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Abstract 

X-ray fluorescence (XRF) spectroscopy is an analytical technique used to identify chemical elements that has found 
widespread use in the cultural heritage sector to characterise artists’ materials including the pigments in paintings. 
It generates a spectrum with characteristic emission lines relating to the elements present, which is interpreted by 
an expert to understand the materials therein. Convolutional neural networks (CNNs) are an effective method for 
automating such classification tasks—an increasingly important feature as XRF datasets continue to grow in size—
but they require large libraries that capture the natural variation of each class for training. As an alternative to having 
to acquire such a large library of XRF spectra of artists’ materials a physical model, the Fundamental Parameters (FP) 
method, was used to generate a synthetic dataset of XRF spectra representative of pigments typically encountered 
in Renaissance paintings that could then be used to train a neural network. The synthetic spectra generated—mod-
elled as single layers of individual pigments—had characteristic element lines closely matching those found in real 
XRF spectra. However, as the method did not incorporate effects from the X-ray source, the synthetic spectra lacked 
the continuum and Rayleigh and Compton scatter peaks. Nevertheless, the network trained on the synthetic dataset 
achieved 100% accuracy when tested on synthetic XRF data. Whilst this initial network only attained 55% accuracy 
when tested on real XRF spectra obtained from reference samples, applying transfer learning using a small quantity 
of such real XRF spectra increased the accuracy to 96%. Due to these promising results, the network was also tested 
on select data acquired during macro XRF (MA-XRF) scanning of a painting to challenge the model with noisier 
spectra Although only tested on spectra from relatively simple paint passages, the results obtained suggest that the 
FP method can be used to create accurate synthetic XRF spectra of individual artists’ pigments, free from X-ray tube 
effects, on which a classification model could be trained for application to real XRF data and that the method has 
potential to be extended to deal with more complex paint mixtures and stratigraphies.
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Introduction
X-ray fluorescence (XRF) spectroscopy is a non-invasive 
analytical technique for identifying chemical elements 
that has been used extensively to study works of art [1, 2]. 
It involves measuring the energy of characteristic X-rays 
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that are emitted when a sample is irradiated with photons 
from an X-ray source. The energy of the emitted X-rays 
is characteristic of each element, enabling identification 
of the elements present in a sample. With the develop-
ment of scanning XRF systems capable of acquiring data 
on a macro scale (MA-XRF scanning), XRF is increas-
ingly being used for in situ analysis of entire works of art, 
particularly relatively flat objects such as paintings and 
illuminated manuscripts, rather than just for individual 
point measurement [3–6]. While both types of systems 
provide information about the elemental composition in 
surface and subsurface layers, macroscale scanning sys-
tems can generate sub-millimetre resolution maps show-
ing the spatial distribution of elements across an object. 
These maps provide a crucial tool to help understand 
an artist’s materials and technique and to visualise sub-
surface features of paintings. However, depending on 
spectral quality and the energy overlap of characteris-
tic X-rays, reliance on element distribution maps can be 
misleading as an individual map can sometimes include 
features that are in reality associated with other elements 
or background scatter, for example. Furthermore, using 
XRF data to identify materials such as pigments used 
by an artist typically relies on comparison of the signal 
associated with multiple elements, which can be accom-
plished in a more quantitative manner by working with 
XRF spectra. Identifying the pigments present in an 
object is important to inform conservation, storage and 
display decisions, and can also be useful to confirm an 
artist’s palette or to aid in dating and attribution. How-
ever, to accomplish this using XRF requires background 
knowledge about the chemical composition of pigments 
available when the painting was created, as well as an 
understanding of the expected XRF spectra based on 
considerations such as energy-dependent detection sen-
sitivity as well as secondary interactions between X-rays 
emitted from elements in layered pigment mixtures.

Strategies developed to reduce the burden of XRF 
spectral analysis for pigment classification have focused 
on dimensionality reduction via endmember identifica-
tion and automation of aspects of the process. A num-
ber of methods exist to assign XRF spectra to chemical 
elements based on peak fitting or detection algorithms, 
requiring varying degrees of expert user input [7–13]. 
Extending this element assignment to pigment classifica-
tion, Conover compared the elements detected in each 
spectrum to a table of expected major elements for each 
pigment [12]. However, as several pigments share major 
elements, distinguishing between them based on these 
alone was impossible and so the presence of elements in 
XRF spectra was instead used to improve pigment clas-
sification primarily based on the use of reflectance spec-
troscopy data. Alternative strategies have used the XRF 

