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Abstract

The analysis of historical pigments contributes significantly to understanding the materials
and techniques used in artworks and in preserving cultural heritage. This work introduces
a novel methodology for classifying historical pigments combining X-ray fluorescence
(XRF) spectroscopy with machine learning techniques. We applied this approach to a repre-
sentative heterogeneous dataset of historical pigments from the open-access spectral library
INFRA-ART, as well as commerecial oil colors and pigments with different particle sizes.
A comparative analysis through principal component analysis (PCA) and hierarchical
cluster analysis (HCA) demonstrates the advantages of the full-spectrum method over
conventional peak-based strategies, offering improved classification performances and
robustness. Employing the entire spectrum, it is possible to access additional key features
for pigment discrimination that are discarded during the computation of the traditional
methods and it is possible to have an efficient feature extraction even in more complex
samples. This approach offers significant advantages by allowing the simultaneous process-
ing of extensive datasets, which is useful for interpreting real-world scenarios in cultural
heritage that are characterized by high heterogeneity.

Keywords: historical pigments; X-ray fluorescence; machine learning; elemental feature extraction

1. Introduction

Spectroscopic techniques are successfully employed to study the complex structure of
paintings, frescos, wall paintings, and art prints [1-4].

In this context, X-ray fluorescence spectroscopy (XRF) stands out as its elemental
sensitivity gives insights on the composition of inorganic pigments and discriminates
between them based on the elemental content in a non-destructive and non-invasive
way [5-11]. In a real case, the measurements can be influenced by several variables, such
as the particle size of the powders [12-14], manufacturing production, environmental
context [15,16], and the presence of mixtures of pigments that can make the resultant
spectra ambiguous [17]. Moreover, pigments in paintings are combined with a binding
medium. This will change the density of the powder in the investigated area, affecting the
fluorescence counts as the organic binder absorbs most of the emitted fluorescence of the
pigment and additional lines can emerge in the spectrum due to additives or fillers added
during the painting manufacturing [18,19]. All these effects increase the complexity of the
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XREF spectra and the variables to consider in their interpretation, making the elemental
analysis of pigments a challenging task.

Machine learning algorithms are currently applied in pigment identification aiding the
interpretation of spectroscopic data [20]. Pre-processing procedures on raw spectroscopic
data typically involve peak alignments, background removal, and energy band selection,
ensuring a high-quality spectrum, in terms of signal-to-noise ratio and overlapping band
deconvolution [21]. After these procedures the net peak area of each detected element is
computed, and two different treatments can be applied. Net areas are normalized with
respect to the rhodium scattered lines to account for geometry and matrix effects affecting
the line intensity [22,23]. This is a fast way to obtain raw estimates of elemental concentra-
tions, and sample correlation and grouping if coupled with statistical algorithms [22,24-28].
Alternatively mathematical algorithms such as the Fundamental Parameters method (FP)
can be used. These algorithms rely on theoretical formulas for the elemental concentration,
giving more precise estimates than the first method. However, they require a high level of
sample preparation and elemental standards for calibration, have a higher computational
cost as the complexity of the system increases, and require a priori knowledge of the sample
composition [29,30].

Alternatively, the entire spectrum can be employed as an input for the statistical analy-
sis [31-34]. In this case, however, it could be difficult to obtain the same information as the
previous methods due to spectral overlap and background contribution. Additionally, for
heterogeneous datasets, the different nature, being organic or inorganic, and composition of
the samples greatly influence the detected intensities, giving a huge difference in counts that
could cover up the benchmarks of the dataset and information given by trace elements [32].
Nevertheless, the presence of the background can provide information about the organic
content of the sample, and the presence of the subsequent emission lines helps discriminate
between elements with overlapping lines. Either way, the data matrices obtained are fed
to different algorithms such as PCA and hierarchical cluster analysis (HCA) to identify
similarities between spectra [25,27,32]. To date no standard methodology exists, especially
in heterogeneous contexts, like painted objects, as each sample is characterized by entirely
different matrix effects.

