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Abstract

Raman spectroscopy is a key technique for planetary exploration, providing mineralogical insights
under strict constraints on power, mass, and data transmission. This study applies Principal
Component Analysis (PCA) to Raman imaging data from the Sericho pallasite meteorite, composed
mainly of Mg-rich olivine and Fe-Ni alloy. PCA efficiently reduced the complex dataset to only five
principal components retaining most of the molecular information. Using PCA scores, averaged
Raman spectra were calculated to significantly simplifying spectral interpretation, highlighting
olivine as the dominant mineral and goethite, disordered hematite as well as disordered carbon as
minor phases in the sample. In addition, PCA scores associated with the x-y coordinate of the Raman
image enables identifying distinct mineralogical domains revealing the spatial distribution of iron
oxyhydroxides primarily at interfaces and fractures of the olivine inclusions. Additionally, PCA-
filtered spectra enabled spatially resolved quantification of olivine composition, showing a 5-10%
magnesium enrichment in olivine cores compared to interfaces with iron oxyhydroxides, suggesting
weathering origins of the Fe-Ni alloy. These results demonstrate the strong potential of PCA for data
reduction, visualization, and interpretation of complex Raman datasets, making it a powerful tool for
in situ mineralogical analysis during future robotic or human planetary missions where fast real-time
data processing is key for informed decision-making.

Introduction

Miniaturised Raman instruments have been developed for planetary missions to Mars (e.g.,
SuperCam and SHERLOC on board of NASA’s Mars2020 mission [1-2], and the RLS to be launch
as part of the ESA’s ExoMars mission[3]), to Martian moon Phobos (e.g., RAX as part of the JAXA’s
mission [4]) and to the Moon (NASA’s Artemis and ESA’s ISRU missions [5]), as they can detect
geological materials within the rocky surface, including inorganic molecules and inorganic molecular
ions. On Mars, Raman data can provide important information on the habitability of the planetary
surface environment. In addition to identifying mineralogical compositions, Raman spectroscopy can
also detect organic carbonaceous molecules, including potential biologically derived substances from
extant or extinct organisms (often referred to as biomarkers in astrobiology), or thermally processed
carbonaceous compounds, such as amorphous carbon and kerogens [6].

As a non-destructive and non-invasive technique, Raman spectroscopy has recently started to play a
central role in planetary exploration missions [1-6], particularly in selecting samples for further in-
depth molecular analysis, for instance using mass spectrometry, which is included in the ExoMars
rover payload and capable of detecting trace organics but in a partially destructive process [7]. Raman
spectroscopy has been successfully applied to identify mineral phases in a wide range of space-
analogue materials, including carbonates, silicates (e.g., cherts, igneous rocks, mudstones), iron



oxyhydroxides, and hydrated sulphates [8-11]. In preparation for planetary missions, Raman
instruments are designed within strict power, mass, volume, and data budget constraints. Therefore,
evaluating their detection capabilities within these engineering constraints is essential and to inform
key technical trade-off studies extensive testing must be conducted on terrestrial space-analogue
samples relevant to various planetary scenarios using both laboratory-based and flight-like
spectrometers [8-12].

Raman molecular imaging has emerged as a powerful technique for characterising the variation of
geochemical composition across heterogeneous sample sections, including microstructures such as
mineral grains and inclusions or, in some cases, preserved biomarkers. Visualising local molecular
composition at the interfaces between mineral phases is particularly valuable, as it can reveal
historical changes in the microenvironment of a sample during its formation or subsequent
weathering, both key objectives of future planetary exploration missions. While Raman spectrometers
have been deployed for space missions as discussed above, Raman imagers (i.e., Raman instrument
specifically operated to produce Raman images) had not been proposed for space missions,
particularly due to the challenges associated with the preparation of flat and polished surface of the
samples, the (micro)focussing/collection optics on the sample surfaces, and of storing and
transmitting large data sets to Earth (i.e., which would not comply with the engineering budget
constraints of such robotic missions). Typically, Raman images are constructed by identifying the
intensity of specific Raman signatures (using for instance a colour coded scale) at different x,y
coordinates on the sample surface, requiring the acquisition of hundreds of spectra [13], however,
only a few spectra would comply with the budget requirement. Moreover, in complex heterogeneous
samples, Raman signatures from multiple mineral phases are often observed simultaneously in one
spectrum and frequently overlap, complicating the interpretation of the data [14].

