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Detecting cave paintings, protected but hidden beneath calcite layers, is an important step in complet-
ing the inventory of prehistoric art, yet it poses significant challenges. The mechanical removal of cal-
cite is often invasive; image enhancement is often of limited effectiveness. This study investigates two
non-invasive, complementary approaches to detect these hidden paintings: magnetic susceptibility and
visible-to-infrared reflectance spectroscopy (400 to 2500 nm).
Reflectance measurements give detailed insights into pigment composition, while magnetic susceptibility
measures the magnetic properties of materials and is particularly effective in detecting iron-based pig-
ments such as hematite and goethite. The two methods were first tested in the laboratory on a limestone
slab painted with various pigments and covered with calcite speleothem masks of varying thickness. This
setup was a proxy for prehistoric cave paintings covered by opaque calcite speleothems. Both reflectance
spectroscopy and magnetic susceptibility were used to assess pigment detectability. Results showed that
magnetic susceptibility could detect iron-based pigments beneath thin calcite layers (up to 7 mm in lab-
oratory conditions), while reflectance spectroscopy analysis identified the spectral differences between all
the materials tested, although the signal decreased with speleothem thickness.
These findings were then validated in field tests at the Grande Grotte (Arcy-sur-Cure, France) where three
prehistoric red ochre paintings covered by calcite were analysed. Both techniques were suitable for non-
invasive detection: magnetic susceptibility was more effective for iron-based pigments, while reflectance
spectroscopy provided broader mineralogical information.
While these methods are not yet fully operational for field use, this preliminary study shows that it
should be possible to use both magnetic susceptibility and reflectance spectroscopy probes to detect and
delineate paintings hidden (and protected) beneath opaque calcite layers.
© 2025 The Author(s). Published by Elsevier Masson SAS. This is an open access article under the CC BY
license (http://creativecommons.org/licenses/by/4.0/)
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1. Introduction faded, or when they have been covered by layers of translucent-to-

opaque calcite, forming speleothem coatings. These coatings may

Prehistoric sites with cave paintings play a role in understand-
ing the way of life and culture of ancient societies [1]. Preserv-
ing these sites and exploiting the knowledge they record is there-
fore essential. The first step before the analysis of rock paintings
is obviously finding the figures, but this task can be quite chal-
lenging with the naked eye alone, especially when pigments have
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hide the artwork, but may also advantageously preserve the pig-
ments from natural or anthropogenic degradation, as can be seen
in the famous Caves of Altamira, Arcy-sur-Cure, Font-de-Gaume or
Rouffignac [2-5], or the recent discovery of red clay-based paint-
ings in Cova Dones [6].

Nowadays, two main approaches are used to find or to bet-
ter distinguish hidden painted patterns in prehistoric caves and
rock shelters. The first involves mechanically removing calcite lay-
ers (see works undertaken in the Kapova Cave in Russia [7] or in
the Grande Grotte of Arcy-sur-Cure in France [8]). This method is
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nonetheless invasive and time-consuming; worse still, it may lead
to irreversible damage. Another approach uses the optical proper-
ties of the speleothem layer to visualize any hidden artwork. Most
researchers process RGB images using a raster graphics editor to
enhance the contrast between the painted figures and the back-
ground. More advanced techniques, involving the decorrelation and
stretching of the RGB channels, possibly followed by changing the
colour space, have met with great success within the archaeologi-
cal community (see DStretch [9], and more recently, the ERA [10]
software). To go beyond visible light (VIS, from 380 to 780 nm), re-
searchers have first manipulated Near Infrared (NIR) imagery with
the use of modified cameras (without IR cut filter) to detect re-
flective wavelengths up to 1100 nm. The NIR images sometimes
reveal invisible pigments: under certain conditions, infrared light
penetrates the calcite lattice more easily than visible light can [11].
The NIR technique, initially with film cameras [12], has been im-
proved through increasingly efficient CCD and CMOS sensors [13].
Silicon-based photographic sensors are ineffective, however, for
wavelengths greater than 1100 nm. Investigations at higher wave-
lengths, in the short-wave infrared range (SWIR, 1000-2500 nm),
requires the use of specific sensors, for example based on InGaAs
(indium gallium arsenide) components. Few studies have so far
used SWIR sensors to detect rock art, providing convincing results
for faded paintings [14,15], but to date, have not been applied to
pigments masked below calcite layers. While hyperspectral analy-
sis is routinely used in several fields of art history [16-19], it is
only now beginning to be successfully applied to the study of cave
paintings. Reflectance spectroscopy (RS) provides non-invasive ac-
cess to the mineralogical and chemical composition of, across a
broad range of wavelengths [20]. Other in situ spectrometric an-
alytical techniques, such as spatially offset Raman spectroscopy
(SORS) and portable X-ray fluorescence (pXRF), have also been suc-
cessfully employed to study pigments in rock art [21-28]. To the
best of our knowledge, these techniques have not yet been used
in situ (i.e., within caves), specifically for detecting pigments cov-
ered by calcite layers. In this study, we test pXRF under laboratory
conditions, but not SORS.