Here, a novel methodology for classifying historical pigments based purely on their
elemental composition by integrating full-spectra X-ray fluorescence (XRF) spectroscopy
with machine learning techniques is presented, aiming to extract elemental fingerprints and
identify patterns in a heterogeneous dataset. This allows for a fast and accurate elemental
feature extraction with minimal data pre-processing, preserving the maximum information
from the spectra.

2. Materials and Methods
2.1. Pigment Dataset

The INFRA-ART database is an open-access spectral library of artistic painting mate-
rials [35]. It includes spectra of historical interest samples, such as organic and inorganic
pigments, binding media, and oil paints. Each sample in the database is identified by
a code based on their manufacturer followed by the catalog number from the supplier.
Additional metadata regarding provenance, whether it is natural or artificial, and chemical
composition, is provided, alongside the experimental conditions and instrumental set-up.
A total of 71 XRF spectra of powder pigments were selected from this database. The
samples were chosen as representative of pigments employed from the 15th to 19th century
in Europe [36-38] focusing on oil paintings. The dataset has been divided into two sets.
A first set of 50 spectra of powder pigments were used for the training of the PCA. It
includes 23 earths with different provenances, 6 organic pigments with vegetal and animal
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origin and 21 inorganic pigments. A total of 13 pigment classes are represented in this set:
Ca-, Fe-, Cu-, As-, Pb-, Hg-, Zn-, Cd-, Se-, Ti-, Co-, and Cr-based pigments, and a class of
samples composed of elements with Z < 11, which are invisible to the XRF and their spectra
are characterized only by the rhodium tube spectrum and instrumental lines. Examples of
spectra belonging to the featureless, Cu, Pb, Ca, and Fe classes are shown in Figure 1a. Each
of these spectra are labeled by a number reported in Table S1. The second set includes the
remaining 21 spectra (Table S2). It contains spectra of oil paints manufactured by Maimeri,
and of some of the pigments present in the training set with different granulometry or
purity levels. Examples of the spectral differences of these samples from the raw powders
can be seen in Figure 1b, where the spectra of Verona green and Cadmium yellow pigments
and their oil counterparts are compared, and Figure 1c where differences in intensity be-
tween very pure Lapis Lazuli (sample from Chile, point 12), medium quality Lapis Lazuli
(sample from Afghanistan, point 12-MQ), and Lapis Lazuli with a very fine grain size (less
than 20 um, point 12-VF) are shown. This second set of spectra is employed to check the
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Figure 1. Examples of XRF spectra from the training and validation datasets: (a) Raw spectra of
powder pigments, representative of 6 elemental classes. From top to bottom: Verdigris—Cu, Naples
yellow—PDb, Bianco Sangiovanni—Ca, Red ochre from Andalusia—Fe, Alizarin—featureless class.
(b) Comparison of Verona green earth and cadmium yellow pigment powder (black and green lines,
respectively) and the same pigments in a mixture of poppy seed and safflower oil (red and blue
lines, respectively). Here the effect of the dispersion in the medium is shown as the intensity of the
main line is highly reduced. Also, in the cadmium yellow sample, the contamination from the Zn
present in the oil binder is shown [18]. (c) Effect of purity and granulometry on the XRF spectra of
Lapis Lazuli. The very fine sample (black line) has the highest Ca-K« counts and a lower level of
contamination from Fe while the medium quality sample (green line) shows the highest content of
Fe. Every point of this set is labeled with the number of the respective powder pigments with an ID
based on their characteristics: O for oil pigments; MQ for medium quality powders; and VF, F, and B
for very fine, fine, and large pieces of pigments as reported in Table S2.