spectra directly for pigment classification or clustering. 
Martins et  al. implemented multivariate curve resolu-
tion—alternating least squares, a spectral unmixing 
method, with the aim of identifying pure components (in 
this case paints or their constituent pigment and fillers) 
in MA-XRF data of paintings with mixtures and layered 
compositions [14, 15]. However, the number of endmem-
bers must be input, requiring some exploration of the 
data both visually and statistically before spectral unmix-
ing can be performed and the identity of the endmem-
bers assessed. Another approach by Kogou et al. reduced 
an MA-XRF dataset of a watercolour painting to a small 
number of mean cluster spectra using a self-organising 
map, an unsupervised machine learning method [16]. 
Here, however, some data reduction, namely summing of 
spectral bins around characteristic X-ray lines of interest, 
is needed to maintain a small number of output clusters 
that can then be manually interpreted.

Convolutional Neural Networks (CNNs) are a type of 
supervised machine learning technique commonly used 
for automating classification problems [17, 18], which 
learn from data without having to be fed explicit instruc-
tions or a model. They do, however, rely on large sets of 
labelled data for each class to train the CNN-based classi-
fication model. While such an approach could be used to 
develop an automatic classification model for pigments 
based only on XRF spectra but with no other user input, 
the databases of XRF spectra of pigments that are cur-
rently available provide only a single, representative XRF 
spectrum for each pigment (often acquired from mod-
ern, commercially available pigment samples) and so do 
not necessarily reflect the compositions of historical pig-
ments, nor the compositional variations often encoun-
tered, particularly with pigments derived from mineral 
sources and in terms of the minor elements detected. 
CNNs have indeed been successfully used for pigment 
classification using reflectance spectral data collected 
on 14th century illuminated manuscripts [19]. In this 
research, sections of well-characterised and representa-
tive regions of the manuscripts were manually labelled, 
either as single pigments, or as mixtures of two pigments, 
to train the neural network. Whilst this approach over-
came the issue of finding a large dataset for training by 
labelling real data, it meant that the model was limited 
by the composition of pigments and mixtures present in 
the selected training sets. Thus, while it performed well 
on the particular manuscripts studied, this CNN would 
not necessarily work for other artworks nor for pigments 
not represented in the manuscripts. Furthermore, as the 
model did not use a physics-based approach, the possibil-
ity to obtain quantitative information regarding the con-
centrations of the materials and pigment mixtures could 
not be determined.



Page 3 of 14Jones et al. Heritage Science           (2022) 10:88 	

In this research, in order to train a CNN for automatic 
pigment classification, a large dataset of synthetic XRF 
spectra was generated using the Fundamental Parameters 
(FP) method, a physical model based on Sherman’s equa-
tions for generating XRF spectra of a sample of known 
composition [20]. The equations describe how the inten-
sity of the fluorescence emitted by the elements in a sam-
ple is proportional to their concentration. The coefficient 
of proportionality is defined by a collection of physical 
coefficients called fundamental parameters and varies for 
each element and characteristic line. Therefore, to create 
synthetic spectra using the FP method, the concentration 
of each element in a sample (rather than simply whether 
an element is present or not) must be known, as well as 
the values for the various fundamental parameters. The 
FP method has previously been shown to be effective in 
the context of XRF analysis of paintings, for example to 
model absorption effects caused by paint layering and to 
correct for working distance variations caused by irregu-
lar paint surfaces [21, 22]. To allow for the variability of 
composition observed for historical pigments, multiple 
synthetic XRF spectra were generated for each pigment 
by varying the concentrations of the characteristic ele-
ments in each pigment. Once the synthetic dataset was 
generated, it was used to train a CNN, the performance 
of which was then tested using both synthetic XRF spec-
tra and real XRF spectra collected in the National Gallery, 
London from reference materials of known composition. 

The CNN was then further fine-tuned using transfer 
learning techniques leveraging a small portion of the 
real XRF spectra collected [23–26]. This paper outlines 
the process of creating the synthetic dataset, training 
and fine-tuning the CNN, and also presents preliminary 
results from the classification model on a real XRF data-
set of a painting.

