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Introduction

Micro-SORS and machine learning for the non-
invasive reference-free study of subsurface
pigment degradation

*¥abc 3 Schlanz, (99 A Botteon,? L. Monico,
® and P. Strobbia [ *°

A. Lux, € P. Matousek, (2 ¢

R. 1. Dima,® C. Conti

In this study, we present the development of micro-spatially offset Raman spectroscopy (micro-SORS)
methods and data analysis routines for the study of pigment degradation processes in the cultural heri-
tage field, exploiting micro-SORS ability to non-invasively investigate the inner portions of turbid
materials. The purpose of the study is to demonstrate an automated reference-free method to visualize
through micro-SORS mapping the distribution of degradation both on and below the surface. The need
arises from the handling of large datasets provided by micro-SORS mapping, which are often trouble-
some to analyse manually and usually require prior knowledge of the sample composition. Unaged and
artificially aged painted mock-up samples were analysed with micro-SORS mapping, and conventional
map
Representative features in the micro-SORS spectra, able to distinguish unaltered pigments and degra-

reconstruction was compared with both supervised and unsupervised learning methods.
dation products, were automatically selected through machine learning techniques, revealing hidden pat-
terns and correlations. Through the important spectral features (wavenumbers) and clustering analysis,
quantitative micro-SORS degradation maps were created to identify degradation patterns also below the
sample surface. Unlike previous studies that only use supervised or unsupervised learning, both are com-
bined in this study to ensure the relevance of the selected spectral features and discover correlations
among spectra through clustering techniques. This approach can be valid also for other scientific fields,
such as forensic or biomedical, where data visualization and pattern identification are essential.

materials thanks to a physical separation between the collec-
tion and excitation spots.® Since photons generated from deep

Non-invasive analyses have become a necessity in many fields,
as the possibility of avoiding damage or alteration to the ana-
lysed sample is particularly relevant for biomedical, forensics
or heritage science applications. Spatially Offset Raman
Spectroscopy ~ (SORS),'™ among other non-invasive
techniques™® based on vibrational spectroscopy, is a powerful
method to obtain non-invasive information of the subsurface
molecular composition of optically turbid samples. It is able
to retrieve deep Raman photons from the inner part of
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scattering events are more likely to travel further sideways than
surface photons, they can be collected at a different portion of
the sample surface away from the illumination area.® This can
also be achieved in a defocusing setting, which means collect-
ing spectra while gradually moving away from the sample
surface. The overall intensity collected by the detection system
decreases as the offset (or defocusing step) increases: however,
the top layer signal decays more rapidly compared to the
bottom layer, thus allowing the evaluation of the composition
of the inner portions.

Micro-SORS”™® is a variant that couples SORS with
microscopy, allowing a higher spatial resolution at the micro-
metre scale. Initially developed for cultural heritage
applications,’®™? it has rapidly expanded to other fields."*™*
This technique is most suitable in heritage science, as samples
are often precious artwork that require non-invasive measure-
ments and possess complex structures, often comprising
micrometre layers. Degradation processes in polychrome cul-
tural heritage objects usually consist of environmental weath-
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ering, resulting in diffusion of by-products within the original
materials. They are typically challenging not only to prevent
but also to study and mitigate, as they often involve heterogen-
eity of various types (i.e., morphological or compositional),
which render local point measurements unreliable to evaluate
the overall extent of the degradation. In this scenario, imaging
and mapping techniques permit the investigation to relatively
large areas, providing a visualization tool to estimate the distri-
bution of a certain compound. Micro-SORS coupled with
mapping techniques extends the non-invasive visualization of
degradation to the inner parts of the sample, providing Raman
maps at different depths.

Moreover, multiple unknown degradation substances can
be found during the investigation, which could create complex
composite signals that greatly differ from literature references.
Identifying and labelling correctly all characteristic bands can
be even more demanding with large datasets, as we obtain in
case of micro-SORS maps. In this case, machine learning can
be very helpful, as it is able to identify hidden patterns and
relationships among spectral features (in our case, we mostly
consider wavenumbers) that a visual examination would likely
miss. Machine learning techniques aid in pinpointing
complex patterns that indicate subtle changes in material com-
position, which could be hidden by conventional data analysis
methods. These methods are also able to effectively identify
and classify correct categories of previously established labels,
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paving the way for the automatic definition of the analysed
sample.