Magnetic susceptibility (MS), which measures the magnetiza-
tion of material in response to an external magnetic field, may
also detect masked iron-based pigments containing hematite or
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goethite [29]. The strong magnetic signal produced by such pig-
ments might be measurable even beneath a few millimetres of
diamagnetic calcite. Such a technique is routinely used in outdoor
field archaeology to identify subsurface anomalies [30] but, to the
best of our knowledge, it has so far been used only once to deter-
mine the origin of ochres in a rock art context [31].

2. Research aim

Our aim is to evaluate two methodological approaches using
non-invasive RS (400-2500 nm) and MS analyses, both theoreti-
cally capable of detecting paintings hidden beneath translucent-to-
opaque calcite layers of variable thickness. This work is structured
in two parts: (i) a feasibility study to assess the performance of
each method under controlled laboratory conditions; (ii) the appli-
cation of the two techniques in a prehistoric cave, under authentic
field conditions.

In the laboratory, a known amount of manganese, red ochre,
yellow ochre, and charcoal (i.e. pigments commonly used in pre-
historic paintings [5,32], as well as karstic sediment, was deposited
on a limestone slab, serving as a proxy for a cave wall. Calcite
masks of increasing thickness, crafted from natural speleothem,
were then applied to simulate calcite layers. The RS and MS mea-
surements were conducted both with and without these calcite
masks to determine which pigments could be detected, to what
extent, and with which thickness of calcite.

Subsequently, both methods were applied to three paint-
ings from the famous Grande Grotte at Arcy-sur-Cure (Burgundy,
France), a remarkable example of calcite precipitation covering an-
cient paintings. Our primary goals were thus to evaluate these
methods in both controlled and field environments, and to iden-
tify the optimal conditions for their successful implementation in
future research.

3. Materials and methods
3.1. Magnetic susceptibility (MS)

MS measurements (expressed in SI) were performed using a
Magnetic Susceptibility Meter MS3, equipped with an MSK2 sur-
face sensor, driven by Bartsoft software (all provided by Barting-
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Fig. 1. Experimental setup for laboratory measurements. (A) Magnetic susceptibility measurement on the slab using the Surface Sensor (MSK2) from Bartington Instruments,
designed to capture precise readings directly from the slab surface. (B) Close-up of the 3D-printed support structure for the sensor. This support prevents cross-contamination
between measurement sites, while maintaining a consistent distance from the slab surface, ensuring reliable reproducible measurements. (C) Measurement profile on the

slab. White dotted circles indicate measurement locations.
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Fig. 2. Reflectance spectroscopy analysis of prehistoric pigments in the Arcy Cave. (A) Reflectance spectroscopy analysis using the ASD FieldSpec3 on the prehistoric paintings
in the Salle des Vagues. (B) The Red Column, a stalagmite formation with zones of prehistoric red pigment application, now naturally coated by calcite layers of varying
thickness (ranging from less than 1 mm to approximately 5 cm). Parts of the opaque calcite coating had been mechanically removed during previous studies. (C) Cross-section
of an Arcy Cave stalactite showing red ochre covered by two calcite layers (modified after [32]).

ton Instruments; Fig. 1A). The surface area analysed was about 5
cm?, with a full width at half maximum of 25.4 mm, as specified by
the constructor [33]. The device was turned on at least 20 min be-
fore any measurements were taken. The integration time was set to
1s. Potential drift was systematically corrected by bracketing each
sample with two blanks, measured at more than 1 m away from
any objects. A reference material provided by the manufacturer
(x =430 x 107> SI) was also measured at the beginning and end of
each series to ensure accuracy. Our MS measurement was in very
good agreement with the target value: 430 x 10 42 x 107> SI(15s).