Method
Selection of pigment classes
Due to the large variety of pigments used by artists 
throughout history, this study was focused on a selec-
tion of pigments typically encountered in Renaissance 
painting, [27] and therefore representative of the pig-
ments present in a significant number of paintings in 
the National Gallery. This approach could, however, be 
extended to any set of pigments provided their elemen-
tal compositions are known. As some pigments, such as 
red lead and lead white, cannot be distinguished using 
XRF alone, they were grouped into a common pigment 
class (Table  1). This resulted in a total of 15 pigment 
classes: arsenic sulphides (orpiment and realgar); bone 
black (including ivory black); chalk; copper pigments 
(azurite, malachite and verdigris); gold (gold leaf ); green 
earth; gypsum; iron earth pigments (red ochre, yellow 
ochre and sienna); lead–tin yellow (types I and II); lead 

Table 1  Summary of pigment classes and data used to generate synthetic spectra

Pigment classes in italics use the theoretical formulas listed to generate synthetic spectra. See Table 2 for quantitative values for all pigment classes, sourced from the 
references listed

Pigment class Description of data References

Arsenic sulphides Average of theoretical orpiment (As2S3) and realgar (As4S4) [27]

Bone black Average of values reported for bone black (1:18 Mg:Ca) and ivory black (1:8 Mg:Ca) from SEM–EDX measurements [28]

Chalk Theoretical calcite (CaCO3) [27]

Copper pigments Average of theoretical azurite (2CuCO3·Cu(OH)2), malachite (CuCO3·Cu(OH)2) and verdigris (Cu(CH3COO)2Cu(OH)2·5H2O) [27]

Gold Average of values for gilding on 14–15th century German and Swiss polychrome wooden sculptures from SEM–
EDX measurements

[29]

Green earth Average of values for Bohemian, Cypriot and Italian green earth pigment powders from SEM–EDX measurements [30]

Gypsum Theoretical gypsum (CaSO4•2H2O) [27]

Iron earth pigments Average of values for iron earth pigment powders sourced across Europe from SEM–EDX and quantitative XRD 
measurements

[31, 32]

Lead–tin yellow Average of values reported for lead–tin yellow types I and II in 14–15th  century Italian paintings from SEM–EDX 
measurements

[33]

Lead pigments Average of theoretical red lead (Pb3O4) and average hydrocerussite (Pb3(CO3)2(OH)2)/cerussite (PbCO3) content of 
lead white in 14–16th century European paintings from synchrotron XRD measurements

[34]

Naples yellow Theoretical Naples yellow (Pb2Sb2O7) [27]

Smalt Average of values for smalt in sixteenth century Netherlandish and French paintings from SEM–EDX measurements [35]

Ultramarine Average of values for lapis lazuli in 14–18th century European paintings from SEM–EDX measurements [36]

Umber Average of values for umber pigment powders sourced across Europe from SEM–EDX measurements [32]

Vermilion Theoretical vermilion (HgS) [27]
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pigments (lead white and red lead); Naples yellow; smalt; 
ultramarine (lapis lazuli); umber; and vermilion.

 Many of the pigments included are either naturally 
occurring minerals or use such materials in their syn-
thesis, which can result in varied elemental composi-
tions for pigments in historical paintings, as can the 
method of manufacture. To account for this, at least to 
some extent, data sourced from quantitative studies of 
the elemental composition of historical pigment samples 
where it was available were averaged and standard devia-
tions determined, and this data was then used in the FP 
method calculations (Tables  1 and 2). Other commonly 
used pigments of the Renaissance, for example carbon-
based blacks and organic colourant-based pigments such 
as lake pigments or indigo, were omitted due to their lack 

of characteristic elements detectable using typical XRF 
instrumentation. It should also be noted that a number 
of the pigments included in this study also contain char-
acteristic elements that cannot be detected using typi-
cal XRF instrumentation, such as magnesium present in 
bone and ivory black,[28] but all of these characteristic 
elements were included in the FP method modelling. 
Other elements that are known to be commonly associ-
ated with certain pigments—such as strontium substi-
tution in gypsum commonly seen in gesso on paintings 
[27, 37] or barium and zinc-containing accessory miner-
als often associated with azurite [38]—were omitted as 
they have not been robustly quantified in historical paint 
samples.

Table 2  Weight % by element (average +/- standarddeviation) for each pigment class used to generate synthetic spectra

Values are sourced from studies with quantitative SEM–EDX or XRD measurements, or (when in italics) using theoretical formulas as noted (with source references 
provided) in Table 1

Pigment class H C O Na Mg Al Si P S Cl K Ca Ti

Arsenic sulphides – – – – – – – – 35 ± 6 – – – –

Bone black 0 ± 0 10 ± 0 36 ± 1 – 3 ± 2 – – 16 ± 0 – – – 35 ± 1 –

Chalk – 12 ± 0 48 ± 0 – – – – – – – – 40 ± 0 –

Copper pigments 2 ± 2 8 ± 3 42 ± 9 – – – – – – – – – –

Gold – – – – – – – – – – – – –

Green earth – 0 ± 0 44 ± 1 0 ± 0 3 ± 1 3 ± 2 26 ± 3 0 ± 0 – – 6 ± 2 2 ± 2 1 ± 1

Gypsum 2 ± 0 – 56 ± 0 – – – – – 19 ± 0 – – 23 ± 0 –

Iron earth pigments 1 ± 1 1 ± 2 47 ± 5 – 1 ± 3 6 ± 6 16 ± 11 – 4 ± 6 – 1 ± 1 8 ± 10 0 ± 1