Machine learning has already been applied to cultural heri-
tage for many purposes,'®'” including automated annotation
for metadata completion,'® data structuring in geomatics,'®
automated trend detection for archaeological site discovery
and preservation,” digital restoration of paintings,*" original
colour palette reconstruction®® and assessment and 3D
mapping of decay evidence in archaeological structures.?*** In
this study, we present for the first time the coupling between
micro-SORS mapping and machine learning techniques to
create an automated and reference-free method able to dis-
tinguish the extent and stratigraphy of degraded and intact
pigment. Unlike previous studies,”® we employed a combi-
nation of unsupervised and supervised learning to validate the
results.

Workflow

To demonstrate the proposed reference-free method to create
the Raman maps representing the extent of degradation, we
studied a pair of aged and unaged samples for two pigments,
with unaged being the intact material and the aged being sub-
jected to an artificial aging protocol. The samples have been
analysed with three methods, as a step-by-step validation for
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Fig. 1 Overview of the proposed methodology.
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the use of machine learning to achieve reference-free degra-
dation maps. In brief, the aged/unaged samples are first evalu-
ated using maps that are based on known degradation-specific
bands, retrieved from literature. Then, these characteristic
bands are identified by a supervised machine learning analysis
of differences between aged and unaged: therefore, the prior
knowledge is given by the unaged sample itself. Finally, we
focus on the aged sample only (no reference) and used the
micro-SORS data to obtain the important features/bands. This
process was first performed via supervised machine learning
to validate and tune the model to separate pigments by degra-
dation, followed by unsupervised learning to quantify degra-
dation. Through a sufficient amount of algorithm tuning, the
third part is fully capable of generating reference-free degra-
dation map from micro-SORS data. Importantly, the combi-
nation of supervised and unsupervised learning is needed due
to the absence of a clear reference. This specific workflow is
shown below in Fig. 1 and discuss in further detail below.

The first part (Part 1) consisted in the collection of the
micro-SORS maps of both aged and unaged samples, followed
by the experimental micro-SORS map reconstruction via an in-
house developed script. The maps were reconstructed by plot-
ting the ratio of the intensities of the Raman bands representa-
tive of degradation (numerator) and of the intact material
(denominator). Although this is an easily implemented tool, it
requires prior knowledge of the sample to select the correct
Raman bands. The second part (Part 2) exploits machine
learning via supervised analysis of the surface of the unaged
and aged samples. It compares the differences of their surface
spectra, automatically providing the representative spectral fea-
tures (as wavenumbers of key Raman bands) able to identify
degradation and removing the need of retrieving them from lit-
erature. Using the supervised analysis on well-distinguished
and labelled unaged and aged spectra allows the verification
that the method can correctly identify differences between
Raman spectra. However, in a real case scenario it is very un-
likely to have access to the unaged counterpart of the sample
to compare with the altered one. To address this issue, in the
third part (Part 3) we applied the same supervised machine
learning method (automatic identification of the relevant spec-
tral features) to the subsurface micro-SORS datasets (defocus-
ing steps), considering that the innermost portions of the
sample are statistically more similar to the intact material
than the surface ones. Therefore, the representative spectral
features are selected through a comparison between the
surface and the deepest micro-SORS map. However, because
sub-surface degradation is not linear and not easy to parse, the
supervised-feature model struggled to distinguish between
different defocusing steps. Unsupervised learning was used to
identify outliers and cluster together similar spectra in order
to confirm the features associated with degradation and to
build a model to output degradation level. The model was
used to quantitatively map relative degradation. To demon-
strate the accuracy of this process (Part 3), we compared the
obtained features and the resulting maps with the ones
obtained from Part 1. The specific workflow is shown in Fig. 1.
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Materials and methods
Samples

