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ABSTRACT

Artificial Intelligence (AI) and Machine Learning (ML) are revolutionizing data analysis by introducing
innovative and enhanced methods for data processing. In this article, a chemometric semiquantitative
model based on visible spectroscopy and digital image colorimetry was applied to estimate the metal
content in inorganic pigments. The model utilized Support Vector Machines (SVM) and Artificial Neural
Networks (ANN) regression methods to correlate spectral and colorimetric data with elemental compo-
sition. Replicas were prepared and painted with three red inorganic pigments (cinnabar, hematite and
minium), and they were analysed using portable X-ray fluorescence, visible reflectance spectroscopy,
and digital imaging. Cross-reference between elemental and colorimetric information was performed us-
ing Support Vector Regression and Artificial Neural Networks, and the models were validated through
Venetian-blinds cross-validation. In the calibration step, Root Mean Square Errors (RMSE) for Fe, Pb, and
Hg were 0.03, 3.5, and 3.0 %, respectively, with correlation values (R?) of 0.99, 0.90, and 0.94. For the pre-
diction set, RMSE was 3.0, 2.6, and 2.3 %, for Fe, Pb, and Hg, respectively, with R? of 0.83, 0.92 and 0.81.
This article demonstrates that innovative data treatment models, coupled with non-invasive and portable
techniques, allow us to estimate the content of elements in inorganic pigments in Cultural Heritage sam-

ples.
© 2025 The Author(s). Published by Elsevier Masson SAS. This is an open access article under the CC
BY-NC-ND license (http://creativecommons.org/licenses/by-nc-nd/4.0/)

1. Introduction

destructive methods are often preferred, given that cultural sam-
ples are of great historical and economic value. Another desired

1.1. Analytical investigations of mural paintings

The analysis of wall painting composition is a well-established
area within chemical and spectroscopic applications to Cultural
Heritage. Numerous studies have focused on developing and ap-
plying analytical solutions to specific cases. Non-invasive and non-
destructive methods are often preferred due to the historical
and economic value of cultural samples. Non-invasive and non-

Abbreviations: ANN, artificial neural network; ML, machine learning; PCA, princi-
pal component analysis; RMSE, root mean square error; RMSECV, root mean square
error of cross-validation; RMSEP, root mean square error of prediction; SNV, stan-
dard normal variate; SVM, support vector machine; XRF, X-ray fluorescence.
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property of these techniques is portability, as investigations of his-
torical wall paintings are restricted to in situ methodologies. In
this context, different techniques arise as the most commonly em-
ployed ones.

In terms of elemental composition, X-ray fluorescence (XRF) is
widely used as it combines both desired properties: it provides
information on the elemental composition of the sample without
causing damage to the sample. Additionally, a portable version of
this instrumentation allows for in situ investigations [1]. This tech-
nique provides a semiquantitative result in a fast way, account-
ing for many different elements at the same time. There are some
drawbacks to consider, most of them deriving from the fact that
it is a portable and handheld instrument. One of them is the lack
of sensitivity for some elements, which does not allow for quanti-
fying some light elements in the periodic table [2]. However, XRF
has been extensively applied to investigate the presence and abun-
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dance of pigments in historical artifacts, especially for those with
high atomic number, like mercury, iron, or lead [3].

The irregular shape of the sample can also become a prob-
lem when working with XRF in the field of Cultural Heritage [3],
despite this being rarely the case in wall painting investigations.
It is also interesting to note that portable XRF investigations are
most usually restricted to a point-wise methodology, meaning that
quantifications are carried out for one spot at a time. In the last
years, XRF mapping and imaging instruments have been devel-
oped, allowing for obtaining a spatial distribution of the elemental
composition with high spatial resolution [4] or wider and bigger
samples [5-7]. These instruments are, however, relatively unafford-
able, and some more low-cost solutions have been proposed [8,9].