In preparation for future human planetary exploration missions, where trained astronauts will operate
dedicated Raman instruments, simple yet effective data processing methods that can reduce the
complexity or amount of data could enable the integration of Raman imaging into instrument
payloads. The ESA’s PANGAEA training programme is exploring such approaches [15]. In this
context, Principal Component Analysis (PCA) is a readily implementable, unsupervised multivariate
statistical analysis that offers a robust solution for data reduction [16]. PCA transforms the original
correlated spectroscopic variables (i.e., the wavenumbers at which Raman signals are recorded) into
a new set of uncorrelated variables, known as the principal components (PCs). These PCs are
calculated as linear combinations of the initial spectroscopic variables and are arranged so that each
successive PC captures the maximum remaining variability in the dataset, respectively. Because the
PCs are orthogonal to each other, the variability explained by one PC is independent of the variability
explained by the other PCs, allowing for a reduction in data complexity while keeping the most
informative spectroscopic information [17].

In this publication, we discuss the implementation of PCA as a tool to reduce the data set to subset of
a few spectra containing the most relevant molecular information and to identify underlying
molecular signatures associated with minerals present in the olivine inclusions of a sample of the
Sericho meteorite. Furthermore, we used PCA loadings to generate images that reveal the spatial
distribution and co-location of minerals in the sample, comparing these images with conventional
Raman images based on single-band intensity mapping. Finally, by analysing averaged Raman
spectra for olivine-rich regions of interest, we investigate compositional variations in the olivine
inclusions, revealing changes in iron content from the edges to the centre of the inclusions.

Materials and Methods

A polished 4 cm? slice (5 mm thick) of the Sericho meteorite was interrogated. The 2.8 tons Sericho



meteorite was discovered in Kenya near the city of Sericho and was recorded in 2017 as a pallasite,
a stony-iron meteorite constituted of a metallic core of iron and nickel alloy with inclusions of olivine
ranging from 0.5 to 1.5 cm in size (as shown in Figure 1A) [18,19]. Olivine is a solid solution of
forsterite (Mg>Si0O4) and fayalite (Fe2Si04) and the olivine inclusions of the Sericho pallasite have
been reported to contain an average of 87.7% of forsterite [20]. Besides olivine, some minor minerals
were reported for the Sericho pallasite such as merrillite, stanfieldite or troilite.

Raman spectra were recorded using a Labram 300 spectrometer (Horiba), interfaced with a 532.3 nm
DPSS laser (typically delivering between 0.4 and 4 mW of power to the sample for this study to avoid
phase transition of goethite) and a thermoelectrically cooled CCD detector Andor iDus DU401
BRDD. Data were obtained across the 200-2000 cm™' wavenumber offset range, with a spectral
resolution of ~3 cm™!. The laser footprint on the sample was ~4 um in diameter (through an objective
Olympus X50, NA 0.50). All Raman spectra were baseline-corrected using fourth order polynomial
fitting with the LabSpec 5.78 software (Horiba) to remove the autofluorescence background without
removing broad Raman features, especially those associated with distorted carbon.

Principal Component Analysis (PCA) was performed on the Raman images using PAST 4.16
freeware [21], using the correlation matrix. The PCA analysis was conducted after unwrapping the
Raman spectra, meaning that the spatial proximity of pixels where spectra were recorded was not
considered a priori in the computation. To account for variations in intensity due to differences in
Raman cross-sections among mineral phases, all Raman spectra processed by PCA in the images
were normalized to their maximum intensity.