Both sets of samples have been created in pairs on 25 x 25 mm
squared PTFE supports, and then one element of the pair was
subjected to an aging process (UVA visible light - A > 320 nm,
irradiance ~10° pW cm™2, RH > 95%, T = 40-45 °C, 23-26
days). The first pair of samples contained red lead (Pb;0,), a
bright red-orange pigment, mixed with linseed oil, using a 4: 1
pigment-to-binder weight ratio (Fig. 2a). To reflect the histori-
cal use of orpiment across various binding media from
Antiquity through the 17" century,®*® the second set of
samples was made up of orpiment (a-As,S;) mixed with Arabic
gum in a 2: 1 weight ratio of pigment to binder (Fig. 2b). More
specifically, while arsenic sulphide was traditionally mixed
with gum Arabic in Ancient Egypt,* it appears in combination
with linseed oil in various 17" century paintings.?”?® The
sample comprising orpiment and linseed oil was prepared as
well, but it revealed to be exceedingly fluorescent to obtain sat-
isfactory results, and therefore we only kept the orpiment
mixed with Arabic gum. Although this approach introduces
additional variability among the samples (different binders for
the two pigments), the use of diverse mock-ups enabled us to
test the methodology on historically different systems, allowing
the evaluation of its effectiveness across multiple scenarios.
We chose these pigments because they are frequently used
in polychrome cultural heritage objects since antiquity, and
are known to undergo chemical transformations when
exposed to different environmental conditions of light and
humidity, a phenomenon well-documented in literature.>®573?
Moreover, the aged samples presented different intricacies: the
signal coming from the first one is strongly shielded by fluo-
rescence, whereas spectra of the second sample present
signals of multiple degradation products. Moreover, visual
examination of the optical images (Fig. S1 and S2 in the SI)
indicates that the two pigments have different degradation pro-
cesses, which results in different spatial features: red lead
shows heterogeneous degradation, with particularly affected

Fig. 2 Pictures of (a) red lead and (b) orpiment paint mock-ups before
(top) and after artificial aging (bottom).
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regions, whereas orpiment shows degradation spread over the
whole surface.

Although two pairs of samples were analysed to have a solid
basis to validate our method, for the sake of clarity and read-
ability we chose to keep the orpiment sample in the main text,
given its intrinsic complexity in terms of multiple degradation
products, and the red lead sample in the SI. In any case, the
analytical procedure is the same for both samples.

Micro-SORS protocol

The micro-SORS instrument is a Renishaw InVia Qontor proto-
type specifically adapted for micro-SORS measurements.’ The
instrument features a Renishaw CTX-1024A256-FDU Peltier
cooled (-70 °C) NIR enhanced CCD camera, with a pixel
dimension of 26 x 26 ym?, and provides a spectral resolution
of 1-2 em™". A 785 nm excitation wavelength and x20 micro-
scope objective were used. Micro-SORS maps were acquired
using the defocusing micro-SORS variant which consists in
subsequent measurements at gradually incremented distances
between the sample surface and the microscope objective:
first, an optical image of the samples was acquired (Fig. S1
and S2), over which we collected 507 spectra for each map,
arrayed in a 39 x 13 grid over a 4256 x 1320 pm? optical image.
Therefore, the analyses began by collecting an array of spectra
on both the aged and unaged samples to generate Raman
maps of the surface and subsurface levels. Four different defo-
cusing depths were selected starting from the surface (0 pm
defocusing distance, or ‘imaged’). The defocusing steps for red
lead samples were 75, 150, 225 and 300 pm; those of orpiment
samples were 100, 200, 300 and 400 pm. The different choice
in the defocusing steps was dictated by the different behaviour
of the two samples: red lead signal drastically reduced after
few defocusing steps, most likely due to stronger absorption,
thus suggesting slightly shallower analyses; orpiment instead
shows very efficient scattering even at high defocusing depth.
The amount of defocusing steps was chosen balancing two
factors: on one side, the number of probed depths has to be
sufficiently high to be representative; on the other side it is
important to select the correct spacing among defocusing
steps to observe appreciable spectral differences. Since too
many defocusing steps also create extremely large datasets that
complicate the analyses, the number of defocusing steps was
limited to five. In the case of red lead, we employed 0.5 mW
laser power, with an integration time set to 20 s (0.5 s acqui-
sition for 40 accumulations). For orpiment, 0.05 mW laser
power was used, along with an integration time of 30 s (3 s
acquisition for 10 accumulations). The spectral range of acqui-
sition was set to 100-1350 cm™?, since all their characteristic
Raman bands fall within this range. All spectra were collected
through WiRe software. In case of the orpiment sample and of
the unaged red lead sample, the baseline correction was per-
formed directly through the WiRe software (Intelligent Fitting,
a polynomial-based algorithm); the aged red lead sample was
extremely fluorescent and required a more precise approach,
for which we used the SNIP algorithm®® via an in-house devel-
oped script. Given the extremely high scattering efficiency of
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the orpiment pigment, the background contribution in the
raw spectra was already minimal, and baseline correction had
little effect on the final spectra.