Lead–tin yellow – – 13 ± 3 – – – 3 ± 4 – – – – – –

Lead pigments 0 ± 0 2 ± 2 13 ± 4 – – – – – – – – – –

Naples yellow – – 15 ± 0 – – – – – – – – – –

Smalt – – 44 ± 2 0 ± 0 – 0 ± 0 33 ± 2 – – – 5 ± 5 1 ± 1 –

Ultramarine – – 35 ± 12 11 ± 2 0 ± 0 17 ± 1 22 ± 2 – 6 ± 2 1 ± 1 3 ± 3 4 ± 2 –

Umber 1 ± 1 1 ± 2 47 ± 5 – 1 ± 0 4 ± 2 15 ± 6 0 ± 0 2 ± 3 – 1 ± 0 2 ± 1 –

Vermilion – – – – – – – – 14 ± 0 – – – –

Pigment class Mn Fe Co Ni Cu As Ag Sn Sb Au Hg Pb Bi

Arsenic sulphides – – – – – 65 ± 6 – – – – – – –

Bone black – – – – – – – – – – – – –

Chalk – – – – – – – – – – – – –

Copper pigments – – – – 48 ± 14 – – – – – – – –

Gold – – – – 0 ± 1 – 1 ± 1 – – 99 ± 2 – – –

Green earth 0 ± 0 16 ± 2 – – – – – – – – – – –

Gypsum – – – – – – – – – – – – –

Iron earth pigments 0 ± 0 16 ± 13 – – – – – – – – – – –

Lead–tin yellow – – – – – – – 16 ± 6 – – – 68 ± 4 –

Lead pigments – – – – – – – – – – – 85 ± 8 –

Naples yellow – – – – – – – – 32 ± 0 – – 54 ± 0 –

Smalt – 3 ± 1 4 ± 1 1 ± 0 – 8 ± 3 – – – – – – 1 ± 1

Ultramarine – – – – – – – – – – – – –

Umber 2 ± 3 25 ± 10 – – – – – – – – – – –

Vermilion – – – – – – – – – – 86 ± 0 – –
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Collection of real XRF spectra (from reference materials 
and paintings)
Single point spectra and area scans were collected with 
a macro XRF (MA-XRF) scanner (M6 Jetstream, Bruker 
Corp.). The M6 Jetstream is equipped with a 30 W rho-
dium X-ray tube with polycapillary optics, here oper-
ated at 50  kV and 600  μA, as well as a 60  cm2 silicon 
drift detector set to detect 275  kilocounts/s; the source 
and detector are in fixed positions normal to and at 60° 
relative to the target surface, respectively. For all meas-
urements the instrument was operated with a 580  μm 
excitation spot size, leaving an approximately 25 mm air 
gap between the X-ray tube nose piece and the target 
surface.

When acquiring XRF spectra from reference pigment 
samples, two distinct batches or varieties of pigment 
within each class were selected from among the com-
mercially available and historic reference pigments in 
the collection of the National Gallery (except for the cop-
per pigments class where one batch of each of azurite, 
malachite, and verdigris was used), and analysed either 
directly on powdered samples or on samples previously 
painted in various binding media on inert substrates for 
other studies (detailed in Additional file 1). Five spectra of 
each sample were collected with 15 s of real time acquisi-
tion. Although many of the pigment reference samples 
used are commercially available pigments that differ in 
composition from historical pigments or are samples that 
may not have been processed using traditional method, 
the elemental compositions of most of the pigment refer-
ence samples used have been previously characterised in 
other studies (see Additional file 1) [39–41]. It should be 
noted that the compositions of these pigment reference 
samples were not used to inform the elemental composi-
tions noted in Table 2, although as discussed later in the 
paper, these spectra were used to refine the CNN model. 
Each of the resulting spectra from the reference samples 
were assessed and labelled using MATLAB for use as test 
data.

In order to determine the sensitivity of the MA-XRF 
instrument over the measured energy range for the crea-
tion of synthetic XRF spectra (described below), addi-
tional spectra of elemental standards (Bruker Corp.) were 
collected using the M6 Jetstream under the same experi-
mental conditions as the pigment samples (see Addi-
tional file 1).