Results and discussion

Microscopic observations of the Sericho pallasite slice revealed that the olivine inclusions were
inhomogeneous, displaying microfractures and micrometric inclusions, as shown in Figure 1. Raman
spectra were obtained for these microstructures and representative Raman spectra from the sample
are shown in Figure 1D. Spectral identification was performed based on the occurrence of
characteristic Raman bands and their relative intensities, relying on reference samples from mineral
collections or, when appropriate reference samples were not available in the laboratory, from open
databases [22]. The data confirmed the presence of Mg-rich olivine (Mg2S104, characteristic bands
at 823 and 855 cm™), goethite (FeO(OH), characteristic bands at 299, 393, and 555 cm™), disordered
carbon (C, characteristic at 1360 and 1600 cm™) and disordered hematite (Fe-Os, characteristic bands
at 292, 410, 500, 610, 660 and 1320 cm™). Disordered hematite is characterized by a broadening of
the Raman signature of crystallised hematite (292, 410, 500, 610 and 1320 cm™') [23], and the
appearance of the band at 660 cm™ due to breaking of the symmetry [24]. The band has also been
attributed to the presence of either magnetite (Fe3O4) or maghemite (Fe2Os), which is an allotrope of
hematite. However, magnetite would require a large amount of magnetite to be observed at 660 cm’!
along hematite or goethite [25], in which case Raman bands at 310 and 540 cm™ would also be
observed [26].
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Figure 1. (4) Micrography of the interface between an olivine inclusion (grey area) showing various
microfractures (white) and the iron-nickel alloy (clear area at the top of the image). (B) Picture of
the olivine inclusions on the Sericho pallasite slice (I cm by 1 cm). (C) Micrography showing
micrometric inclusions in olivine. (D) Representative baseline-corrected Raman spectra recorded for
specific microstructure on the sample surface: (a) Raman spectrum of olivine, (b) Raman spectrum
of goethite, (c) Raman spectrum of disordered hematite and (d) Raman spectrum of carbonaceous
matter (disordered carbon).

The presence of olivine as the main mineral constituent of the inclusions was expected for a pallasite.
Goethite and disordered hematite appear to have formed at the interface with the Fe-Ni alloy, possibly
filling microfractures due to oxidation, leaching and precipitation that might have happened by
weathering process after the Sericho meteorite landing on the Earth surface. These iron oxides were
observed exclusively near the olivine-metal interface. The identification of goethite and disordered
hematite is not as straightforward as the identification of olivine as their Raman cross-sections are
lower, and their Raman signals are partially absorbed before reaching the collection lens, decreasing
the signal-to-noise ratio. Consequently, relative Raman intensities varied depending on the sample
location, as shown in Figure 2. In addition, the Raman signatures of goethite and disordered hematite
often appeared overlapped. In some spectra, only the broad 610-660 cm™ and 1300 cm™ bands of
disordered hematite were readily observed.

Raman Intensity

700 750 800 850 900 950 1000 200 400 600 800 1000 200 400 600 800 1000

Wavenumber / cm Wavenumber / cm Wavenumber / cm



Figure 2. Raman spectra recorded randomly and attributed to (A) olivine, (B) goethite and (C)
disordered hematite, sometimes overlapped with goethite (top two spectra).