The reconstruction of the Raman maps in Part 1 has been
achieved via an in-house developed Python script, which was
preferred from the automatic reconstruction provided by the
WiRe software in order to have greater versatility and manipu-
lation over the outcomes. The representative bands of the com-
pounds of interest have been selected from literature, and an
intensity ratio between these has been calculated for each
spectrum in the map. The intensity ratios were then normal-
ised to the highest one among all maps, creating an array of
comparable values. These values were then plotted, creating
an experimental heatmap that provides a visualization of the
distribution and extent of decay product. It is important to
notice that the spatial distribution of various pigments in the
aged and unaged samples cannot be compared, since these
were created separately, as mentioned before. Thus, they
should be considered as individual samples, and comparison
should be made only on the intensity of the signals of interest
at a certain defocusing step.

Machine learning protocol

Micro-SORS spectra were characterized using supervised
machine learning with the Pycaret library.** The purpose of
the model in Part 2 was to distinguish between the surface
(0 pm defocusing step) of the unaged and aged samples using
their Raman spectral differences. The datasets were pre-pro-
cessed using baseline correction and normalization made via
an in-house developed script or through the WiRe instrument
software. Each spectrum in the red lead sample dataset pre-
sented 807 wavenumber values (features) ranging from
119-1099 cm™ ', whereas orpiment sample comprised 232 fea-
tures ranging from 150-450 cm™". In case of orpiment, shifts
below 150 cm™" were dropped to remove instrumental noise.
Ten spectra chosen randomly from the unaged and aged data-
sets were kept aside as a holdout dataset to be used for the
validation of the model. In order to prevent overfitting, the
number of features was reduced through the feature selection
methods described in the SI, only completed on the training
set. The 3 remaining features for red lead and the 5 remaining
features for orpiment were used to create the binary classifi-
cation models to correctly classify aged and unaged spectra.
The tuned and original Extra Trees Classifiers were chosen as
described in the SI for red lead and orpiment, respectively.
SHapley Additive exPlanations (SHAP) plots were created to
analyse the model outputs.® The model also predicted the
labels (Unaged or Aged) of the holdout dataset. A confusion
matrix was calculated to test the validity of the final model.
Unsupervised learning using clustering was completed on
all the data (including the holdout set) with 3 features for red
lead and 5 features for orpiment to separate the unaged and
aged samples based on degradation. Different methods,
metrics, and cluster numbers were compared, but Euclidean
and ward were selected with 11 and 9 clusters, respectively,
relying on the Calinski-Harabasz, Silhouette, and Davies

This journal is © The Royal Society of Chemistry 2026
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Bouldin scores (Fig. S3). Features present in the peak used to
normalize the data were not analysed further. Based on the
intensities of the features (3 and 5) for each sample and the
minimum and maximum average intensities across the clus-
ters for each feature, the percentages of relative degradation
were calculated and discussed in the SI.

Using similar methods and parameters as above, a multi-
classification machine learning model was created for Part 3 to
characterize the aged spectra from the 5 defocusing steps for
each sample and to estimate the amount of degradation in the
red lead and orpiment samples. The spectra were labelled with
classes ranging from 0-4. The surface was labelled as class 0
and the largest defocusing step was labelled as class 4. After
keeping aside 10 spectra from each class as a holdout set, the
data consisted of 497 spectra from each class with 807 features
ranging from 118-1100 cm ™" for red lead and 497 spectra from
each class with 232 features ranging from 150-450 cm™" for
orpiment. Feature selection was completed using the training
set as described previously. Tuned Linear Regression was
chosen for red lead and tuned Light Gradient Boosting
Machine classifier was chosen for orpiment as discussed in
the SI. To analyse the outputs of the final model and deter-
mine the most important features, SHAP plots were created.
The accuracy values were low due to the heterogeneity of each
class, so the classes were further investigated using unsuper-
vised learning.