2.2. XRF Measurements

XREF spectra are acquired with a Bruker Tracer III-SD Handheld XRF spectrometer with
a Rhodium target X-ray tube operating at 40 kV and 10.6 pA. The typical resolution of the
silicon drift detector integrated in the spectrometer is 145 eV at 100,000 cps and it allows the
detection of elements with atomic number Z > 11. The X-ray beam size is 3 mm x 4 mm.
The acquisition time of each measurement is t = 300 s to ensure that a quantitative analysis
for each sample is possible. For powder samples ~ 5 g of pigments were used and the
grain size varies from 0 to 120 um up to 175 um for the coarser ones. The oil samples were
measured after 12 months of drying time [35].
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2.3. Methodology

Extraction of the benchmarks in the dataset is achieved from the loading plots by
feeding PCA with the entire XRF spectra without any energy selection or semiquantitative
procedure, by choosing a normalization that makes data comparable based purely on their
spectral shape. A successive HCA is carried out to better visualize the data separation in
the PCs space and to highlight clusters of groups of pigments with similar matrices. The
analysis is divided into training and a validation step. The training procedure is carried
out with two methods sharing the pre-processing stage that involves peak alignment and
normalization processes. In the first method, the net peak areas of the main elemental lines
are determined, resulting in a specific matrix that is subsequently analyzed using PCA
and HCA. In the method proposed here, the entire spectra are considered as input. The
results from both approaches are compared to identify the most accurate clustering based
on the extraction of elemental features. Eventually, the best PCA representation is tested on
a dataset composed of pigments in oil medium, different grain sizes, and purity levels, and
the clustering performance of the trained model on these new samples is evaluated.

2.3.1. Data Pre-Processing

Each spectrum was collected in the energy range 0—41 keV for a total of 2048 channels.
Due to different calibrations, a unique energetic range from 0.6 to 40.0 keV is chosen and
a re-binning is applied to all spectra to obtain 2022 common channels. The nature of the
sample greatly influences the fluorescence counts, leading to a difference of order up to
1000 from an inorganic and an organic sample where the environmental and instrumental
background is dominant. By working directly on the raw spectra or on the intensities
normalized with respect to rhodium Compton peak, the variance of the dataset is dominated
by this huge difference in counts, and samples tend to group based on their intensity
counts without differentiating the elemental content, giving a poor description of the
dataset (Figures S1 and S2). As the focus is on the elemental composition of the sample,
a normalization that makes spectra comparable is needed. In this sense, spectra are scaled
with respect to their maximum intensity. This normalization preserves spectral shape
and relative peak intensities while eliminating intra-sample variations within the same
elemental class. In this way spectra can be compared and they can be easily clustered
together based on composition similarities without introducing a bias. Two data matrices
are achieved from the normalized training set: a 50 x 22 matrix containing the normalized
net peak areas of the detected elements and a 50 x 2022 matrix using the entire normalized
spectra without further data pre-processing. For the validation dataset a matrix 21 x 2022
is produced.

2.3.2. Multivariate Statistical Analysis

Multivariate statistical analysis is performed by implementing a principal components
analysis (PCA) and a hierarchical cluster analysis (HCA), two unsupervised machine
learning algorithms.

PCA is an unsupervised reduction dimensionality algorithm that transforms correlated
variables into a smaller set of uncorrelated principal components (PCs) that encoded the
larger variance within the dataset. This enhances data visualization, and it favors clustering
of spectra with similar elemental features. Given the heterogeneity of the training dataset,
a large number of principal components are considered for feature extraction. The first data
matrix required a 7-dimensional PCs space, explaining 87% of the total variance, while for
the second matrix a 10-dimensional space had to be considered describing the 96% of the
total variance. As a tool to visualize sample clustering in these PC spaces, a HCA is applied.
The best results of the HCA are achieved when a ward linkage as a similarity measure
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equipped with a Euclidean metric is employed. The Adjusted Rand Index (ARI)—a metric
for evaluating the similarity between two clustering—is used to evaluate the HCA results
and scores of 0.81 and 0.92, for the first and second data matrix, respectively, are obtained
for a 10 cluster prediction. After the training, the validation set is evaluated in this new
space and the HCA is applied on all the 71 samples.