Select regions of the painting Saint Michael Triumphs 
over the Devil by Bartolomé Bermejo (NG6553, National 
Gallery, London) were scanned also with the M6 Jet-
stream under similar conditions as point measurements. 
With the same 580 μm excitation spot size, the scanning 
was completed with 580 μm spacing between pixels and a 
dwell time of 10 ms/pixel.

Creation of synthetic XRF spectra
The model used in this research only accounted for pri-
mary fluorescence of single layered samples, though more 
complex models that include secondary fluorescence and 
layered samples can also be incorporated in future work. 
Therefore, the FP method equation used in this research 
to calculate the intensity of primary fluorescence emitted 
by the element i in a sample of mass thickness d is:

where G is the geometrical factor accounting for the 
detected irradiated sample area, Ci is the concentration of 
the i-th element, ǫi is the excitation factor of the i-th ele-
ment, τi,� are the photoelectric absorption coefficients for 
element i at irradiation wavelength � , µ′

�
=

µ�

sinψ1
 where 

µ� is the mass absorption coefficient of the sample at 
irradiation wavelength � , µ′

i =
µi

sinψ2
 where µi is the mass 

absorption coefficient of the sample at the fluorescence 
emission wavelength �i , ψ1 is the angle of incidence and 
ψ2 is the angle towards the detector [42]. The geometrical 
factor G is calculated as described by de Boer, where G is 
proportional to the solid angle contained by the detector 
surface ΔΩ/4π, the irradiated sample width perpendicu-
lar to the surface w, the incident beam diameter d0, and 
1/a2 where a is the distance from source to surface [43]. 
The values for the characteristic energies, relative line 
intensities and jump ratios were taken from Elam et al., as 
were the fluorescence yields [44]. However, the value for 
the Ca-K shell in Elam et al. was updated to 0.166 accord-
ing to Wolff et  al., and the absorption coefficients were 
calculated using the tables in Thinh and Leroux [45, 46].

To create the synthetic XRF spectra and to account for 
the variable elemental compositions of historical pig-
ments, the mean and standard deviation of the concen-
tration of the elements in the pigments of interest were 
calculated by aggregating quantitative data available in 
the literature obtained from historic paint samples and 
using theoretical stoichiometric compositions for pig-
ments where appropriate (see Additional file  1). Based 
on this information, 200 spectra were then created for 
each pigment class, resulting in a dataset containing 3000 
spectra in total. The concentrations used to generate the 
spectra were chosen randomly from a normal distribu-
tion characterised by the means and standard deviations. 
The intensities of the characteristic X-ray lines were cal-
culated for each element using Eq.  1 and the resulting 
signals summed together to produce the full spectrum 
for a pigment (Fig. 1a). In order to create the character-
istic Gaussian-shaped fluorescence peaks (Fig.  1b), the 

(1)

Pi(�) =
G

sinψ1

Ciǫi
τi,�

µ′

�
+ µ′

i

{

1− exp
{

−
(

µ′

�
+ µ′

i

)

d
}}
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characteristic X-ray lines were then convolved with a 
Gaussian function with variance σ2 described as follows:

where noise is the electronic contribution to the peak 
width fano is the fano factor, Ej is the energy of the char-
acteristic line in keV, and 0.00385 is the energy in keV 
required to create an electron–hole pair in silicon [10]. 
The noise and fano values used were as determined by 
fitting acquired XRF spectra using PyMCA. Finally, it is 
well known that the M6 Jetstream MA-XRF instrument 
used for this study has limited sensitivity to detect high 
energy X-rays, particularly K lines higher in energy than 
those of the rhodium X-ray source, due to its use of poly-
capillary optics [4]. A sensitivity curve was therefore 
experimentally derived for the entire energy range of the 
detector (see Additional file  1) and applied to the syn-
thetic XRF spectra to adjust the expected fluorescence 
peak intensities (Fig. 1c) for final comparison to acquired 

(2)σ 2
=

(

noise

2.3548

)2

+ 0.00385 ∗ fano ∗ Ej

XRF spectra (Fig. 1d). The FP method was implemented 
using MATLAB and a script was written to automatically 
generate normalised synthetic spectra for the different 
pigments and produce the corresponding labels.

Convolutional neural network for classification of artists’ 
pigments
A CNN was trained to classify XRF spectra into one of 
the 15 pigment classes using the Python library Keras 
v2.4.2 [47]. The network was comprised of three convo-
lutional layers with max pooling layers in between. The 
ReLU activation function was used for each layer except 
the final layer, which used the Softmax activation func-
tion. Each spectrum was input into the network and the 
output was the label for the corresponding pigment. 70% 
of the synthetic dataset was used to train the network 
and the remaining 30% was used for testing. The network 
was also tested on the real XRF spectra from reference 
pigment and paint samples recorded using the Bruker 
instrument. The network took approximately 1 h 30 min 
to train and, once trained, took 30  s to test on each 
dataset.