Unsupervised learning using similar methods as above was
completed on the defocusing step data with the 3 selected fea-
tures for red lead and the 21 selected features for orpiment to
separate the classes based on intensity and features that
correspond to intact and degraded pigments. The percent
degradation was also calculated as discussed in the SI. In the
following sections, the surface and defocusing steps are
referred to as classes, whereas the Raman bands associated
with the degradation products will be named degradation
peaks or degradation bands.

Results and discussion
Orpiment

Orpiment (a-As,S;) has a strong Raman scattering cross
section intensity, with the main characteristic bands at 354,
311 and 294 cm ™" (Fig. 3). These Raman bands correspond to
the different vibrational transitions: the ones localized around
300-400 cm ™" are related to the As-S bond stretching, whereas
those that fall around 200 cm™' are assigned to S-As-S
bending modes. It is very common that the pigment powders
can include other very similar compounds, such as other
arsenic sulphides like realgar (As,S,), which has been found in
the samples. Realgar can be clearly distinguished from orpi-
ment through the bands at 220, 192 and 182 cm™" (corres-
ponding to As-As stretching vibrations) while the main peaks
are strongly overlapped (355 and 354 cm™", respectively).>®™*®
Interestingly, other compounds have been found in the intact
sample: arsenolite (As,O;) with bands at 370 and 269 cm™,

This journal is © The Royal Society of Chemistry 2026

View Article Online

Paper
Reference spectra - orpiment (sample B)
355 —— orpiment
511 354 —— arsenolite
realgar

—— pararealgar

2
2
§ 343
£ 346

79

100 200 300 400 500 600
Wavenumbers [cm™!]

—

Fig. 3 Reference spectra of orpiment.

and pararealgar (As,S,) which can be distinguished through its
intense band at 232 ecm™; the first one forms from the oxi-
dation of both realgar and pararealgar, whereas the latter is
due to the light-induced transformation of realgar.””*”*** This
confirms the high reactivity possessed by these pigments. In
Fig. 4 the complete set of surface spectra of aged and unaged
orpiment is shown (the rest are shown in Fig. S31). Realgar
bands appear only in the unaged datasets, possibly indicating
that after the aging process any trace of this pigment was
transformed into pararealgar and then arsenolite (since para-
realgar signal in the aged dataset is almost absent). In
fact, arsenolite, clearly visible at 269 cm™", was the primary
degradation product for the aged sample. It is worth noting
that the orpiment signal at 354 cm™" is on average less intense
in the aged sample, since it was in part transformed into
arsenolite.

les Averages (def0)
— Aged
25 — Unaged
2.0
215
0
=
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Fig. 4 Full set of surface spectra and their averages of both the aged
and unaged orpiment.
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Orpiment - Part 1. Micro-SORS measurements and
experimental maps

In order to reconstruct the micro-SORS maps, we employed
the secondary characteristic band of orpiment (311 cm™ as
the primary; 354 cm™" is too close to the primary realgar band)
as the denominator of the intensity ratio, since it identifies the
intact pigment. As numerator, to account for the multiple
degradation products in the sample, we employed different
Raman bands for each map. More specifically, in case of
arsenolite, we chose the band at 269 cm™" since the primary
one (370 cm™') is partially overlapped to the main band of
orpiment, rendering its analysis troublesome. The arsenolite
maps are shown below in Fig. 5, whereas the others (mostly
discussing pararealgar and realgar presence) are shown in
Fig. S32 and S33.

Starting from the right panels (Fig. 5b), the presence of
arsenolite in the aged sample is straightforward on the surface
map, and the ratio decreases as the defocusing increases. It
appears that from the second defocusing step the amount of
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degradation reaches a plateau, as the intensity ratios vary less
than before. This could possibly indicate that the penetration
depth of the transformation of orpiment into arsenolite is rather
shallow, and most is concentrated on the surface. In the case of
the unaged sample, the left panels (Fig. 5a) also provide an
expected result, since overall the presence of arsenolite is lower
than in the aged sample. However, a very bright pixel is found at
the second defocusing step, possibly indicating the presence of
a cluster of arsenolite beneath the surface. It is quite particular
to find a cluster of degraded substance within the material
without having any hint of it on the surface: it is possible that
during the defocusing measurement, the enlarging laser spot
illuminated a cluster of degradation products on the surface,
and it incorrectly assigned it to the 200 defocusing step. A more
thorough investigation on this matter is presented in the SI.