The statistical analysis is carried out using the software environment Colab notebook
6.5.1 (Jupyter Notebook service). The following Python packages were employed for the
study: Numpy and Scipy for pre-processing, Scikit-Learn for the statistical analysis, and
Matplotlib for the plots.

3. Results and Discussion

The training phase is performed on two different datasets, as described below, to
identify the best-performing representation, which is then applied to the validation set.

3.1. Machine Learning Applied to the Semiquantitative Dataset

Machine learning was applied to a 50 x 22 matrix representing the net peak areas
of the detected elements, normalized to the area of the major element in the sample. The
procedure identified a total of 21 elements, with their principal emission lines specified as
follows: Si, S, Cl, K, Ca, Ti, Cr, Mn, Fe, Co, Cu, Zn, As, Se, St, Zr, Cd, Sn, Sb, Hg, and Pb. The
matrix is achieved using the net peak areas of the L line for Hg and Pb, and the K, line for
the other elements. Additionally, for Pb and As, the Lg and K lines are included to resolve
ambiguities caused by the overlap of their principal emission lines, specifically at 10.54 keV
for As-K4 and 10.55 keV for Pb-L«. To mitigate the large variance in intensity of the dataset,
the spectra are normalized. This approach minimizes the classification error caused by
intensity variations and makes the results more comparable to those of the subsequent step.

Seven principal components (PC1 37%, PC2 16%, PC3 11%, PC4 10%, PC5 6%, PC6
4%, and PC7 3%) are able to extract the major elemental features of the dataset. The
first five PCs describe clusters with more than one sample, while the remaining occur only
once within the given dataset. As shown in Figure 2a, PC1 defines pigments with a high
Fe content (a total of 27 samples—orange line) while PC2 is principally described by the
Pb emission lines (green line). PC3 (red line) discriminates between Ca and Cu while PC4
(brown line) negatively weights Cd and Zn. The last category with more than one sample
is Hg and it is highlighted by PC5 (pink line). The last two principal components are linear
combinations of Ti, Cr, K, Co, and Se, and are omitted for clarity.

HCA results are shown in Figure 2b. The first principal component distinguishes the
high Fe content samples (orange clusters) from another heterogeneous cluster. The latter is
further divided based on the main element weighted by each principal component from
two to seven: initially, the Pb and As macro group is split into two clusters based on the
Pb-Lg line value, positively weighted in the PC2 loadings (green line in Figure 2a). Then,
the Ca-based samples (dominant in PC3 loading, represented by the red line in Figure 2a)
are separated from the Cu-based pigments. The two cadmium yellow samples (points
15 and 17) produce a sub-cluster as they share a similar matrix. The remaining cluster
is composed of zinc white, with its benchmark being Zn. Finally, the two cinnabars are
detached from a macro group containing markers with low statistics, weighted by PC6 and
PC7. This group includes points 23, 27, 50, 46, and 47, which are the only representatives of
Ti, Cr, K, Co, and Se benchmarks.
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Figure 2. PCA and HCA on the net peak area matrix: (a) Loading plot for PC1 to PC5 for the PCA on
the 50 x 22 data matrix. PC6 and PC7 are not shown for clarity. (b) Hierarchical clustering analysis
on the normalized data lines matrix. Different colors are used to highlight the groups identified in
the seven PCs space: orange for Fe, green for As/Pb, red for Ca, violet for Cu, brown for Zn and Cd,
pink for Hg, and gray for the other groups. The color code follows the scheme in Figure 1a, except for
the Cu cluster, which is discriminated by PC3 along with Ca. In this case, PC3 is highlighted in red.

3.2. Machine Learning Approach Applied to the Raw Dataset

Machine learning was applied to a 50 x 2022 matrix, derived from the data scaled ac-
cording to their maximum intensity, using the entire spectra. PCA and HCA are performed
on both datasets.