3.2. Reflectance spectroscopy (RS)

The RS data were acquired using a FieldSpec 3 probe (Fig. 2A),
operating with RS3 software (both from ASD Inc.). The probe has
an approximate spot size of 10 mm in diameter. The device was
turned on at least 30 min before any measurement, to prevent drift
caused by heating. Prior to each measurement, the device was op-
timized by applying a proper dark current correction, and a white
correction with a Spectralon panel, used as a white reference. Each
measurement represents the average of 75 spectra collected at in-
tervals of 0.2 s. As measurements are obtained by three differ-
ent spectrometers, each with a specific wavelength range (350-
1000 nm, 1000-1830 nm, and 1830-2500 nm), the resulting val-
ues exhibit steps at the splice of the three built-in detectors. A
shift correction was therefore applied at 1000 nm and 1830 nm
to maintain the continuity of the spectra [34,35]. The spectra were
then normalized using their area under the curve, as generally
recommended [36]. All data below 400 nm were discarded due
to excessive noise, while the range from 400 to 2500 nm was
smooth enough for noise filtering (e.g. Savitsky-Golay) to be un-
necessary. The final spectra can be compared to the typical spectra
of reference minerals and chemical compounds reported in various
databases, including that of the USGS [37].
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3.3. The laboratory experiment

3.3.1. Reproduction of natural field conditions

A limestone slab, 4 cm thick, measuring approximately
40 cm x 60 cm, was used to simulate a cave wall. It was chosen
from a Comblanchien quarry in Burgundy, France, because of its
textural homogeneity and its low insoluble residue content (Supp.
Mat. 1). It is a bioturbated mudstone from a lagoonal environment
of Bathonian age. Its elemental composition was semi-quantified,
using a XRF spectrometer (Bruker S1 Titan LE), by referring to in-
ternal standards [38].

Various pigments often used in prehistoric times (manganese,
red ochre, yellow ochre, and charcoal) were used as proxies for
paintings (Supp. Mat. 2). Karstic sediment, consisting of clay-rich
silts, were also added to this set, as they may naturally occur as
decalcification products or endo-fluviatile inputs. The ochres and
karstic sediment contain quartz and varying proportions of phyl-
losilicates (see Supp. Mat. 3). Red ochre is characterised by the
presence of hematite, while goethite characterises yellow ochre.
The manganese pigment consists of manganese oxides along with
some aluminium oxides. The charcoal is a carbonized willow. The
mineralogy of these materials was semi-quantitatively estimated
using X-ray diffraction (D8 Endeavor, Bruker), following the proto-
col established by Holtzapffel (1985) [39]. All these analytical re-
sults, obtained from the GISMO analytical platform at the Bour-
gogne Europe University, are reported in supplementary materials
(Supp. Mat. 1 & 3).

One gram of each of the four powdered pigments together
with powered karstic sediment was diluted with distilled water
and deposited directly on the slab to cover a ~16 cm? square. The
five painted squares were separated by at least 6 cm of unpainted
slab (Fig. 1).

Five calcite speleothem masks varying in thickness (2, 3, 4,
5, and 7 mm) were prepared from a large speleothem fragment
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Fig. 3. Measurement locations and categories for both reflectance spectroscopy and magnetic susceptibility analyses in the Arcy Cave. The detailed location plan of the
panels is provided in Supplementary Material 5. (A) Red Column, each magnetic susceptibility measurement point was measured several times to strengthen the dataset. (B)

GPGM mammoth. (C) GBM mammoth.

fallen from a vertical wall in a Burgundy cave (Supp. Mat. 2). This
speleothem is made up of alternating micritic and sparitic laminae,
similar to the speleothems covering the Arcy Cave paintings [5,40],
where sampling is strictly forbidden. Masks were sawn parallel to
the laminae and then polished. The visual impact of applying them
over pigments was evaluated using a VOLTCRAFT RGB-2000 col-
orimeter working in the visible spectrum (Supp. Mat. 4). Colours
were characterised using standard D65 illuminant conditions in
RGB and then converted to the CIELAB colour space (L*a*b*). This
will allow the calculation of AEyg, a metric that quantifies the
perceived difference between two colours (from O to 100). Note
that AEyg > 3 means a difference observable by the human eye
[41]. Without any mask, differences between pigments and slab are
clearly visible: AEqy between 10 and 43. Most of them are percep-
tible using the thinnest mask (2.1 < AEqy < 11.0), but they can no
longer be seen from the 4 mm mask onwards (AEyy < 3).