This technique has been extensively implemented in Cultural
Heritage in numerous case studies. For example, this technique can
be applied to investigate metallic artefacts [10,11], ancient written
manuscripts [12], or remains like amphorae [13]. When it comes
to the investigation of pigments, XRF has demonstrated to be ap-
propriate to investigate the nature of preparatory layers, address-
ing the presence or absence of certain compounds like gypsum in
such layers [14], as well as the presence (or absence) of certain el-
ements characteristic of inorganic red pigments [14,15], like Fe or
Pb. Green and blue pigments have been also analyzed by XRF, iden-
tifying Cu in some frescoes remains [15-17], as well as some other
hues like orange [18]. Interestingly, this technique has also proven
useful to identify painted areas that have undergone color transfor-
mation using elemental information about Pb and As in different
spots in the Pompeii archaeological site [19].

Some other analytical techniques widely employed when inves-
tigating wall painting samples are Raman, FTIR, or VIS-NIR spectro-
scopies. These techniques not only provide information about inor-
ganic compounds, but these also allow to analyze organic compo-
nents. Thus, FTIR has been used to investigate binders that might
have been used to adhere the pigment to the wall [20], or degra-
dation products [21,22]. Raman spectroscopy has also been applied
to characterize mural paintings, both in terms of mortar prepa-
ration, pigment utilization, and restoration steps [23,24]. Visible
reflectance spectroscopy is particularly useful for artworks, as it
allows for spectroscopic description of surfaces in the visible or
near-infrared range. It has been employed to confirm the presence
of cinnabar and iron-based pigments in Roman mural paintings
[25,26], or green pigments in Pompeii mural paintings [27].

1.2. Machine learning and artificial intelligence in the field of cultural
heritage

All the aforementioned traditional techniques have been ex-
tensively applied to the field of analytical investigations in Cul-
tural Heritage. However, given the impressive amount of data these
techniques can generate, their interpretation can sometimes fall
short without proper data treatment techniques.

Chemometrics, Machine Learning (ML), and Artificial Intelli-
gence (Al) are distinct but related fields. Chemometrics applies sta-
tistical and mathematical methods to chemical data, aiding in the
interpretation of complex chemical systems and improving mea-
surement accuracy. Machine learning, a subset of Al, focuses on
developing algorithms that learn from data to make predictions or
decisions across various sectors [28]. ML techniques, including su-
pervised, unsupervised, and reinforcement learning, identify data
patterns to enhance model performance over time. Artificial intel-
ligence is a broader field aiming to create systems that can per-
form tasks requiring human intelligence, such as reasoning, learn-
ing, and problem-solving [29]. Al encompasses ML, natural lan-
guage processing, and robotics, with the goal of replicating human
cognitive abilities.
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While chemometrics specializes in chemical data analysis, ML
is domain-agnostic, and Al seeks to build intelligent systems. Both
ML and chemometrics utilize various algorithms, broadly catego-
rized into supervised and unsupervised learning. The distinction
lies in the presence of prior knowledge in the training data.
Unsupervised learning operates without prior knowledge of an
object’s class or dependent variable value. In contrast, supervised
learning aims to create a model that assigns an object to a group
or predicts a variable’s value. Examples of supervised learning
techniques include logistic regression, decision trees, Support
Vector Machines (SVM), and Artificial Neural Networks (ANN)
[30].

SVM work by finding the optimal hyperplane that best sep-
arates the data points of different classes in an N-dimensional
space. The goal is to maximize the margin between the classes,
which helps in making accurate predictions on new data. There
are two SVM classes, the linear ones used when the data is lin-
early separable, meaning it can be separated by a straight line, and
the nonlinear ones when the data is not linearly separable. It uses
kernel functions to transform the data into a higher-dimensional
space where it becomes separable [31].

ANN is a computational model inspired by how biological
neural networks work in the human brain. It consists of inter-
connected units called neurons, which process information in a
manner similar to the brain’s neurons. The structure consists of
neurons, which are basic units that receive input, process it, and
pass it on to other neurons. Neurons are organized into layers: the
input layer, which receives the initial data, and the intermediate
hidden layers, which process inputs received from the input
layer, sends them to the output layer, which produces the final
output [32].