Fig. 1  The stages of generating the synthetic XRF spectra for model training. A synthetic spectrum for the iron earth pigments class is shown 
(a) as output by the FP method, (b) with Gaussian peaks defined using the fano factor and noise of the detector, and (c) after accounting for the 
energy-dependent device sensitivity. (d) Acquired XRF spectrum for an iron earth paint sample
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Increasing accuracy using transfer learning
As the model was trained on the synthetic data created 
using the FP method (which may not exactly match real 
XRF spectra acquired with the M6 Jetstream), stand-
ard transfer learning—an approach whereby a machine 
learning model trained on one set of data can be applied 
to data with slightly different properties—was also used 
to tune the model further to improve its accuracy on real 
data [23–26]. This involved freezing the weights for all of 
the layers in the network except the final network layer. 
Half of the real XRF spectra from reference pigment and 
paint samples of known composition was then used to re-
train this final layer and the remaining half was used for 
testing. This model with transfer learning was then used 
for additional testing, based on real spectra from an MA-
XRF dataset from a painting as described above.

Results and discussion
Comparison of real and synthetic data
The FP method automatically generated synthetic XRF 
spectra that were similar to those collected using an XRF 
spectrometer: the characteristic X-ray lines of the ele-
ments were present at the same energies and approxi-
mately the same relative intensities, although some of the 
peaks at the high end of the energy range were more pro-
nounced in the synthetic spectra while those at the low 
end of the energy range were diminished compared to 
real spectra (Fig. 2). The model developed in this research 
did not incorporate the argon K lines associated with 
atmospheric XRF measurements, or the broad contin-
uum (bremsstrahlung radiation) and Rayleigh and Comp-
ton scatter peaks arising from the rhodium X-ray source 
present in the real spectra. While this meant that there 
were clear differences between the synthetic and real 
data, they do not appear to compromise the effective-
ness of the model and provide the additional benefit that 
the spectra generated are not dependent on the specific 
instrument parameters and X-ray source chosen.

Classification results without transfer learning
When the initial model was trained on the synthetic 
spectra, the training and testing accuracy was 100%. 
However, when this model was applied to the real XRF 
spectra from reference samples the accuracy decreased 
to 55% (Table 3). While the reason for misclassification 
of each spectrum cannot be directly ascertained when 
using a CNN, some observations about the perfor-
mance of the model can be made. While the network 
had the most success classifying pigments with a single 
major characteristic element, such as copper pigments, 
chalk and lead pigments, in a rare exception, the model 
misclassified all 10 vermilion spectra as lead pigments. 
The CNN also tended to misclassify pigments with 

the same major element, where experts would use the 
presence of minor peaks in the low energy range of the 
spectrum to distinguish them. For example, a large cal-
cium peak is typical of bone black, chalk and gypsum, 
though the weak signal from phosphorous or sulphur 
is generally used to distinguish bone black or gypsum 
from chalk, respectively. The model appeared to mis-
classify all bone black spectra as chalk and, of the 10 
gypsum spectra, misclassified one as bone black and six 
as chalk. Pigments which shared the same minor ele-
ments and trace impurities or where the spectra.

Included signals resulting from mixtures or layering 
also troubled the model. For example, two of the five 
gold spectra measured from a gilded panel were mis-
classified as chalk. The XRF spectra acquired from this 
reference panel contain appreciable iron and calcium 
signals, from the iron earth-containing bole layer and 
gypsum-based (CaSO4·2H2O) gesso preparation layer 
respectively, which are present below the thin layer 
of gold leaf. A more complex model accounting for 
mixtures and layering should help avoid this type of 
misclassification.

Classification results with transfer learning
The reduced classification accuracy of the CNN when 
applied to real spectra from reference samples implied 
that discrepancies between the synthetic and real 
spectra could affect the performance of the model. In 
order to improve the accuracy of the model an adap-
tation process was applied using real data and transfer 
learning. The final layer of the CNN, prior to the Soft-
max activation function, was retrained using half of 