3.3.2. Acquisition settings

To avoid the removal or cross-contamination of pigments dur-
ing acquisition, probes and masks were attached to 3D-printed
black nylon holders, each prepared to support either the probes
alone or the probes plus a mask for each thickness (Fig. 1B). This
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set of holders ensured a consistent 1 mm gap between the pig-
ments deposited on the slab and the bottom of the mask, or the
probe alone for measurements without a mask.

For both RS and MS measurements, either with or without a
mask, each series consists of five measurements in the centre of
each of the 5 pigmented squares, together with 14 separate mea-
surements of the raw slab (Fig. 1C). Unless otherwise specified, this
protocol is replicated three times. Note that all measurements were
taken in random order to mitigate any possible harmful effect of
signal variation related to potential instrumental drift.

For the sake of completeness, it must be mentioned that pXRF
was also tested. This attempt was unsuccessful: the pigment com-
ponents became undistinguishable when a calcite mask was ap-
plied, even one as thin as 2 mm.

3.4. The Grande Grotte at Arcy-sur-Cure

The Grande Grotte at Arcy-sur-Cure, hereafter referred to as the
Arcy Cave, is a fossil karstic conduit across a meander of the Cure
River, developing in Oxfordian muddy limestone [42]. Some of the
paintings here, mostly with hematite-rich red ochres (Fig. 2A), or
more rarely with charcoal, have been dated to around 28 000 BP,
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Fig. 4. Evolution of magnetic susceptibility for each of the pigments, karstic sediment and slab in relation to mask thickness, in the laboratory. (A) no mask, (B) 2 mm mask,
(C) 3 mm mask, (D) 4 mm mask, (E) 5 mm mask, (F) 7 mm mask. Boxes display median, and first & third quartiles, whiskers show dispersion. The x-axis is logarithmic.

providing a unique insight into Palaeolithic art in the region [5 and
references therein]. The Arcy Cave has drawn many visitors over
the centuries, because of its accessibility, resulting in the accumu-
lation of soot from torches and other lighting systems, darkening
the walls. Aggressive cleaning with high-pressure water was un-
dertaken in 1978 in the cave gallery open to tourist visits. It was
not until 1990 that Pierre Guilloré detected paintings beneath the
calcite layers that had preserved the pigments from destruction
during wall cleaning [43]. As demonstrated by Chalmin and oth-
ers [40], these wall speleothem coatings generally consist of two
successive layers: (i) an external layer, up to 50 mm thick, com-
posed of small whitish micritic calcite crystals, forming a shield
that masks the pigments (Fig. 2B); (ii) an internal layer, from less
than 1 mm to a few millimetres, with coarse translucent yellow-
ish calcite crystals (sparite), protecting the pigments without con-
cealing them (Fig. 2C). Archaeological surveys in this cave have
so far led to the discovery of around 750 paintings and traces of
pigments [5,44]. From 1997 to 2005, mechanical thinning with a
dental drill removed the external layer of speleothem, but left the
translucent internal layer to protect the paintings [5]. A few of
these paintings still have small sections masked by the external
layer of opaque calcite: three such sections were selected to as-
sess the potential of RS and MS in field cave conditions (Fig. 3 and
Supp. Mat. 5). The first target, the “Red Column” (Fig. 3A), was se-
lected because exploratory rectangles micro-drilled through the ex-
ternal layer have revealed prehistoric red pigments masked by thin
to thick opaque calcite layers (up to 50 mm thick) [5]. The remain-
ing two targets, the “GPG mammoth” (GPGM, Fig. 3B) and the “GB
mammoth” (GBM, Fig. 3C), were selected because an opaque calcite
layer still covers part of the red pigment outlining the mammoth’s
back on each panel.
Four classes of measurement points were then defined:

e O: thick or thin opaque speleothem (up to 50 mm thick) with
no pigment underneath,
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e OPa: thick opaque speleothem (> 3 mm) masking red pigment,

o OPb: thin opaque speleothem (< 3 mm) masking red pigment,

o TP: thin translucent speleothem (less than 2 mm) covering red
pigment without masking it.

The sampling points (used for both MS and RS measurements)
were selected to ensure that all four classes were sufficiently rep-
resented (Fig. 3).