All the channels are considered and included in the PCA algorithm. A total of 10 prin-
cipal components fully describe the dataset, and these will be discussed in detail in the
following section. Figure 3 displays the PC1-PC2 biplot and PCA loading plots. The biplot
(Figure 3a) shows three main groups: in the upper left quadrant, pigments with a high
Fe content are highlighted by the PC2 positive value (blue arrow in Figure 3a describes
the increase in Fe content in this PC space), four points are at PC1 positive values, and
the others have negative PC2 values and a negligible PC1. PC1 describes 40% of the total
variance and it can be attributed to the overall shape of the background and the emission
lines present in all spectra, which are due to environmental and instrumental contributions
from Ni-Ky, Ar-K«, Rh- K4, and Compton (Figure 3b). PC1 clusters two spectra with
positive x values and high background (points 33 and 43) together with the cochineal (23)
and madder lake (19) pigments, whose major lines are K-K and Ca-K« but still have
a significant contribution from Ni, Ar, and bremsstrahlung. Indeed, the PC1 loading plot is
shaped like the typical bremsstrahlung radiation continuum and has contributions from
Ni-K« and Rh elastic and inelastic lines (Figure 3b). PC2 separates Fe-based pigments. The
slightly different variance of indigo (26) from the Fe-earth cluster is due to a great contribu-
tion from lighter elements (C14H14N207) and the background is not negligible anymore. In
this case, the content of Fe can be attributed to contamination from environmental factors
or manufacturing processes.
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Figure 3. Loading plots matrix 50 x 2022. (a) Biplot of PC1 vs. PC2. It shows the blue point
corresponding to the loading values for Fe, while the red points represent the samples. For clarity,
only the Fe loading point is included, providing significant information in this space. Aside from
point 26, points in the first quadrant are not labeled for clarity (points 2, 6, 7, 13, 14, 16, 20, 22, 24,
25, 28,29, 30, 31, 32, 34, 35, 36, 38, 39, 41, 42, and 45) (b) PC1 loading plot as a function of the energy.
The instrumental and environmental contributions are highlighted alongside with the Fe-K« line.
(c) Loading plots from PC2 to PC6. For the heavier elements, the L lines for Pb and Hg are shown
as the main peaks, while K« lines are used for the other elements (Ca, Ti, Cr, Fe, Co, Cu, Zn, As, Se,
and Cd). Because of the overlap between Pb-L (10.55 keV) and As-K (10.54 keV), the respective 31
lines are also displayed. In the PC5 loadings, the As-Kg peak shows an asymmetric shape, which
is due to the contribution from Hg-Lg. (d) Loading plots for PC7 to PC10. The labels for the lines
shown in the previous plot have been omitted for clarity, except for Zn and Cd. These elements’ lines
are emphasized here to highlight the ability of these PCs to discriminate between Zn and Cd.

PC2-PC6 loading plots are shown in Figure 3c. In the figure, seven clusters can be
identified: PC3 discriminates between As and Pb pigments with the Lg line of Pb and
it identifies a sub-cluster for lead tin yellow, Naples yellow, and chrome yellow, which
reports higher values for this PC compared with realgar and orpiment. PC4 describes the
samples characterized by the presence of Cu, while PC5 is a discriminator for the Hg and
As content. Zn and Cd are weighted negatively in all these PCs (see Figure 3c) and they
are eventually differentiated in PC8 (orange line in Figure 3d). PC4 and PC5 are mainly
characterized by a combination of Cu, Hg, Zn, and Cd. In the resulting score plot, a cluster
of three points—48, 15, 17—lying in the direction described by Zn and Cd can be found.
Of these three points, two are related to cadmium yellow in different shades (very light
and medium). These pigments are associated with the presence of both Zn and Cd and
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the relative intensity of the respective Ky lines gives rise to the color difference. Point
48, zinc white, cannot be directly included in a possible Zn group but it could also be
assigned to a Cd cluster. However, as previously pointed out, PC8 separates a Zn sub-
cluster that aggregates points n. 48 and 15. Finally, PC6 identifies the Ca-based pigment
cluster. PC7-PC10 are a combination of Ti, Co, Cr, and Se.