Orpiment - Part 2. Unaged vs. aged orpiment (surface)

Supervised machine learning. The five features selected to
compare the unaged and aged spectra - 368, 330, 292, 269,

Unaged Aged
a) Arsenolite vs orpiment - def0 b) Arsenolite vs orpiment - def0
0 n 0 =] - - 71.0000
2 2
4 4
> 6 > 6
8 8
10 0.2499
12 0.0449 12 0.0273
0 Arsenolite vs orpiment - def100 . 5 Arsenolite vs orpiment - def100 .
2 2
4 4
-~ 6 > 6 0.5580
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X

Fig. 5 Micro-SORS maps of the (a) unaged (left panels) and (b) aged (right panels) orpiment, plotting arsenolite vs. orpiment. The values of the col-
orbars indicate the maximum and minimum of each individual level with respect to the general scale.
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Fig. 6 The average unaged and aged spectra with the five selected fea-
tures denoted as red stars.

and 192 - are displayed in Fig. 6. Feature 292 corresponds to
orpiment, and features 368 and 269 represent the degradation
product, arsenolite. Feature 192 captures peaks corresponding
to the intact realgar pigment. Using feature selection, features
368 and 269 corresponding to the degraded product arsenolite
are automatically selected even when multiple intact and
degradation peaks are present. The SHAP plot in Fig. S35a
shows that feature 330 has the greatest impact on the model
output. Interestingly, feature 330 does not correspond to an
actual Raman band, but to a difference in the background
signal between peaks 311 and 354. The difference is most
likely stemming from the aging process, since the applied
baseline removal was the same for both datasets. Although it
is not clear as to how the aging process created this variation,
this is particularly relevant, because only machine learning
could pick up such a spectral difference and employ it to dis-
tinguish between the aged and unaged spectra, whereas a
manual inspection would have probably ignored it. Including
feature 330 along with the four other selected features also
allows the Extra Trees model to correctly classify the 10
unaged and 10 aged spectra from the holdout dataset, as
shown in the confusion matrix in Fig. S35b. Therefore, feature
selection with machine learning can be used to identify impor-
tant features and their corresponding compounds among the
unaged and aged orpiment spectra.

Unsupervised learning. Unsupervised learning is used to
further investigate the degradation across the surface of each
orpiment sample. The average spectra for the nine clusters are
shown in Fig. S36a, and it shows the presence of orpiment,
arsenolite, and realgar. Since so few spectra contain parareal-
gar and realgar, they can easily become buried and averaged
out by the signal of other pigments. Therefore, the pararealgar
and realgar spectra are hard to identify manually within a
large number of spectra. Clustering separates the spectra
based on their intact and degradation products (Fig. S36b),
which can make identifying minority pigments such as para-
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Fig. 7 The percent degradation of the unaged and aged orpiment
samples using feature 269. A more degraded area of the sample is rep-
resented by white, and a more intact area of the sample is represented
by dark red.

realgar and realgar easier. Detailed discussion over the clusters
is provided in the SI (Fig. S37-S40).

Calculating degradation. Since pararealgar and realgar are
not present in many spectra, a feature that represents them is
not automatically selected. However, feature 269 is automati-
cally selected and represents the degradation product, arseno-
lite. The percent degradation heatmap calculated using feature
269 is shown in Fig. 7. The degradation heatmaps calculated
using the other four features are shown in Fig. S41. The 368
percent degradation heatmap is not used as a main reference
since it overlaps with the large orpiment peak, and the other
features do not correspond to a signal of a degradation
product. However, as discussed previously, these features still
allow the model to accurately predict whether the spectra are
unaged or aged. Additionally, not all degradation products
may be represented by feature selection, especially if there are
a very low amount of degradation products present in the
spectra. Three dark red (intact) cells (0 x 5, 7 x 22, and 11 x 34)
and three white/yellow (degraded) cells (5 x 25, 4 x 36, and 6 x
31) from the aged heatmap were compared as discussed in the
SI (Fig. S42). The experimental heatmaps (Fig. 5) and the heat-
maps shown in Fig. 7 are very similar, as also shown by the
comparison map in Fig. S43. The results show that unsuper-
vised learning combined with feature selection can be used to
separate spectra based on their degradation and allow for
easier identification of minority intact and degraded pigments,
especially with a complex sample like orpiment.