3.5. Statistical processing

The MS values resulting from both laboratory acquisition and
field measurement were sorted into the relevant number of
classes. The statistical treatment was therefore a simple univari-
ate comparison of more than two independent classes of equal
or different sample sizes. As the number of samples composing
the classes was often low, with no prior assumption about dis-
tribution, a non-parametric Kruskal-Wallis test was used to as-
sess whether all the samples were from the same population, or
whether at least one class was from a different population. If so,
Dwass-Steel-Critchlow-Fligner (DSCF) pairwise comparisons were
used as a post-hoc test [45].

Comparing classes of RS data is much more challenging: (i)
the problem is highly multivariate; (ii) neighbouring variables (in
terms of wavelengths) show strong intercorrelations; (iii) variables
are much more numerous than observations. To address this issue,
methods based on Partial Least Squares (PLS) are frequently ap-
plied in chemometrics because of their effectiveness, more particu-
larly when RS data are involved [46-51]. A PLS regression first con-
structs latent variables to maximize the covariance between pre-
dictor variables and categorical response variables (classes), each
considered as a block of variables. It then selects the best num-
ber of components (i.e. latent variables) to approximate the orig-
inal variable space, while retaining the greatest proportion of the
total variance expressed. This step vastly reduces dimensionality.
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At this point, the scores of latent variables can be used as input
features in classification models.

In this study, two different supervised machine learning algo-
rithms for classification were applied, with from 2 to 7 latent vari-
ables included in the model. The first is the Discriminant Analysis
(DA), which aims at finding the best linear combination of vari-
ables to separate the classes. This method, often associated with
PLS [52-54], is widely discussed in the literature, generally as PLS-
DA [55]. The second is the Random Forest (RF) algorithm, a more
recent method that belongs to ensemble learning methods for clas-
sification. It has also sometimes been used in combination with
PLS [56,57], here termed as PLS-RF. The algorithm works by aggre-
gating multiple randomly constructed classification trees. Instead
of selecting splits based on feature importance, the best feature
is chosen from a random subset of input variables. The principle
behind the algorithm is that individual decision trees may make
incorrect predictions, but their label predictions become more cor-
rect and stable when combined. Compared to DA, RF presents the
advantage of handling cases where decision boundaries can be
both linear and non-linear. This method has already been success-
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fully applied in the context of both spectral and hyperspectral data
[47,50,58].

One way of evaluating the capacity of the models produced to
generalize and accurately predict the classes is to divide the data
into a training set and a validation set. It is even more effective
to use three sets: training, validation, and test. In this study, given
the limited number of spectra, a Leave-One-Out Cross-Validation
approach was preferred. Each spectrum was sequentially used for
evaluation, with the other spectra used for training. All predictions
are then combined to calculate performance metrics. The accuracy
score measures how often the model predictions match the true
labels. This commonly used metric is, however, prone to fail when
dealing with imbalanced classes [59]. This scenario is even more
applicable to the laboratory experiment, where there are 3 times
more measurements for the raw slab than for each of the pig-
ments. The F1-score avoids these drawbacks, by combining preci-
sion and recall (Eq. (1)).

TP

F1 — score = T
TP+ 5 (FN +FP)

(1)
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where TP corresponds to True Positives, FP to False Positives, TN to
True Negatives, and FN to False Negatives. The F1-score was thus
chosen as the main metric, but accuracy together with precision
and recall are also reported for information (see [60] for more de-
tails about the computation of these metrics).

To determine the relative importance of spectral variables in de-
tecting pigments, five PLS models were built for each pigment vs.
slab. Then, the VIP scores (VIP for Variable Importance in Projec-
tion) [61-64] were computed [65]. These scores are computed as
the weighted sum of the squared PLS weights, where the weights
are proportional to the amount of variance explained in the depen-
dent variable by each latent component. Wavelengths presenting
VIP scores above 1 are generally considered as relevant [63,66].

Data processing, statistical inferences, and machine learning
were scripted in Python 3.11, using the relevant libraries (i.e. Pan-
das, NumPy, Matplotlib, and Scikit-learn).