The application of ML in Cultural Heritage has spanned from
its ability to scan and analyze documents for literature reviewing
purposes [33], scanning the conservation state of buildings [34], to
pigment identification using XRF and pattern recognition [35]. Ra-
man spectra have been thoroughly analyzed using ML and ANNs
in order to create a database containing information about differ-
ent pigments and binders in Roman and Renaissance frescoes [36].
Similarly, visible reflectance spectra obtained from hyperspectral
images were analyzed through ANNs to distinguish pigments in
paintings [37].

It can be observed that ML tools have started to gain signifi-
cance in the field of analytical investigations in Cultural Heritage,
given their potential to analyze big datasets and, at the same time,
model non-linear relationships among variables. A very recent
review has stated “various trends have already emerged in their
implementation, the most notable being their assistance in pro-
cessing and interpreting spectroscopic data for the identification
of historic pigments” [38], demonstrating how the application of
ML to chemical data for historical pigments research is a growing
topic. However, all the information provided so far is limited to
qualitative investigations, i.e., to the classification and/or identifi-
cation of pigments. For example, a model to classify painted spots
in black or white has been reported [39] using visible reflectance
spectroscopy. Addressing a richer color palette, hyperspectral
images in the visible and near infrared regions were used to train
convolutional neural networks. These networks were then applied
to qualitatively identify pigments in different painted surfaces
[40]. A diverse color palette was also created to classify historical
inorganic pigments. In this case, RGB images were input to SVM
and convolutional neural networks, with satisfactory classification
results overall [41].

In this context, this article intends to develop a ML approach
based on SVM and ANN to implement a semiquantitative ap-
proach to estimate the pigment abundance in mural painting
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Table 1
Summary of the different types of samples present in the dataset.
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Table 2
Number of samples per pigment.

Mixtures Elements Proportion Coding Sample Number of samples
Cinnabar - hematite Hg - Fe 0.2 g Hg + 0.6 g Fe Mix A Cinnabar 22
0.6 g Hg + 0.2 g Fe Mix B Hematite 26
Cinnabar - minium Hg - Pb 0.2 gHg + 0.6 gPb Mix C Minium 24
0.6 g Hg + 0.2 g Pb Mix D Mix A 5
Hematite - minium Fe - Pb 0.2 g Fe + 0.6 g Pb Mix E Mix B 5
0.6 gFe +0.2gPb Mix F Mix C 5
Mix D 5
Mix E 5
Mix F 5
replicas from colorimetric information. To that end, digital imag- total 102

ing and visible reflectance spectroscopy were investigated regard-
ing their predictive potential, expanding the current knowledge
present in the Cultural Heritage field regarding quantitative ML
applications.

2. Research aim

This study aims to develop and optimize a non-invasive
methodology for semiquantitative estimation of inorganic red
pigment concentrations in wall paintings. Specifically, it com-
bines non-invasive visible reflectance spectroscopy and smart-
phone imaging with chemometric tools to predict the concentra-
tions of lead, mercury, and iron in red pigments (minium, cinnabar,
and hematite For this purpose, a heterogeneous set of labora-
tory mockups (in terms of elemental composition of the samples)
was prepared, and different colored spots were analyzed, cross-
referencing elemental information with spectral data using Support
Vector Machines and Artificial Neural Networks.

3. Materials and methods
3.1. Mock-up’s preparation

Mockups were prepared following Vitruvius’ guidelines, as com-
piled by Piovesan et al. [42]. Sand and lime were acquired locally
at a construction supply store, and sand was manually separated
into fine sand and coarse sand by sieving.

A ceramic tile served as the porous surface, with layers of sand-
lime mixture applied and allowed to dry between applications.
First, a coarse sand-lime layer in a 3:1 proportion was applied, me-
chanically flattened, and left to dry overnight. Next, on top of that
one, a fine sand-lime layer was applied, once again flattened and
left to dry. Finally, before applying the pigments, a fine layer of
water-suspended lime was applied, on top of which the pigments
were painted on the surface.

