. 1

( R950

=—tan* 750
®Fe (R75o —0.08)

—1.18)

@

Where,
R7s0 = Spectral average around 750nm (R730+R750+R770)/3

Reso = Spectral average around 950nm (Roso+Res0+R970)/3
(0.08, 1.18) is Iron inversion spectral constants for M3 data
known as optimized origin.

Similarly Titanium inversion parameters for M3 data is given in
Eqgn. 2

0. - tanl[(% _07)/(Rg-0.07)] @
750

Where Rss and R7so are the spectral reflectance values of
540nm and 750nm respectively and (0.07, 0.71) represents the
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origin or spectral constants of M3 data for TiO2 estimation. The
Spectral constants or origin values correspond to the
combination of a specific sensor, Chemical element, and
standard spectral library used to analyze the reflectance spectra
are to be a constant (Kramer et al., 2011; Kumar and Kumar
2014, 2024: Lucey et al., 2000).

Individual chemical contents of FeO and TiO2 of the Catharina
crater are estimated according to Kumar et al. (2025). With the
estimated M3 origins for FeO and TiO2, Chemical inversion
parameters of the Catherina crater for both of the estimations
are generated. To estimate the chemical contents of target
location, the Catharina crater, Iron and Titanium inversion
parameters of the lunar landing sites in the corresponding
weight percentage equations are replaced with the newly
estimated chemical inversion parameters of the target location.
The Support Vector Regression (SVR) analysis is used for the
FeO and TiO2 weight percentage equation generation and is
implemented with Python programming.

Support Vector Machines (SVM), the big data classifier can be
further extended for regression analysis. The regression problem
tries to find a function that approximates mapping from an input
domain to the real numbers based on systematic training
(Soman et al., 2011). The SVR can be considered as a typical
extension of large margin kernel methods for classification to
the regression analysis. It retains all the properties that charac-
terize maximal margin algorithms of the SVMs. The SVR is a
powerful technique for predictive data analysis with the charac-
teristics of SVM in many areas of applications. Besides the
characteristic properties of SVM, the SVR formulation intro-
duces the concept of loss function, which ignores error that lies
within a distance of the true value (Soman et al., 2011).

FeO and TiO2weight percentage equations are given in Eqn. 3-4
respectively.

FeOwt % = 0.566 x ©2, +11.732 x ® ., —1.592
®

TiO,Wt% =16.171 x ©2 —31.936 x @, +16.061
()

The Composite chemical content (FeO+ TiOz2) of the Catharina
crater is estimated from the individual chemical contents.

Optical wavelengths of the electromagnetic spectrum can be
focused by a lens while that of the microwave region (Imm -
1m) can be focused with an antenna. Imaging radar systems
used for remote sensing purposes are pulsed types. Energy
transmissions of such systems are for a very short interval of
time. Transmitted pulses (energy) interact with the target and
some amount of energy may be backscattered and received by
the antenna (Lush 1999). A pulse repetition frequency maintains
the transmission of pulses and ensures sufficient time for return-
ing the back scatter from far objects before transmitting the next
pulse (Lush 1999). As electromagnetic energy has two compo-
nents ie. electric and magnetic components, the electric field
component becomes oriented vertically, horizontally, or at some
other angles. This orientation of the electric field is known as
polarization (Lush 1999.). Orientation of the transmitted and
backscattered energy can be controlled and may provide 4 dif-
ferent possible polarizations.

HH horizontal transmit and horizontal receive

VV vertical transmit and vertical receive
HV horizontal transmit and vertical receive
VH Vertical transmit and horizontal receive

If the radar system uses four modes of polarization, the radar is
known as qudrature polarimetric or quad pol.

Stokes vector or stokes parameters completely represent a
polarized electromagnetic wave. Gabriel Stokes developed this
method of representation and is enough to describe the
information associated with a polarized wave and is given by
Eqgn.5

s1] [<E, [P +|Ey [*>]
S2 <| EH |2_|Ev |2>

S3| |2Re<E,E, >
S4] |-2Im<E,E; > |

®)

Here S1, S2, S3 and S4 are the four Stokes parameters that
represent total intensity, degree of polarization, phase, etc of the
received electromagnetic wave (Woodhouse 2006). Such an
electromagnetic wave having these four types of information
represents the SAR data in the Current research. En and Ev
represents the received horizontal and vertical components of
the electric field vector respectively. Re and Im represents the
real and imaginary parts of the electric field vector< >
represents ensemble averaging.