4. Results and discussion
4.1. Laboratory experiment

4.1.1. Magnetic susceptibility

The median MS values (in SI) ranged from ~10-6 for raw
slab and charcoal to ~6 x 10 for red ochre (Fig. 4). The values
were always ranked in the same order: red ochre > manganese
> karstic sediment > yellow ochre. These signals attenuate ex-
ponentially as mask thickness increases, whereas the values for
raw slab and charcoal remain steady throughout the experiment
(Fig. 4A-F). More formally, the p-value of the Kruskal-Wallis test
was <107, indicating that the existence of differences between
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at least two classes is statistically confirmed. After post-hoc DSCF
pairwise comparisons, red ochre, manganese, karstic sediment, and
yellow ochre were significantly different from each other (p-value
<1073, Supp. Mat. 6a). By contrast, raw slab and charcoal could
never be statistically distinguished by MS, except with the 7 mm
mask (p-value = 0.022).

As expected, the contrast between the raw slab and the pig-
mented areas was greatest when no mask was present (Fig. 4A).
The observed variations in MS among the materials can be at-
tributed to their specific mineralogical composition, which governs
their magnetic characteristics [67]. Due to their high hematite con-
tent, red ochre and manganese produce higher magnetic signals
than yellow ochre and karstic sediment, which are composed in
part of goethite and variable amounts of phyllosilicates. Although
these minerals are known to be magnetic, they are much less so
than hematite [67]. By contrast, the MS of charcoal obtained from
carbonized willow is negligible, consistent with the non-magnetic
nature of this carbonaceous material. The MS differences observed
between slab and charcoal, both under a 7 mm-mask, are counter-
intuitive and not understood currently.

To summarize, MS appears to be an efficient tool for discover-
ing red paintings masked by calcite, at least under laboratory con-
ditions.

4.1.2. Reflectance spectroscopy

As expected, in the absence of a calcite mask, the set of spectra
was visibly different for each material, because of their great vari-
ety in both colour and mineralogical composition (Fig. 5A). The dif-
ferences between the normalized reflectance spectra faded quickly
once a calcite mask was applied (Fig. 5B-F; see Supp. Mat. 7 for
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Fig. 7. Evolution of magnetic susceptibility for different classes at Arcy Cave. Sam-
ple sizes (n) are indicated below each group. Horizontal black lines represent the
median value for each group. (A) Magnetic susceptibility measurements for the Red
Column, where all four classes are present (O, OPb, OPa, and TP). (B) Magnetic sus-
ceptibility measurements for the GPGM mammoth, where only three classes are
present (O, OPa, and TP). (C) Magnetic susceptibility measurements for the GBM
mammoth, where only three classes are present (O, OPb, and TP).

larger figures, each set of spectra is shown on a full page with an
offset to enhance visualization). With masks, the RS signal is driven
by the calcite spectral signature (See carbonate absorption bands
in Supp. Mat. 8). Nevertheless, slight differences, more indicative
of intensity levels than distinct spectral features, remained visible
with the 2 mm and 3 mm masks (Fig. 5B-F). A series of statistical
analyses was then applied to classify the data.

The analyses for the 4 mm mask are presented in Fig. 6 for
purposes of illustration. Fig. 6A presents the sample scores for the
three latent variables obtained with the PLS model, which together
account for 93.89 % of the total variance. With this method, some
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organisation can be perceived, but intermixing is also present. The
slab samples are the most randomly distributed, spreading all over
the point cloud. Adding DA to PLS clarifies the situation (Fig. 6B).
The 6 classes are well delineated, and the LD1 axis is highly dis-
criminant. As a result, the F1-score (like the other metrics) is per-
fect, with a value of 1 (like with a mask thinner than 4 mm,
given that the number of components is optimized and the best
model selected). The discrimination between classes with PLS-DA
is nearly perfect, at least up to the 5 mm mask (F1-score = 0.974
-Table 1; see also the other metrics in Supp. Mat. 10). With the
7 mm mask, PLS-RF performs better than PLS-DA, however the F1-
score decreases to 0.5, while the number of latent variables neces-
sary to optimize the model increases, due to the increasing com-
plexity of the problem at hand (See Table 1). In all cases, differ-
ences between classes are significant, and the ability of the models
to predict classes is much better than random chance (see p-value
in Table 1).