Orpiment - Part 3. Aged orpiment subsurface study

Machine learning. Since machine learning with feature
selection was able to distinguish between the unaged and aged
orpiment spectra using important intact and degraded fea-
tures, we investigated whether it could distinguish between
five different defocusing steps which vary in the degree of
degradation. The 21 features used to make the final Light
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Orpiment: Average Raman Spectrum of Each Class
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Fig. 8 The average aged defocusing steps for the five defocusing steps
(classes 0—4) with the 21 selected features denoted as red stars. Class 0
corresponds to the surface and class 4 corresponds to the deepest
defocusing step.

Gradient Boosting Machine classification model with the five
defocusing steps are displayed in Fig. 8. Many features were
needed for the orpiment defocusing steps since the spectra are
very complex in terms of the amount of signals belonging to
different compounds. More features were also needed for orpi-
ment Part 3 compared to Part 2 since the spectra were
obtained from the same sample, which caused them to be
more similar and require more features for the model to dis-
tinguish them.

The top twelve features from the SHAP plot in Fig. 9 corres-
pond to the intact and degraded pigments-orpiment, realgar,
arsenolite, and pararealgar. Features 155, 157, and 295 rep-
resent orpiment. Feature 204 corresponds to both orpiment
and pararealgar, and feature 356 corresponds to orpiment and
realgar but is not used for further analysis since it is present in
the peak used to normalize the data. The top feature in the
SHAP plot corresponds to the orpiment feature 157, but it con-
tributes little to class 0. However, the second most important
feature (385, belonging to orpiment) contributes the most to
class 0 and represents all the classes. Feature 384 most likely
corresponds to the same peak, with a slight difference in wave-
number value due to statistical variation. Features around 235
are probably linked to the presence of traces of pararealgar,
since it is in its characteristic spectral region. The SHAP plot
also shows that feature 268 contributes about equally to all five
classes, which is not observed for any other feature. This is
coherent considering that features 268 and 368 represent the
major degradation product, arsenolite. Features 238 and 186
are in a pararealgar and realgar peak, respectively, which
shows that the important features are able to highlight peaks
that do not appear important when analysing the average
spectra. For example, features 238 and 186 do not appear to
represent peaks in the average spectra since they correspond
to the minority pigments that are not present in most spectra.
Since these features are important using feature selection, it
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Fig. 9 SHAP summary plot of the orpiment defocusing steps (classes)
using the Light Gradient Boosting Machine classification model.

hints that minority pigments may still have a relevant influ-
ence over the final outcome.

After the model with 21 features was created, it predicted
the labels of the 10 spectra from each class in the holdout
dataset. As shown in Fig. 10, class 0 is the only class that cor-
rectly predicted each spectrum. Most of the spectra are not
being labelled the same as their true labels, especially those
from classes 1-3. More than half of the spectra from class 1
are labelled as class 2, and the mislabelled spectra in class 4

True vs Predicted Values
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3.0 epdgee
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) 5 10 135 20 25 30 35 10 a3
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Fig. 10 The orpiment offset Light Gradient Boosting Machine classifi-
cation model outputs using the ten spectra from each class of the
holdout dataset. Each red line represents the difference between the
true and predicted values.
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are labelled as class 2 or 3. Among the mislabelled data in
classes 2 and 3, almost all are labelled as class 2, 3, or 4.
Therefore, at least the last three defocusing steps appear to be
very similar in composition, which reveals that the degradation
may begin to decrease and plateau after the first two defocus-
ing steps, which is coherent with the preliminary observations
made on the micro-SORS maps in Fig. 5 and in the SIL
Additionally, the experimental micro-SORS map in the second
defocusing step shows unexpected signals and a lot of vari-
ation in the intensity of some Raman bands, which might
shed light on the large variation in the model’s predicted
labels for class 1. The presence of the realgar impurity, which
can cause pararealgar to form, also contributes to the variation
in spectral characteristics among the defocusing steps.