Three different chemical species were selected for the pig-
ments: cinnabar, minium, and hematite. These chemicals were ac-
quired via Agaragar (https://agaragar.net/), and the Kremer refer-
ences were as follows: hematite, ref. #48651, minium, ref. 42500,
and cinnabar, ref. #10620.

These solid pigments were suspended in water to use them. In
this regard, masses ranging from 0.2 to 0.8 g were weighted and
suspended in 1 mL of water, shaken, and applied to the wall using
a brush. Consequently, different suspensions were prepared with
a different amount of each pigment. These values were obtained
by trial and error, ensuring a proper suspension that allowed to
work and obtain different colour hues and intensities. Additionally,
binary mixtures of two different pigments were also prepared in a
similar fashion. In total, 0.8 g of pigment was suspended in 1 mL of
water. However, in this instance, a 1:3 proportion among the pig-
ments was employed (i.e., 0.2 g of one pigment + 0.6 g of another
one). In Table 1, the different types of mixtures are summarized.

In total, the dataset was composed of 102 samples, with the
distribution shown in Table 2.
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3.2. Elemental analysis

Elemental composition was measured using a portable XRF
spectrometer (S1 Titan analyzer, Bruker). Using the internal cali-
bration software “GeoChem Trace”, the elemental profile of each
spot was acquired in mass percentage. The instrument uses a Rh
X-ray tube (50 kV), and a X-Flash silicon drift detector (with a res-
olution of 147 eV; FWHM: 5.9 eV), and the measuring spot is 3
mm. Each sample was measured in triplicates in different areas,
and the result was averaged to represent the global concentration
of each sample.

3.3. Colorimetric analysis

Color was measured using two approaches: smartphone-based
imaging and spectrocolorimetry. The colorimetric information ob-
tained through these techniques allowed to objectively determine
the color of the samples, as these record superficial information of
the wall.

3.3.1. Spectrocolorimetric analysis

The visible reflectance spectra of each sample were captured
using a spectrocolorimeter (Konica Minolta CM-26d) in the region
of 400-740 nm, with a 10 nm-step resolution. The illuminant, in
this case, was a reference D65 from a pulsed xenon lamp, and
the instrument was set in the Specular Component Excluded (SCE)
mode with a 10° standard observer. Each sample was measured
three times in three different regions, and the average spectrum
was considered as representative.

3.3.2. Smartphone-based image acquisition

Each tile was photographed under laboratory lighting condi-
tions, in order to acquire images that could be representative of a
real-scenario investigation. In this sense, no strict lighting sources
was applied. As prior research has stated, one needs to consider
some experimental factors when working with smartphones as
colour capturing devices. On the one hand, there is inter-device
variability, and on the other hand, there is external lighting influ-
ence [43].

To tackle these issues, a reference color chart (ColorChecker, 24
colors, 6 gray-scale ones) was included in each photograph. The
real CIELAB descriptors of this ColorChecker were obtained using
the spectrocolorimeter. By comparing the real CIELAB with the val-
ues obtained from the image, linear correction models were cre-
ated. These models allowed to convert raw CIELAB descriptors (in-
fluenced by lighting conditions and device characteristics) into in-
dependent CIELAB values. Subsequently, these models were applied
to the raw CIELAB values of the samples, converting them into cor-
rected CIELAB. This approach has previously been demonstrated
to correctly deal with the color characterization of digital cameras
[44-46].
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Table 3
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Descriptive statistics of the elemental composition of the samples as measured using XRF. Results are expressed in mass percentage.