To summarize, the statistical analyses applied here result in
an efficient classification of the spectral data, ultimately enhanc-
ing the accuracy of pigment detection and differentiation. At this
point, a question is raised: what are the spectral regions that con-
tribute the most to the discrimination model, and this for each
of the pigments compared to the slab? Without masks, the VIP
scores (Supp. Mat. 8) unsurprisingly confirm that the visible range
(up to about 800 nm) is the most important for differentiating be-
tween pigments and slab. Wavelengths of interest also emerge in
the SWIR region, particularly beyond 2350 nm, a region known
for combination and overtone bands involving OH groups and/or
carbonate ions (CO32~). For red ochre, karstic sediment, and yel-
low ochre, another region around 1200-1300 nm appears relevant,
but is absent for manganese and charcoal pigments. For more de-
tails, the reader can refer to Supp. Mat. 8 and 9, which report spe-
cific absorption bands and spectral interpretations [73-82]. Note
that the absorption band associated with Fe electronic transitions,
near 860 and 900 nm, does not significantly contribute to distin-
guishing the slab from the pigments with high iron content — a
counter-intuitive result given the substantial iron content of these
materials. Certain characteristic spectral positions associated with
the presence of elements or minerals typical of our pigments (e.g.
Fe electronic transitions - the bands around 860 and 900 nm re-
lated to iron; OH combination bands - the distinctive kaolinite
doublets near 1400 nm and 2200 nm; CO32" combination bands
- the carbonate-associated band around 2330 nm) were no longer
visible once the mask was applied. The VIP scores then no longer
highlighted spectral regions specific to each material (example pro-
vided for a 4 mm-mask in Supp. Mat. 8), as almost the entire spec-
trum appears to contribute to the discrimination, but with higher
VIP scores below 1400 nm than above 1500 nm, in the SWIR. The
narrow band around 1400-1500 nm consistently lacks significance,
regardless of the material. It corresponds to a combination band
involving either OH vibrations or H,0 vibrations.

The fact that almost the entire spectrum carries information
relevant to the discrimination of hidden pigments fully justifies the
use of statistical techniques that consider the entire spectral range,
rather than selecting only a few supposedly relevant spectral re-
gions to build a supervised classification model.

4.2. Arcy-sur-Cure measurements

4.2.1. Magnetic susceptibility

The MS measurements of the three panels studied (i.e., Red Col-
umn, GPGM and GBM mammoths) are reported in Fig. 7. The four
previously defined classes are organised from left to right as fol-
lows: opaque calcite with no pigment underneath (O), thick cal-
cite covering pigment (OPa), thin calcite covering pigment (OPb),
and transparent calcite with visible pigment (TP). Note that the
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Table 1
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Optimal model and performance: laboratory experiment (6 mask thicknesses); Arcy cave (3 panels). PLS: Partial Least Squares. DA: Discriminant
Analysis. RF: Random Forest. Number of components equals number of latent variables. For Fl1-score details, see Eq. (1). The p-values above 1072
indicate that model prediction is better than random chance. *Only one series was acquired (instead of three).

Model Number of F1-score p-value
components

LABORATORY Without mask PLS-DA 2 1 <10
EXPERIMENT With 2 mm mask PLS-DA 3 1 <10
With 3 mm mask PLS-DA 2 1 <107

With 4 mm mask* PLS-DA 3 1 <103

With 5 mm mask* PLS-DA 6 0.974 <10

With 7 mm mask PLS-RF 7 0.500 <107

ARCY CAVE Red Column PLS-RF 2 1 <1076
GPGM mammoth PLS-DA 4 1 <10

GBM mammoth PLS-DA 7 1 <107

signal dynamics observed in field conditions are lower than those
recorded in the laboratory, probably because a larger amount of
pigment was deposited on the slab compared to what was used
on the cave walls by our ancestors.

As the three paintings are associated with two different sub-
strates (calcite speleothem or Jurassic limestone), the MS values
for O range approximately from —6 x 10~% for the Red Column
to —0.5x 106 for the GPGM mammoth (Fig. 7). The detection
of paintings is expected to improve when the MS signal of the
unpainted cave wall remains relatively steady and low compared
to that of the painted areas. Such conditions should enhance the
signal-to-noise ratio. The Kruskal-Wallis tests indicate that there
are always significant differences between two or more classes
whatever the targeted panel (p-values < 1076), justifying the ap-
plication of post-hoc DSCF pairwise comparisons (Supp. Mat. 6b).
No statistical difference can be observed between O and OPa, in-
dicating that, under a thick layer of calcite (>~ 3 mm), the contrast
between MS signals is too low to be significant. By contrast, the
MS signals for OPb are greater than either O or OPa, while the MS
signals for TP are always the highest. This is consistent with lab
results showing reduced pigment detection as the calcite layer be-
comes thicker. MS is confirmed as an efficient tool for the three

targets studied, though the small quantity of ochre (or its preser-
vation) limits this approach when the calcite layer is too thick, or
the limestone substrate is iron-rich.