The hierarchical cluster analysis divides the samples based on the elements extracted
from the loading plots. The results of the HCA are displayed in Figure 4. Different colors
highlight clusters based on separate benchmarks: orange for background-dominant spectra,
green for Fe, red for As/Pb, violet for Cu, brown for Hg, pink for Ca, gray for Cd and
Zn, and yellow for the others. The grouping in the HCA follows the order of the PCs.
The first clustering is the same division found in Figure 3, where the points are grouped
according to the background content with PC1. The right group is then divided according
to the subsequent PCs: first the Fe clusters by the effect of PC2, then the As and Pb group
detaches itself from the rest, and so on until the Ca cluster is isolated. Eventually, the
presence of four samples not assigned to any particular category arises: smalt, chrome
oxide green, cadmium red, and titanium white, whose main elements are, respectively, Co,
Cr, Se, and Ti. These elements enter the principal components analysis at lower variances
by including PC7 to 10 (Figure 3c). By considering them, the benchmarks of these points
can be extracted, and the dataset can be fully described.

17.5'1

15.0 A

12.51

10.0 1

7.5 1

Dissimilarity

5.0 1

2.5 4

0oLl [ =

MMM OONONON FOT—=HMANLINONOOLNONNMOA NN 0 —HO NN =T NSO
Mo m T AT NS SN

AN NNM A M

Sample

NFANMNNM N AN M

Figure 4. Hierarchical clustering analysis on the normalized data for the subspace generated by the
first 10 PCs. Each color identifies clusters based on the features extracted from the loadings: orange—
background-dominant samples; green—Fe-based pigments; red—As/Pb; violet—Cu; brown—Hg;
pink—Cd and Zn; gray—Ca; yellow—the others. The color code reflects the choice of Figures 3b and 4.
The Cd and Zn clusters are highlighted in pink as they are discriminated against by PC8. PC7, PC9,
and PC10 describe the yellow cluster.

This approach identifies one additional feature compared to the initial step. The
three featureless samples identified here are dispersed throughout the dendrogram in
Figure 2b. There, black lamps and alizarin are grouped within the Fe cluster. However,
due to their relatively low counts, they are separated from the rest of the group as they
are not normalized with respect to the Fe-K« line (Figure 2b). In fact, the most prominent
line in their raw spectra is the Ni-K« line, which is excluded since it is an instrumental
artifact. As for cochineal, its strongest peak is the K-K line, and it is clustered separately
(point 23). Discrimination based on background content is not observed in this case. This is
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because such differentiation is not possible due to how the data matrix is constructed in
the first step. Specifically, all background information is removed during pre-processing,
treating both organic and inorganic matter the same. This could pose an issue for this kind
of analysis, as true markers might be hidden within the background intensity, which is
absent in the matrix used in the previous step. As a result, efficient differentiation between
these two categories does not emerge. Furthermore, for the same reason, the separation of
indigo and madder lake from their respective clusters, as seen in Figure 3a, is not observed,
and their most intense line can no longer be interpreted as a contaminant.

The sub-clustering shown in Figure 4 is more reliable than that in Figure 2b. In Figure 4,
it is evident that when the entire spectrum is used in the PCA, zinc white (point 48) is
clustered with point 15, whereas in Figure 2b, it is isolated from the other two. This
difference in clustering arises because, in the first approach (Figure 3), only the main lines
of the detected elements are considered. In contrast, in the approach used in Sec. 3.2, the
entire spectrum is taken into account. In this case, the Cd-L lines (Cd-Ly at 3.13 keV, Ly at
3.32 keV, and L, at 3.72 keV) are also weighted. A significant difference in the intensity
of lines within the energy range of 3—4 keV is observed between samples 15 and 17. This
discrepancy is crucial for identifying Zn as a reference for sample 15 and for clustering
it with zinc white. The intensity of these lines is closely related to the Cd content, which
allows for a more accurate grouping of the samples based on their elemental composition.
In both cases a further division in the Fe-based sample cluster due to the calcium content
and in the Ca-based samples due to Fe content is evident.