Fig. 2  A comparison of XRF spectra of lead-tin yellow. The spectrum 
shown in blue was recorded using the Bruker instrument in the 
National Gallery, while the one in red is a synthetic spectrum created 
for the same pigment using the FP method. The relative fluorescence 
intensities are plotted on a square-root scale with characteristic 
X-ray lines labelled for each relevant element in black and systematic 
features not included in the FP model labelled in grey
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the real XRF spectra from reference samples, resulting 
in the accuracy of the model increasing to 96% when 
tested on the remaining spectra (Table  4). Although 
only a small number of spectra were used in training 
(five spectra per pigment), the accuracy of the CNN 
improved markedly, particularly among pigments with 
the same major element such as lead pigments, lead–tin 
yellow and Naples yellow. The dataset used to re-train 
the final layer was much smaller than that required to 
train the network from scratch: 2250 synthetic spectra 
were used in the initial training phase whereas only 75 
real XRF spectra from reference samples were used in 

the transfer learning stage. The remaining misclassi-
fied spectra include two gypsum spectra and one gold 
spectrum (Fig. 3). Because the minor sulphur peak was 
not detected in the two gypsum spectra from reference 
samples given the experimental conditions used, the 
model misclassified them as chalk. The gold spectrum 
was misclassified as an iron earth pigment due to the 
significantly higher iron signal present in this spectrum 
than the other spectra used in transfer learning and 
testing, which originates from the bole layer below the 
gold leaf on the reference gilded panel from which the 
spectrum was acquired.

Table 3  Pigment classification confusion matrix of real XRF spectra using the CNN trained on synthetic data
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Classification results using spectra acquired 
during MA‑XRF scanning of a painting—preliminary 
testing
In order to further validate the classification approach 
incorporating the transfer learning stage, preliminary 
testing of real spectra collected from a painting under 
the usual settings used for MA-XRF scanning of paint-
ings at the National Gallery was performed. Acquisi-
tion times for MA-XRF scans of paintings, typically 
on the order of 10–100 ms, are much shorter than for 
spot measurements. While this makes the scanning of 
large areas and subsequent generation of element dis-
tribution maps feasible in a timely manner, individual 

spectra in these datasets have significantly reduced 
signal and greater noise. Therefore, a small number 
of pixels of an MA-XRF scan of an early Renaissance 
painting, Saint Michael Triumphs over the Devil by 
Bartolomé Bermejo, were averaged to create five spec-
tra for preliminary testing of the classification model 
(Fig.  4). This painting recently underwent conserva-
tion treatment and scientific analysis in preparation 
for the 2019 exhibition Bartolomé Bermejo: Master of 
the Spanish Renaissance at the National Gallery, Lon-
don [48]. As the pigments in the painting had been 
well-characterised through analysis of paint sam-
ples prepared as cross sections and the painting has a 

Table 4  Pigment classification confusion matrix of real XRF spectra using the CNN with transfer learning
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relatively simple stratigraphy, [49] the MA-XRF scans 
of the painting were an ideal candidate to test the pig-
ment classification model. The CNN correctly classified 
four of the five spectra, with the spectrum correspond-
ing to a small area loss which was filled during con-
servation (spectrum B) assigned as gypsum instead of 
chalk (Table 5). Since the difference between these two 
pigments is what is usually a minor sulphur peak, the 
reduced signal-to-noise ratio of spectra from MA-XRF 
scanning data could make this distinction even more 
challenging.

Towards modelling XRF spectra of historical paintings
While the results from testing the CNN with transfer 
learning on both real XRF spectra obtained from refer-
ence pigment samples and extracted from select regions 
of a historical painting are promising, it is important to 
note and discuss the approximations made necessarily for 
this research and how the model could be improved in 
the future for use on historical samples and paintings.

While it could be argued that classifying spectra con-
taining copper as copper pigments does not require 
machine learning, this study is a proof of concept, and the 
approach could readily be extended to distinguish a wider 
range of different pigments that share elements. This is 
of particular importance for the classification of the XRF 
spectra of nineteenth  and  twentieth  century pigments, 
for example, where the rapid expansion of the synthesis 
of pigments resulted in a wide array of colours and mate-
rials achieved simply by altering the minor components 
or ratios of components present in their manufacture 
[50]. Further, development of the model to include both 
mixtures and layering of pigments rather than individ-
ual pigments will be of paramount importance to better 

approximate the XRF spectra obtained from historical 
paintings. While the network performed well on spectra 
obtained from XRF scanning of Bermejo’s Saint Michael 
Triumphs over the Devil, many paintings involve more 
complex stratigraphies and intimate mixtures of pig-
ments that would require a more sophisticated model to 
simulate their XRF spectra and to train a CNN to prop-
erly classify the pigments present. Such a neural network 
would offer an alternative to classical signal processing 
methods of fitting XRF spectra, potentially significantly 
reducing the computational time needed to model these 
complex systems, particularly when analysing large MA-
XRF datasets. Successful modelling of pigment mixtures 
and layering will also rely on further refinement of the 
quantitative values used for the elemental composition 
of each pigment or pigment class as more data of this 
type is made publicly available. This refinement may also 
improve the ability of the trained CNN to distinguish 
between minor peaks in the XRF spectra of pigments 
associated with trace elements. This will be of increasing 
importance as this research builds to explore classifica-
tion of the XRF spectra of a wider range of pigments. As 
discussed above, although suitable quantitative data is 
not currently widely available, it would also be valuable 
to incorporate information about additional elements 
known to be commonly and consistently associated with 
particular pigments as these minor components are often 
highly characteristic and informative. Indeed, it should 
be noted that pigment classification by neural networks 
is defined by the pigment classes and chemical compo-
sitions input, meaning that minor chemical components 
or indeed unique pigments that are not included in the 
model would need to be characterized using more man-
ual analysis of XRF spectra.