4.2.2. Reflectance spectroscopy

The spectra acquired for the Red Column, the GPGM and the
GBM mammoths panels are presented in Fig. 8 and Supp. Mat 11.
At first glance, they share common patterns with those obtained
using calcite masks during the laboratory experiment. Slight dif-
ferences are nonetheless noticed especially in the VIS region and
around 1450 nm and 1950 nm (Fig. 8, see also Supp. Mat. 9 and
Supp. Mat. 12 for detailed absorption features). Such variations
may arise from differences in OH bending vibrations related to rel-
ative humidity [68-70], as laboratory conditions are dry, whereas
the cave walls are often quite wet. Another possibility is the dif-
ferences in the crystallinity, texture, and geochemical composition
of the calcite, i.e. masks and internal/external layers in the Arcy
Cave (Fig. 1C). All spectra corresponding to visible red pigment (TP)
show absorption bands around 850-910 nm indicating the pres-
ence of iron in the form of hematite and/or goethite [68,71,72].

Both PLS-DA and PLS-RF, with from 2 to 7 components, were
tested on the three panels (Supp. Mat. 13), considering 4 classes for

RED COLUMN

|
3

NIR

Wavelength (nm

W
)

Fig. 8. Reflectance spectra for different classes at Arcy Cave. VIS: visible region. NIR: near infrared region. SWIR: short-wave infrared region. a.u.: arbitrary units. (A) Re-
flectance spectra for the Red Column, where all four classes are present (O, OPa, OPb, TP). (B) Reflectance spectra for the GPGM mammoth, where only three classes are
present (O, OPa, TP). (C) Reflectance spectra for the GBM mammoth, where only three classes are present (O, OPb, TP).
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the Red Column, and 3 classes for the two mammoths. When the
best model is selected (Table 1), perfect discrimination is reached
(F1-score 1), demonstrating that properly processed RS anal-
yses can detect hidden red pigments, even beneath an opaque
speleothem layer more than 3 mm thick (Table 1, see also Fig. 8 for
spectra).

5. Conclusion

This study demonstrates that magnetic susceptibility and
visible-to-infrared reflectance spectroscopy analysis are effective
tools for detecting prehistoric paintings hidden beneath calcite lay-
ers. MS is particularly effective in detecting iron-based pigments
like hematite and goethite, while RS analysis relies more on min-
eralogical contrast. Both methods are non-invasive, thus preserving
the integrity of archaeological artefacts. Although the thickness of
the calcite layer does affect results to some extent, pigments that
are completely invisible to the naked eye can still be detected by
MS and RS at least to a thickness of 3 mm in the field and 7 mm
in the laboratory.

For the sake of completeness, the methods presented here
should not be considered, at least for the moment, as an opera-
tional solution, but rather as proof of concept. If the results ob-
tained here are so impressive, it is because we have studied an
almost ideal situation where models could be produced under su-
pervision. The reality of working on a new site is much more chal-
lenging, as the paintings are not known beforehand and must be
discovered. Substantial variations in the amount of pigment ap-
plied (or preserved) may introduce noise. In addition, environmen-
tal factors, such as variable surface moisture and heterogeneity
of the substrate in terms of thickness and composition, can also
make point-to-point comparison of results more difficult. As a re-
sult, the models produced are probably not generalizable, neces-
sitating a less efficient approach based on unsupervised classifica-
tion. This study thus emphasizes the importance of adapting these
techniques to a variety of natural conditions, possibly by combin-
ing both MS and RS measurements to establish the models, instead
of processing each feature separately.

Looking ahead, by integrating a hyperspectral data cube (ac-
quired from a VIS+NIR+SWIR camera rather than solely from an
RS sensor as in the present study) with real-time data processing,
researchers can envision a future where pigments are detected di-
rectly through cave wall scans. For MS, implementation in the field
is time-consuming, as it requires a large set of measurements, at
high spatial resolution, with at least some arbitrary spatial refer-
ence. Combining the MS sensor with inertial measurement units
could notably accelerate the process. Although still in their infancy
for parietal art, the approaches discussed here, possibly in combi-
nation, may facilitate the efficient mapping and analysis of prehis-
toric parietal art, offering new perspectives for archaeological re-
search.
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