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Neural network simulation of original
colors in Friedrich’s Abbey Among Oak
Trees featuring discoloured smalt

Check for updates

Clément de Mecquenem1,2, Myriam Eveno3,4, Matthias Alfeld5, Thomas Calligaro1,2, Eric Laval3,
Kristina Mösl6,7 & Ina Reiche1

Artwork appearances change over time due to aging. Smalt, a blue cobalt-tinted glass pigment,
deteriorates over time in oil paintings causing significant and irreversible color changes in many
artworks. Virtual simulations can hypothesis original appearances while it remains a challenge for
smalt-containing paintings. A novel procedure integrates non-invasive imaging methods, X-ray
absorption near-edge structure (XANES), and machine learning to simulate the original colors of a
smalt-containing discolored paintings. Macro-X-ray fluorescence provided elemental distribution,
reflectance imaging spectroscopy captured color spectra of pigments and XANES informed cobalt
speciation in cross sections. Friedrich’s Abbey Among Oak Trees (1808-1810) containing smalt and
artificially aged model systems were studied. Machine learning predicted the original hues based on
XANES. The procedure allowed us to simulate the original, cooler and more vibrant colors of the
painting. The innovative approach visualizes a possible original state of the smalt-containing artwork
that can be adapted to other alteration phenomena.

Paintings may undergo various degradations or color changes over their
lifetimes1–5. These alterations can be caused by accidents, be made on
purpose, or occur naturally due to the aging of pictorialmaterials. Some of
thesemodifications can be reversed through restoration processes, such as
the yellowing of varnishes, which can be minimized by thinning it to
reduce its visual impact6. However, others, such as the degradation of the
smalt pigment, cannot be effectively restored, not only because the ori-
ginal color of the paint layer is often unknown but also because, even with
this knowledge, it is impossible to reverse the chemical changes that have
occurred. Moreover, overpainting the degraded areas with the original
colorswouldnot alignwith state-of-the-art restoration principles. Smalt is
a potassium (K)-rich glass tinted blue by cobalt (Co), which was widely
used as a pigment in oil paintings, murals, and polychromies from the
16th to 18th centuries7,8. The shade of this blue pigment varied based on
grain thickness and Co concentration, which could range from 1–2%
when used as a brightener to as much as 15% in painting applications.
Typically, theCo content in smalt found in artworks rangedbetween3 and
7%9. In addition to K and Co, smalt grains contained various other ele-
ments depending on the cobalt ores used for tinting, including arsenic
(As), iron (Fe), nickel (Ni), and bismuth (Bi). However, smalt is known for

its susceptibility to alteration in oil paintings. It leads to a transition from
blue to a transparent hue that imparts a brownish tint to the paint layer
due to themedium’s color. This alteration occurs through ionic exchange
betweenH+ ions from the surrounding environment andK+ ions from the
glass grains. The leaching of K+ ions results in several phenomena: they
can react with the binder to form K soaps that migrate to the surface,
creating a crust on the painting. Additionally, this leaching creates a
charge deficit around Co2+ complexes, prompting their rearrangement
within the glass matrix from tetrahedral to octahedral coordination. This
structural change accounts for the pigment’s loss of color in paintings,
permanently altering the appearance of paintings10–13.