In this space, ten pigment classes can be identified: a featureless group; pigments
based on Fe, As, Pb, Cu, Hg, Cd, Zn, Ca, and Se; and a heterogeneous class composed of
Ti-, Co-, and Cr-based pigments. Thus, depending on the similarity within these samples,
the elemental benchmarks of an unknown spectra can be identified. In the next section new
samples are injected to evaluate the clustering performance of this representation.

3.3. Validation Matrix

Powders with different purity and particle size that are dispersed in an oil binder are
used as a validation test. These are then combined with the training samples to observe
their spatial distribution within the 10-dimensional principal component (PC) space.

PC1-PC2 and PC2-PC6 biplots with the inclusion of these additional samples are
shown in Figure 5. These two biplots offer enhanced visualization of the featureless, Fe,
and Ca groups.

In Figure 5a, the three organic oil pigments (points 51, 52 and 43-O), having a high
PC1 value, are located in the region with the featureless samples as expected. Also, the
Verona green oil sample (6-O) takes a high PC2 value and falls along the line where Fe
is the benchmark, even though it is detached from the cluster having a larger amount of
background signal and thus a positive PC1 value. The other Fe-based oil pigments are
located in the middle of the Fe cluster as their Fe-Ka line is less attenuated. In Figure 5b,
the PC2-PC6 biplot highlights the Ca and Fe content of the samples. All the Lapis Lazuli-
injected samples (12-VF, 12-F, 12-B, and 12-MQ) have similar PC values to the Ca-based
training samples except for point 12-MQ, which has a strong contamination from iron, as
highlighted by its positive PC2 value (Figure 1c). Although the smaller ratio between Fe and
Ca peaks in the 12-MQ sample, it falls along the Ca cluster line. This biplot also confirms
the association of samples 6-O and 7-O with the Fe cluster, but it also discriminates them
from the rest of the group based on their higher Ca content. As the PC6 value decreases,
two more clusters based on the Ca content can be identified for the Fe-based materials: one
for Fe-based samples with a PC6 < —0.05 and the other for samples with a PC6 < 0.5. Oil
paintings can be seen as a mixture of a pigment and oil whose benchmark is, in this case,
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Ca, due to impurities. The PC value of samples 6-O, 7-O, and 43-O, for example, falls close
to the bisector of the Fe-Ca subspace (Figure 5b) due to the simultaneous presence of these
elements. If mixtures of two or more pigments are included in the test set, their value will
fall along or close to the bisector of the space generated by the loadings described by their
principal elements. In this way they can be easily differentiated from pure pigments. This is
true if the concentration of each pigment is high enough to have their major peak intensities
be comparable. Otherwise, the most abundant pigment will be treated as if it has impurities
coming from other pigment in the mixture, as for example in the case of calcite in earth
pigments, as discussed previously. To assess the quality of these observations and to see
the clustering of the other injected points an HCA was employed on all the samples in the
10-dimensional PC space (Figure 6). The colors in the dendrogram reflect the 10 clusters
found in the previous analysis.