Types of samples

Cinnabar Hematite Minium Mix_A Mix_B Mix_C Mix_D Mix_E Mix_F
(n=22) (n = 26) (n=24) (n=15) (n=5) (n=5) (n=25) (n=15) (n=5)
Hg Median 15 0.005 0.026 8.1 13 5.0 13 0.040 0.029
Min 2.03 0 0 75 7.9 32 10.1 0.03 0.01
Max 60.74 0.02 0.06 94 164 6.0 16.3 0.05 0.04
Fe Median 0.103 8 0.126 17.9 4.0 0.130 0.098 4.0 14
Min 0.08 0.3 0.11 17.2 3.08 0.11 0.09 2.7 11.1
Max 0.13 21.9 0.18 18.7 4.32 0.15 0.10 53 19.3
Pb Median 0.1 0.00 8 0.031 0.052 26 6 21 5.1
Min 0.018 0 0.18 0.03 0.03 15.0 3.0 12.0 34
Max 1.9 0.15 46.6 0.04 0.06 294 8.7 314 74

3.4. Data treatment: preprocessing, model creation and validation

Chemometric analyses were conducted using Solo, version
9.3 (Eigenvector Research, Inc., Wenatchee, WA, USA). Regarding
the regression models using spectral data, various pre-processing
methods such as Mean Centering, Standard Normal Variate, and
Savityzky-Golay Derivatives were evaluated to develop the selected
prediction models. For the models created using CIELAB descrip-
tors, all models were performed using data autoscaling.

Quantitative models were created using 67 % of the samples
(68) for calibration and 33 % (34) for validation, including samples
from all different types. Sample selection was performed using the
Kennard-Stone algorithm [47]. Data was column-autoscaled before
applying the algorithms.

Several chemometric models were developed using Support
Vector Machine (SVM) regression models using radial basis func-
tions and Artificial Neural Network (ANN) regression models using
the back-propagation neural network algorithm.

The constructed models were internally validated using the
Venetian blinds (20 %) cross-validation method. Model parameters
such as the R> coefficient, the root mean squared error of calibra-
tion (RMSEC), and the root mean squared error of cross-validation
(RMSECV) were considered for selecting the best model. The pre-
diction capacity of the models was evaluated using various statisti-
cal parameters, including the root mean squared error of prediction
(RMSEP) for the validation set samples.

Y (9’
n—1

Where yi is the reference value of the sample i, §i is the pre-
dicted value of the sample i, and n is the number of samples in
the set (calibration, cross-validation or prediction).

The optimal model selection was achieved considering the
highest R? between predicted and reference values, the lowest
RMSE (Eq. (1)), and the lowest bias (Eq. (2)), for calibration, cross-
validation and prediction.
Y (3i-vi)

n

Bias =

(2)

4. Results and discussion
4.1. Elemental composition of the samples

The elemental composition of the 102 samples is summarized
in Table 3. Results demonstrate that the replicas’ preparation al-
lowed to accomplish the main objective of that part: to obtain het-
erogeneity in terms of elemental composition of the samples. Thus,
these elemental composition values were then employed to build
the predictive regression models that will be explained in the fol-
lowing sections.
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4.2. Colorimetric description of the samples and quality of the
camera characterization

The quality of smartphone-based color characterization was
validated by comparing CIELAB values with those obtained from
the spectrocolorimeter. To compare reference (spectrocolorimeter)
CIELAB values with smartphone imaging CIELAB ones (obtained as
described in 3.3.2), the CIEDE2000 values were computed. These
formulae represent the reference approach to compare two sets of
colors. Thus, the real CIELAB values of each sample were compared
with the ones obtained by imaging, obtaining a CIEDE2000 value.
The final result for the whole dataset for CIEDE2000 was (4.8, 5.9)
units, expressed as the confidence interval at 95 % probability. This
range is in good accordance with values previously presented in
the literature addressing color difference in Cultural Heritage [48-
50]. Additionally, it should be noticed that these CIEDE2000 val-
ues have been obtained through a very simple and straightforward
camera characterization process, providing a very convenient bal-
ance between methodological complexity and the accuracy of the
results.