The Mini RF Transmits right circular polarized signals only.
But it simultaneously receives Horizontal polarized signals as
well as vertical polarized signals and the phase between the two
polarizations. A level 2 unit pixel data of MiniRF sensor bears 4
types of information that can be represented by 4 Stokes
parameters. The first Stokes parameter S1 represents the total
power or total intensity of the received field or additive
property. The Second Stokes parameter S2 represents the
subtractive property or the difference between the horizontal
and vertical components of polarization of the received
electromagnetic field. This component discriminates the type of
polarization either vertical or horizontal. The third and fourth
Stokes parameters represent the cosine and sine components of
the average phase between the horizontally and vertically
polarized components of the received field respectively (Reid et
al 2010). The third parameter S3 represents the wave nature, ie.
linear, elliptical or circular. Fourth component S4 provides the
information of rotation or handedness (either left handed or
right handed). Out of the 4 Stokes parameters S2, S3 and S4 are
independent parameters, while S1, the total intensity parameter
depends on the other three Stokes parameters.

The Stokes parameters are extracted from the LRO Mini-RF
data. The total intensity component of SAR data or First Stoke
parameter (S1) is plotted against the composite chemical
content.

The entire process is completed in two phases Hyperspectral
phase or simply M3 phase and SAR phase. In the M3 phase,
initially, data pre processing has to be completed, followed by
data processing, which comprises training of the model and
testing of the target location. Finally, data post processing, map
generation, and statistical parameter computation etc. have been
completed. In the SAR phase, Stokes parameters are computed.
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Composite Chemical content extracted in M3 phase is plotted
against the total intensity or first Stoke parameter S1 of the

Mini-RF SAR data extracted in the SAR Phase.

With the standard origins of M3 data for FeO and TiO2

estimations,

analysis. Then the FeO and TiO2 contents of the Catharina crater
are estimated separately. The Composite chemical content of

4. Results

Iron and Titanium inversion parameters are
generated for the Apollo and Luna landing sites using the SVR

the Catharina crater is derived from the individual chemical
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The FeO wt % of the Catharina crater varies from 0.0213-
18.2329. Average FeO wt% is 9.34. The TiO2 wt% varies from
0.2934-13.987. Average TiOz2 wt% is 2.56. Figures 2a and 2b
represent the FeO and TiO2 contents of the Catharina crater.
The Composite Chemical content, FeO wt %+ TiO2 wt% of the
Catharina crater is calculated and is represented in Figure2c.
Stokes total intensity parameter is computed from LRO Mini-
RF data and is given in Figure 2d.

The plot between FeO wt%+ TiO2 wt% and Stokes first
parameter of total intensity, results with a straight line and
establishes a linear relationship between them. The composite
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Figure 2b: TiO2 w1 % map of Catharina crater
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Figure. 2d:. Stokes intensity parameter

Chemical contents and stoke parameter maps of Catharina crater
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Figure.2: Composite chemical content v/s total intensity (Stokes
parameter S1)

5. Discussion conclusions and feature work

The FeO and TiO2 weight percentages of the Catharina crater
are estimated separately and the composite chemical content of
the crater is derived from these individual weight percentages
and analyzed with the Stokes total intensity parameter. The FeO
and TiO2 contents are estimated from M3 hyperspectral data
through SVR analysis between chemical inversion parameters
and standard chemical contents of the lunar landing sites.
NASA level 2 reflectance images of M3 provided spectral
reflectances around 540nm, 750nm, and 950nm regions of the
electromagnetic spectrum for those estimations. The Stokes
parameter S1 represents the total intensity of the received
polarized electromagnetic wave (SAR data). Basically,
reflectance energy was recorded by two different advanced
remote sensing techniques and both of the outcomes show a
linear relationship and hence complementary to each other.
There is a linear relationship between Composite chemical
content and the total intensity of the received field of the lunar
regolith subject to the sensor parameters, spectral library and
chemical inversion parameters. To establish this relation we
require the hyperspectral, SAR data and standard chemical
contents of the lunar landing sites as well as the target locations.
Unfortunately, due to the lack of required data it can be
established in feature subject to the availability of necessary
data. As regolith is the major repository of the information
retrieved from moon, it is essential to estimate its thickness and
chemical composition of the regolith in a feature work. The low
dielectric constant value and desiccated nature of the regolith
allows microwave signals to penetrate into it. So the Lunar
regolith thickness should be estimated from SAR data. The M3
based chemical content estimation, mainly provides the lateral
variations of FeO and TiO: along the lunar regolith while the
vertical variation of FeO and TiO2 wt% should be estimated
from SAR data. Murty et al. (2015) proposed a modelling
technique with SAR data for the same. It can be implemented
with the SVR wt% equations for FeO and TiO2 along with
Suitable SAR data.
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