In the dendrogram it can be seen that every injected point belongs to the cluster
expected by the observation of the raw spectra. Also, the three sub-clusters of Fe due to the
Ca content, as discussed earlier, is evident here. The Fe-based oil sub-cluster supports the
idea that mixtures can indeed be meaningfully represented in this PCA space. Additionally,
a clear division in the featureless group is observed. This is because of the different nature of
the samples: the cluster on the left side (points 43-O, 33, and 43) are all synthetic pigments,
thus the impurity concentrations are negligible. The right cluster instead includes natural
pigments in which the counts of the trace elements (K for point 23, Fe for 52 and 51)
are comparable with the background. With this normalization the effect of the pigment
dispersion in oil is mitigated and it only affects the ratio of trace over major elementals,
leaving intact the information on the elemental markers. Applying the methodology to
more complex samples, such as those combining pigment and binder, reveals that the
proposed approach accurately identifies the elemental structure within heterogeneous
pigment datasets. An added value is the scalability of the method to further training
datasets, alongside the ability to increase the complexity of mock-up samples through ad
hoc preparations.
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Figure 5. (a) Biplot of PC1 vs PC2 for all samples. For clarity only the labels of the training points 1, 3,
10,12, 19, 23, 33, 37, 43, and 49 are shown (the omitted points are labeled in Figure 3a). (b) Biplot of
PC2 vs PC6 for all the samples. For clarity training points of the Fe cluster with PC6 < —0.05 are not
labeled (points 2, 7, 13, 14, 16, 22, 24, 25, 28, 30, 31, 34, 36, 38, 39, 41, and 42). Points 46 and 47 are
hidden by points 47-O and 46-O. The color code is the same for both plots: blue points correspond
to the loading values for Fe and Ca, while green and red points represent validation and training
samples, respectively.
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Figure 6. Hierarchical cluster analysis on all the 71 samples after evaluating the validation set in the
10-dimensional principal components representation. From left to right, the clusters highlighted are
as follows: the featureless group, Fe-, As- and Pb-, Ca-, Cu-, Cd-, Hg-, Zn-, Se-based materials, and
the heterogeneous group of Co-, Ti-, and Cr-based pigments.

4. Conclusions

This study demonstrates that the integration of unsupervised machine learning tech-
niques with full spectra X-ray fluorescence (XRF) can significantly enhance the elemen-
tal studies of historical pigments in paintings. A comparative statistical analysis of the
two pre-processing procedures showed the advantages of using the full-spectral data over
conventional elemental pre-treatment. The study demonstrates the advantages of the
method for the extraction of elemental benchmarks on a highly heterogeneous dataset.
The whole-spectrum analysis yielded a complete representation of the dataset, enabling
also the recognition of samples containing organic compounds that have low fluorescence
line intensities and consequently a low signal-to-noise ratio. These results underscore the
importance of preserving complete spectral information, as spectral pre-treatment may
overlook key data that could be crucial for identifying historical pigments in heterogeneous
datasets as real cases. Applying the PC transformation on oil and samples with different
granulometry and purity not employed in the training phase, the method can successfully
recognize the benchmarks of this more complex dataset. This demonstrates the potential
of this approach for rapid identification of unknown samples, even in complex scenarios
involving additives such as binders. This study highlights the value of integrating ad-
vanced data processing techniques with spectral analysis to enhance our understanding of
historical artworks and their material composition. By basing the training phase on a few
simple samples, such as pure pigments, this methodology has demonstrated its potential.
Future work will address more complex scenarios, including pigment mixtures and layered
structures, to show that rapid and accurate identification of elemental benchmarks remains
achievable despite increased data complexity. This approach offers significant advantages
in its capacity to simultaneously process extensive datasets, which are particularly useful
for interpreting real-world scenarios characterized by high heterogeneity.
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Supplementary Materials: The following supporting information can be downloaded at:
https:/ /www.mdpi.com/article/10.3390/chemosensors13080314/s1, Table S1: List of the train-
ing set samples; ID in the INFRA-ART database [1] and the labels in the PCA and HCA plots. The
chemical information available from the pigment producer and in the database are reported in the
last column. The INFRA-ART ID for pure pigments is labelled by the letter P followed by a letter that
encoded the supplier’s name (K-Kremer, M-Maimeri, SE-Sennelier, SC-Schmincke) followed by the
respective catalogue number; Table S2: List of the test set samples, ID in the INFRA-ART database [1]
and the labels in the PCA and HCA plots. The chemical information available from the pigment
producer and in the database are reported in the last column. All the oil samples are supplied by
Maimeri; Figure S1: HCA results on the raw spectra without normalization; Figure S2: HCA results
on the net areas normalized with respect the rhodium Compton peak.
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