Fig. 3  Examples of XRF spectra of pigments correctly classified and misclassified using the CNN with transfer learning. a The spectrum shown in 
blue was correctly classified as gypsum, while the one in red was misclassified as chalk. b The spectrum shown in green was correctly classified as 
gold, while the one in black was misclassified as an iron earth pigment. The relative fluorescence intensities are plotted on a square-root scale with 
major characteristic X-ray lines labelled for each relevant element
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Although using the real XRF spectra from reference 
materials of known composition for transfer learning 
appeared to improve the performance of the CNN, it is 
known that the elemental composition of some of these 
reference pigments differs from typical historical pig-
ment samples. It would therefore be of interest to explore 
using real XRF spectra acquired from well-characterised 
historical pigment samples for the transfer learning stage 
to further improve classification performance.

Beyond the classification of individual pigment spectra, 
what the approach described here also offers is a poten-
tial means by which MA-XRF scanning data could be 
processed directly to create pigment distribution maps 
as an alternative to the element distribution maps or ele-
ment correlation plots more commonly produced by fit-
ting and deconvoluting the XRF spectra.

Fig. 4  Bartolomé Bermejo, Saint Michael Triumphs over the Devil (NG6553), 1468, oil and gold on wood, 179.7 × 81.9 cm. a Image of painting with 
detail of interest highlighted in white (image © The National Gallery, London). b Detail of the painting corresponding to the area of an MA-XRF scan 
used to extract spectra from regions A through E. c Spectra of regions A through E, each an average of 24 pixels of data, noted in the detail image. 
The relative fluorescence intensities are plotted on a square-root scale with major characteristic X-ray lines labelled for each relevant element
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Conclusions
XRF is an analytical technique that can be used to detect 
the elements present at a particular location in a paint-
ing, from which an expert typically identifies which pig-
ments are present. Motivated in part by the increasing 
size of XRF datasets generated during the scanning of 
paintings, this research aimed to automate this process 
by training a neural network to classify XRF spectral 
data into pigment classes. However, training machine 
learning models requires large amounts of labelled data 
and such datasets of XRF spectra for historic artists pig-
ments do not currently exist and would require a large 
amount of time and resources to compile. Therefore, in 
this research, the FP method was used to create a train-
ing dataset of 3000 synthetic XRF spectra representing 15 
classes of pigments in use during the Renaissance period. 
The synthetic spectra generated require minimal infor-
mation about the geometry of the instrument used and 
do not consider the X-ray tube source or settings, allow-
ing users with other instruments to easily adapt for their 
setup simply by acquiring XRF spectra from a series of 
elemental standards to account for energy-dependent 
device sensitivity. A CNN was trained using the synthetic 
spectra generated by the FP method and tested on both 
synthetic and real spectra of pigments with accuracies of 
100% and 55%, respectively. The model failed primarily 
when classifying spectra with the same major elements 
where minor element peaks are needed for differentia-
tion and also when signals from pigments in the layers 
beneath the surface were present in the spectra, though 
the accuracy of the model was improved considerably to 
96% with the implementation of transfer learning. This 
involved freezing the weights in all of the CNN layers 
except the final one and retraining this layer using a small 
dataset of real XRF spectra. With this improved model, 
preliminary testing on spectra from MA-XRF scanning of 

a historical painting, where spectral signal is considerably 
reduced, produced encouraging results. While the small 
area of MA-XRF scanning studied here was relatively 
straightforward in composition, many areas of historical 
paintings are comprised of several layers and mixtures of 
pigments. As discussed above in more detail, future work 
will involve adapting the FP method so that synthetic 
spectra can be generated that model these phenomena, 
as well as expanding beyond the set of Renaissance pig-
ments studied within this research. It is anticipated that 
training a new classification model on this synthetic data-
set and applying transfer learning following the method 
in this paper will ensure the resulting classification model 
will be optimised for use in galleries and museums.
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