In terms of chromatic diversity, Table 4 represents how the dif-
ferent elemental compositions (Table 3) reflect on the final color
as registered by the images.

As regards to reflectance spectra of the samples, Fig. 1 shows
the average spectra for each sample type (i.e., per kind of pigment,
either pure or mixture).

4.3. Regression methods to estimate the elemental composition

Using the information shown in Sections 4.1 and 4.2, two differ-
ent Machine Learning techniques were employed to estimate the
elemental profile in the samples: Support Vector Machines (SVM)
and Artificial Neural Networks (ANN). These models were created
using the colorimetric information (either the spectra or the color
descriptors) as predictors of the response variable (elemental con-
tent of all three elements: Fe, Pb, and Hg).

In each case, the quality of the models was assessed in terms
of the error of prediction of the calibration, cross-validation and
prediction steps, as described in Section 3.4.

4.3.1. Prediction using digital imaging color values

Three different models were trained using the digital color val-
ues as predictors and the elemental contents (in mass percentage),
one for each element. Results are synthesized in Table 5.

The results demonstrate how the ML methodologies’ ability to
capture and represent non-linear relationships allows them to pre-
dict metallic content in the samples. The results showed outstand-
ing correlation values (R2) for calibration, cross-validation, and
prediction sets, with RMSEP below 4.0 % for the prediction sets.
Additionally, no relevant bias is observed in any case.
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Table 4
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Descriptive statistics of the color parameters of the samples. Results of the confidence interval are expressed for 95 % probability.

Types of samples

Cinnabar Hematite Minium Mix_A Mix_B Mix_C Mix_D Mix_E Mix_F
(n=22) (n = 26) (n=24) (n=5) (n=5) (n=5) (n=25) (n=5) (n=5)
L* Clgs (57, 66) (40, 51) (64, 71) (33, 35) (36, 38) (58, 60) (54, 57) (43, 46) (33, 35)
min 48.9 32.7 55.2 324 35.5 57.3 52.8 42.5 335
max 88.3 79.8 88.0 34.8 37.8 60.2 57.2 47.4 35.9
a* Clgs (24, 33) (20, 25) (23, 32) (19, 22) (26, 27) (45, 48) (45, 47) (34, 35) (22.6, 23.4)
min 4.5 0.6 5.8 17.7 25.9 44.2 45.0 334 224
max 40.8 47.0 28.1 22.1 27.5 47.6 47.6 35.7 235
b* Clgs (18, 25) (18, 21) (36, 46) (17, 20) (23, 24) (49, 54) (42, 45) (34, 36) (21, 22)
min 4.4 8.9 5.7 15.5 22.7 46.9 41.2 33.9 214
max 313 26.1 55.3 19.9 24.5 52.8 44.5 35.7 21.9
Table 5
Prediction parameters of the ML models using color descriptors.
Element Parameter Algorithm Step
Calibration Cross-validation Prediction
Hg RMSE SVM 454 6.57 4.03
R? 0.85 0.65 0.57
Bias -0.73 -0.55 0.13
Fe RMSE SVM 0.80 1.39 2.56
R? 0.98 0.93 0.89
Bias 0.04 0.001 -0.20
Pb RMSE SVM 2.61 3.58 3.72
R? 0.93 0.84 0.88
Bias -0.33 0.01 0.25
*RMSE and Bias are expressed as mass percentage.
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Fig. 1. Reflectance spectra for each kind of pigment. In blue, the average spectra. In light grey, the standard deviation.

When it comes to the prediction using spectral data, results are
summarized in Table 6.

In terms of prediction error, it can be observed that Fe is pre-
dicted with very good performance using both approaches: imag-
ing and the spectral fingerprint. Regarding the prediction of Hg,
results are improved when spectral data is used in comparison to
digital imaging. This improvement is also observed for Pb, with in-
creased correlation values (R?) and lower bias and RMSE for the
prediction set.