Disordered carbon was detected in a few black areas on the sample surface, as shown in Figure 3A.
Raman imaging was performed on the blue framed region of interest highlighted in Figure 3A, and
Raman images were generated by tracking the intensity of signals associated with carbon (Figure 3C),
goethite (Figure 3D) and olivine (Figure 3E). The specific Raman bands used to generate these images
are shown in Figure 3B. The Raman signature of disordered carbon was always found in association
with goethite/disordered hematite, though goethite was not necessarily associated with disordered
carbon. Here again, goethite appears to fill the microfractures observed in the olivine. The origin of
the disordered carbon remains uncertain. It could be exogenous, introduced as contamination during
sample slicing and polishing or due to weathering before its official retrieval in 2016. Alternatively,
it could be endogenous, representing organic material trapped within the pallasite during its formation
and subsequently thermally processed upon atmospheric entry.
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Figure 3. (A) Micrography of a region of interest where black areas were observed. (B) Raman
spectra of (a) olivine, (b) goethite and (c) disordered carbon in the region of interest shown in (A).
(C)(D)(C) Raman images associated to the presence of goethite, olivine and disordered carbon
respectively. These images were generated for the signals in the spectra region in green (340-440
em™), blue (790-900 cm™) and red (1200-1700 cm™') shown in (B) respectively.

Figure 4A shows a region of interest that appears more complex than the one shown in Figure 3A:
while Figure 3A displays large monophasic domains, Figure 4A reveals multiple micrometric
inclusions. These inclusions are comparable in size to the laser footprint at the surface of the sample
(~ 4pm in diameter), which defines the pixel size of the Raman image; due to the size of the excitation
spot, the laser likely interrogated several mineral phases at the same time, leading to overlapping
signals. Moreover, as the relative intensities of the Raman signatures of each mineral can vary,
artifacts were potentially introduced into the Raman images that were generated. A total of 1200
spectra were acquired from a 0.2 mm? region on the surface. Based on the Raman signal only (i.e.
without referring to the context image), regions of interest can be defined by the operator by screening
the average spectrum (Figure 4F) with a cursor and see if different area of the image is highlighted
for specific wavenumbers or specific ranges of wavenumbers. Doing so, four Raman images were



generated by tracing the signal intensity within specific wavenumber ranges: between 805 and 890
cm’!, where the two characteristic bands of olivine are observed (Figure 4B); between 340 and 440
cm’!, where the more intense characteristic band of goethite is observed (Figure 4C); between 600
and 780 cm™!, where the most intense characteristic bands of disordered hematite are observed (Figure
4D); and between 450 and 600 cm™!, where the characteristic bands of goethite and disordered
hematite strongly overlap (Figure 4E). Olivine, whose Raman signals do not overlap with those of
the other minerals in the sample, is clearly the dominant constituent of the inclusions in the Sericho
pallasite (Figure 4B). The main constituent of the other part of the inclusion is goethite (Figure 4C),
with some occurrence of disordered hematite, especially in contact with the olivine (Figure 4D). The
last Raman image (Figure 4E) indicates that the interface layer between the Fe-Ni alloy and the olivine
(~40 pum thick) is dominated by oxyhydroxides of iron. However, due to the strong spectral overlap
in the 450—600 cm™! range, it is not possible to distinguish between the three specific mineral phases
that contribute to the Raman signal.
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Figure 4. (4) Micrography of the region of interest for Raman imaging at the interface between an
olivine inclusion and the iron-nickel alloy, showing various microfractures and micrometric
inclusions. (B-E) Raman images obtained by following the normalised intensity between 805 and 890
cm™ (B), 340-440 cm™ (C), 600-780 cm™ (D) and 450-600 cm™ (E). (F) Average spectrum obtained
from the 1200 spectra of the Raman image showing in grey the range of wavenumbers for which the
Raman images were generated.

Generating these images requires a clear understanding of the expected mineralogy of the interrogated
sample to define the wavenumber ranges of interest. Although the sample examined here is relatively
simple (i.e., consisting of only four major constituents), producing these Raman images without that
prior mineralogical knowledge would require the acquisition of a very significant number of
individual spectra to form the Raman images. Alternatively, examination of the average spectrum
would need to be performed wavenumber by wavenumber to identify regions of interest in imaging



mode, an approach that is time-consuming. While this level of manual interpretation is feasible in a
laboratory setting, it becomes impractical for rapid Raman imaging in the field, whether on Earth or
during planetary surface mission operations. A more efficient data processing strategy is therefore
necessary. In the following section, we explore the same dataset (1200 spectra recorded every 4 pm
in the x and y directions on the region of interest shown in Figure 4A), using unsupervised principal
component analysis (PCA) to facilitate data interpretation.