Unsupervised learning. Due to the heterogeneous natures of
the five orpiment defocusing steps, especially the second,
unsupervised learning exploiting hierarchical clustering was
used to cluster the spectra. The clustering analysis is discussed
in the SI in Fig. S44-S45. The distribution of the classes into
clusters confirms the similarities in the last three classes, the
large variability in the second class, and the heterogeneity of
each defocusing step as discussed in the SI. Since the classes
are heterogeneous with few areas containing realgar and para-
realgar, these spectra become buried by the orpiment and
arsenolite spectra, as discussed previously and in the SI.
Therefore, unsupervised learning can be used after feature
selection to visually analyse the spectra in greater detail. Using
this method, similar spectra are grouped together, which can
highlight outliers that contain unexpected signals, coming
from compounds such as realgar and pararealgar, that may be
missed upon manual inspection.

Calculating degradation. The percent degradation was calcu-
lated using feature 268 (Fig. 11) since it represents the main
degradation product, arsenolite. The heatmaps created using
the other 19 features and the overall percent degradation are
shown in Fig. S46-S55. The degradation using feature 268 cap-
tures the heterogeneity in each defocusing step, with the
surface being the most degraded. The areas of high degra-
dation in class 0 (white cells at 5 x 25, 4 x 36, and 6 x 31)
correspond with the same areas of high degradation found in
the aged sample of Part 2. As the defocusing steps increase,
the degradation should decrease. Indeed, class 0 appears to be
highly degraded, and class 1 is less degraded than class 0. As
expected, class 4 appears comparable to class 3, possibly indi-
cating high similarity in composition, as suggested before. To
investigate this degradation pattern, two very degraded (white)
cells and two intact (reddish) cells were selected for further
analysis as discussed in the SI (Fig. S56-58).

Another area of interest on the heatmaps in Fig. 11 and
S48a is cell 6 x 36, which appears very degraded in the heat-
maps in class 1 for features 268 and 238. Similar as discussed
in the SI of Part 1, the presence of pararealgar and the noise
amount appear to strongly influence the final visualization.
Even though noise may affect the degradation calculation, the
heatmaps are still able to highlight areas of high and low
degradation. Unusual patterns in the heatmaps can also ident-
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Fig. 11 The percent degradation of the orpiment defocusing steps
using features 268. A more degraded area of the sample is represented
by white, and a more intact area is represented by dark red.

ify minority pigments, such as pararealgar. Therefore, it is
important to use a combination of heatmaps that represent
different features (and peaks) to gain a better understanding
of how the pigment degrades as the defocusing steps increase.
The comparison between the experimental heatmaps (Fig. 5)
and the machine learning heatmaps (Fig. 11) is shown in
Fig. S60.

Conclusions

We have employed micro-SORS mapping for the subsurface
investigation of degradation products of pigments in mock-up
samples, in combination with both supervised and unsuper-
vised machine learning, to identify hidden patterns and corre-
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lations. We were able to demonstrate that machine learning is
capable of recognizing degradation patterns, invisible to the
human eye, when comparing the spectral differences among
surface and subsurface spectra, aiding the speed and reliability
of the outcomes interpretation. The automatic reference-free
analysis allows an accurate evaluation of the presence and dis-
tribution of degradation products, without the requirement of
having prior knowledge over the analysed substance. This
result was demonstrated by comparing the important features
from Part 2-3 with the reference-selected features in Part 1.
The ML-identified features agree with literature references of
the degradation products, demonstrating that ML can be used
for feature extraction with a reference-based and reference-free
method. Similarly, the maps all display agreeing spatial fea-
tures, further proving the efficacy of the automated methods.
Although the model is not yet generalizable, as further
research is needed to refine the method and mitigate some
limitations (sensitivity to instrumental effects and noise, algor-
ithm tuning, case-sensitivity, required technical knowledge),
this work provides an efficient tool for the non-invasive investi-
gation and automatic retrieval of information regarding the
subsurface of materials, independently from any literature. By
extending the proposed method to automatic in situ micro-
SORS mapping of large areas, it could be possible to quickly
obtain an overview of the compounds involved in their original
state and environmentally altered conditions, both on and
below the surface.
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