The improvement observed when applying the spectral data
compared to the imaging procedure is most probably because dig-
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ital imaging devices, like smartphone cameras, work by condens-
ing spectral information into three unique channels [51,52]. In this
regard, all the spectral features that are originally present in the
spectra shown in Fig. 1 are mathematically condensed into three
channels by integration in specific zones of the visible range. Thus,
the total amount of information is significantly reduced from 34
variables (range from 400 to 740 nm, in 10 nm steps) to only three
variables (the original RGB coordinates that are subsequently trans-
formed).

A Principal Component Analysis (PCA) of the spectral data (SNV,
mean centered), shows some deeper insights into these results.
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Fig. 2. Loadings for the three main principal components of the spectral dataset.

Table 6
Prediction parameters of the ML models using spectral data.
Element Parameter Algorithm Step
Calibration Cross-validation Prediction
Hg RMSE SVM 2.95 4.97 2.30
R? 0.94 0.80 0.81
Bias -0.11 -0.28 0.80
Fe RMSE SVM 0.03 0.95 2.99
R? 0.99 0.94 0.83
Bias 0.005 0.04 0.17
Pb RMSE ANN 3.50 5.90 2.63
R? 0.88 0.66 0.92
Bias -0.09 -0.89 -1.02

*RMSE and Bias are expressed as mass percentage.

First, the three first principal components reach a total of 99.2 %
variance explained (72.1 % for PC1, 98.0 % accumulated variance
explained if PC2 is considered). This result demonstrates how most
of the significant information available in the visible range can be
condensed into three channels with a minimal loss of information
(in this case, 0.8 % of the total variance of the dataset). Second, the
loadings of the three main principal components allow to obtain
Fig. 2.

Most of the information is comprised from approximately 530
nm onwards, as the spectra shown in Fig. 1 do not present distinc-
tive features before that point.

4.4. Potential applications and model usability

In spectral terms, the predictive capability of the developed
models is constrained to the spectral variability encompassed
within the training dataset. This implies that only visible re-
flectance spectra falling within the modeled domain can be reli-
ably predicted in both spectrally and by using CIELAB data from
mobile phone images, where predictions are valid only within the
colorimetric range captured during model development.
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Nevertheless, due to the robust design of experiments imple-
mented in this study, the models demonstrate the ability to semi-
quantitatively predict the presence of red pigments, specifically
cinnabar, hematite, and minium, in wall painting samples. These
results highlight the potential of the methodology for practical ap-
plications in cultural heritage studies.

The performed models could also be employed by other re-
searchers, provided that the red pigments under investigation cor-
respond to those included in the training set. To ensure compatibil-
ity of the mobile images, it is essential to normalize them prior to
the CIELAB transformation step. This preprocessing step mitigates
variability introduced by differing lighting conditions and device-
specific color responses, thereby aligning the input data with the
conditions under which the models were developed.

Regarding the use of data from other colorimeters, it is some-
thing more critical, because of instrumental differences, but these
differences can be overcome by doing data transformation. When
these conditions are met, the models offer a practical and accessi-
ble tool for the semiquantitative analysis of red pigments in mural
paintings using mobile imaging technologies.

5. Conclusions

This study successfully demonstrates the potential of combin-
ing non-invasive visible reflectance spectroscopy with chemomet-
ric tools to estimate inorganic pigment concentrations in wall
paintings. SVM and ANN provided reliable semiquantitative predic-
tions of lead, mercury, and iron concentrations in red pigments.

The non-invasive nature of this methodology ensures the
preservation of cultural heritage artifacts while providing essential
compositional data. SVM and ANN proved effective in correlating
spectral data with elemental concentrations, highlighting their util-
ity in the field of art conservation. This approach can be applied to
in-situ analysis of historical wall paintings, offering a valuable tool
for conservators and researchers.

Overall, the study provides a robust framework for the non-
invasive analysis of inorganic pigments, paving the way for further
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advancements in preserving and understanding cultural heritage.
This methodology not only enhances the accuracy of pigment anal-
ysis but also ensures the integrity and longevity of precious art-
works.
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