The data set was unwrapped, meaning that the 1200 spectra were treated as individual, unrelated
spectra, and the spatial coordinates associated with each spectrum were not included as input for the
PCA. To account for variations in relative intensity among mineral phases, all Raman spectra were
normalised, and the PCA was performed relying on the correlation matrix. The analysis was
performed within a few seconds on a standard office laptop and produced two key outputs: the
loadings and the scores. The loadings describe the relationship between the original spectroscopic
variables (wavenumbers) and the principal components (PCs), which are built as linear combinations
of these original variables. The scores represent the projection of each spectrum onto the PCs,
defining a new space where spectra are distributed according to their similarities and differences
(spectra with similar values on the PCs will be closer to each other in terms of signal profiles). The
first five PCs accounted for 73% of the total spectral variability in the dataset, with their respective
scores and loadings (correlation) shown in Figure 5. The remaining PCs each contributed less than
2% of the total variance and were therefore disregarded in the subsequent discussion. The scores of
the first five PCs allowed the identification of five distinct regions of interest, as illustrated in Figure
5. The scores indicate the contribution of each PC to the spectrum recorded at each pixel, with
stronger coloration (assigned in the x-y coordinate of the associated spectrum in the initial Raman
image) representing a higher contribution. The loadings help interpret how the spectroscopic variables
influence the principal components. However, because the PCA was performed on the correlation
matrix, all coefficients fall between -1 (strong anti-correlation) and 1 (strong correlation), making
direct recognition of Raman spectral features less straightforward. To simplify the interpretation,
pixels with similar scores (i.e. we used the PCA scores as a filter) were grouped, and their respective
spectra were averaged, yielding five representative Raman spectra, as shown in Figure 5.
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Figure 5. Results of the Principal Component analysis (PCA) performed on the Raman image data
set collected for the region of interest shown in Figure 4A. The columns correspond to the results
associated to the first principal components (PC) accounting for more than 70% of the variability of
the data set. (A) The score images obtained by reporting the scores associated with each PC at each
coordinate (pixel) of the image. (B) The PCA loadings associated with each PC as calculated from
the correlation matrix. (C) The average Raman spectra calculated from the Raman spectra associated
with a score up to 0.7 (correlation) or lower than (anti-correlation) -0.7. (D) The forsterite (M2:SiOy)
molar fraction in the olivine for each region of interest defined by PCI, PC2, PC3 and PC5 applying
the quantitative model based on the band position developed by Mouri at al. [19].

The average Raman spectrum associated with PC2 (explaining 26% of the variance of the signal in
the image) corresponds to olivine, and the PC2 image confirms that olivine is the main mineral in the
inclusions. The PC2 image in Figure 5 closely resembles the Raman image in Figure 4B. Then, the
average spectra associated with PC1 and PC5 (explaining 54 and 2% of the variance of the signal in
the image respectively) are similar, both present the signatures of olivine and goethite, but with
different intensity ratio. Interestingly, the PC1 image reveal that the goethite signal is especially
higher along a fine layer at the olivine interface. The broad signal between 1200 and 1400 cm’
observed with the 660 cm™ broad band in the average spectrum associated to PC5 also indicates that
disordered hematite can be associated with goethite and olivine. While the PC5 image suggests that
iron oxyhydroxides are present inside the olivine inclusion. Their Raman signatures are anti-
correlated with PCS, meaning that a decrease in the PC5 score corresponds to an increase in the
spectral contribution of goethite and disordered hematite. This indicates that goethite and disordered
hematite are primarily located in fractures within the olivine inclusion and in the outermost part of
the inclusion at the interface with the alloy. Also, the average spectrum of PC4 (explaining 2% of the
variance of the signal in the image) is dominated by the Raman signatures of goethite with minor
contribution of disordered hematite (broad band at 660 cm™) and even less contribution of olivine.
As shown in the PC4 image, the goethite is primarily located in the interface layer between the olivine
core of the inclusion and the iron-nickel alloy. Finally, the average Raman spectrum associated with
PC3 (explaining 4% of the variance of the signal in the image), corresponds to disordered hematite,
with a contribution of olivine. The PC3 score image suggests that this mineral is concentrated in the
central region of the iron oxyhydroxide layer. This region of interest aligns with the small dark-grey
micrometric inclusions visible in the upper part of Figure 4A (context image).

Thus, the PCA analysis highlights that olivine (PC2) is the only statistically isolated mineral phase in
the dataset. Goethite is either associated with olivine (PC1 and PC5) or disordered hematite (PC4),
suggesting that iron oxyhydroxide formation is closely linked to olivine, which is separated from the
Fe-Ni alloy by these minerals. Additionally, disordered hematite appears to be localised within
micrometric olivine inclusions embedded in the iron oxyhydroxide layer between the inner olivine
inclusion core and the Fe-Ni alloy.

Although PCA was used here to generate five Raman images, it is important to note that the analysis
treated all spectra as randomly distributed. If the microstructure of the sample is not of interest to the
operator, PCA can be applied only to reduce the dataset into a smaller subset of spectra while retaining
the key spectral information. These results demonstrate that PCA effectively reduced the dataset from
1200 spectra to only five representative spectra, significantly minimizing the volume of data that
would need to be transferred if PCA were applied by an astronaut during a planetary mission for
Instance.

Finally, using the Raman spectra filtered through PCA scores, we estimated the forsterite (Mg2Si04)
content of olivine in each region of interest where olivine was detected (i.e., associated with PC1,
PC2, PC3, and PC5). The composition of olivine, which reflects the conditions under which it formed



and the influence of minerals they are associated with, can be determined based on the position of the
x; band around 823 cm™ [27]. By applying equation (1), where Fo is the forsterite (MgzSiO4) molar
fraction in the olivine, and x; the position of the band, we obtained the values reported in Figure 5.
These values are consistent with previously reported bulk analyses for the Sericho pallasite. However,
our approach allows for spatially resolved characterisation of the olivine composition within the
inclusion: the olivine is 5-10 % richer in magnesium at the centre of the inclusions than at the interface
with the Fe-Ni alloy, where it is associated with iron oxyhydroxides. This observation has not been
previously reported. As we observed here that the olivine associated with the iron oxyhydroxide
formations in depleted in magnesium (i.e., richer in iron), it seems that the oxyhydroxide formations
are originating to weathering of the iron-nickel alloy instead of the olivine inclusion.

Fo=-610.65+1.3981 x; — 0.00079869 x;° (Eq. 1)

Conclusion

This study illustrates the efficiency of Principal Component Analysis (PCA) in processing Raman
data for planetary exploration, condensing extensive datasets (here more than a thousand of spectra)
into a subset of a few spectra, while retaining the essential mineralogical information. PCA is a
practical tool for future robotic and human-led planetary exploration programs where data budgets
are limited. Applied to the mineralogical characterisation of Sericho pallasite meteorite, PCA
successfully identified olivine as the dominant phase and distinguished intricate iron oxyhydroxide
formations at the olivine-metal interface. Integrating such data reduction methodologies into
planetary mission training programs and payloads could facilitate more efficient in-situ analyses,
improving sample selection for further interrogation using complementary techniques such as mass
spectrometry. Moreover, in the context of Raman imaging, our results confirm that PCA enriches
unsupervised Raman imaging interpretation. Using PCA scores as a filter allows rapid visualisation
of mineral distributions and compositional variations, without necessitating extensive manual
analysis. The polished section of Sericho pallasite constitutes an interesting training sample for future
astronauts as part of the ESA’s PANGAEA, even though current planetary missions are not aiming
at interrogating flat polished sample surface.
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