As artworks are windows into our society at a particular time, their
appearance significantly influences our understanding of the era or the art
movement they represent. An alteration of their appearance can dramati-
cally distort our perception of that time’s artistic intentions and aesthetic
values. Practically, it can also be a problem for restorers who must devise a
suitable conservation strategy consistent with the significance and the state
of preservation of the artwork14. Consequently, gaining insight into their
original appearance by simulating the actual colors andnuances is crucial, as
it allows for accurate knowledge and significance of the artwork within its
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societal and cultural context. Recent advances in color reconstruction have
taken increasingly advantage of artificial intelligence (AI) techniques to
address the complexities of degraded historical artworks. For example,
convolutional neural networks have been employed to enhance image
quality and restore faded colors by learning from extensive data sets of
artwork, enabling more accurate virtual restorations15. In addition, gen-
erative adversarial networks (GANs) have been used to fill in missing areas
of paintings by predicting lost details based on surrounding visual infor-
mation, thus preserving the integrity of the original work16. TheseAI-driven
methods improve the integration of scientific analysis with traditional
restoration practices. In this context, we have developed a novel metho-
dology that combines experimental data with machine learning (ML) tools
to simulate the original appearance of paintings affected by smalt degra-
dation. Although recent approaches primarily focus on the analysis of
painting materials and the creation of imitations of pigment mixtures to
estimate original colors17–20, our method introduces a unique aspect by
considering changes in the chemical composition of the painting. The
altered state of smaltwas evaluatedusing advanced techniques such asX-ray
absorption near-edge structure spectroscopy (XANES)21. The procedure
allowed the prediction of reflectance based on artificially aged model sam-
ples to estimate the contribution of smalt in pigment mixtures. This
approach allows replacing the contribution of altered smalt in pigment
mixtures by unaltered smalt and simulating the original color of the paint.
Additionally, macro-X-ray fluorescence (MA-XRF) mapping and reflec-
tance imaging spectroscopy (RIS) were carried out to identify and localize
different pigments in paintings. The collected data are processed using
machine learning methods such as clustering and artificial neural networks
(ANN) to simulate the original color of the artwork. Our methodology was
validated on artificially prepared and aged test samples and subsequently
applied to Caspar David Friedrich’s masterpiece, Abbey among Oak Trees
(Alte Nationalgalerie, Staatliche Museen zu Berlin-Stiftung Preußischer
Kulturbesitz, inv. no. NG 8/85), which contains altered smalt in numerous
areas. Furthermore, our method is designed to be scalable across a wide
range of paintings, achieved by developing a model trained on a dataset
encompassing various degrees of smalt degradation. By integrating these
advanced techniques, our methodology enables color predictions without
requiringmock-ups for every pigment mixture, making it applicable to any
painting.

Methods
Mock-up and test samples
For this study, several sets of smalt mock-up samples were prepared to
reproduce smalt-containing paint layers. Deffner & Johann, a German
supplier of materials, tools, and equipment for conservation and
restoration, provided the smalt used to prepare those samples. This
smalt smelt differs from the ancient one, without chemical impurities
like As. Kremer smalt was also studied. To train the artificial neural
network (ANN), we created four series of mock-up samples of smalt-
based paints, differing in the nature of the binder used: linseed oil,
walnut oil, siccative linseed oil and siccative walnut oil both with litharge
as drying agent. These mock-ups consist of a layer of smalt mixed with
each binder in a 1 g/1 g proportion. The mock-up samples were then
artificially aged in a thermostatic oven at 70 ∘C in a vapor-saturated
environment and without lighting10. One sample was not aged for each
set of mock-up samples; the others were aged for different durations
(Table 1). In contrast, the second set of test samples consisted of a
mixture of smalt and hydrocerussite in a 1g/1g proportion, combined
with cooked linseed oil. It was utilized for testing the simulation pro-
cedure as a proof of principle presented in the results of this article. The
cooked linseed oil was prepared by heating it between 120 and 130∘C for
4 hours (Table 1). The resulting paints were then spread on glass slides
with a 90 μm thickness. For each preparation set, five mock-up samples
were prepared to be artificially aged for different durations. Mock-up
samples were prepared as thin sections of 30 μm thickness for the
XANES spectroscopy at the Co K-edge.

Historical painting study
The painting Abbey among Oak Trees (1808-1810) by Caspar David Frie-
drich (Alte Nationalgalerie, Staatliche Museen zu Berlin-Stiftung Pre-
ußischer Kulturbesitz, inv. no. NG 8/85) was studied using non-invasive
imaging techniques on site as well as on cross sections bymeans of scanning
electron microscopy with energy-dispersive X-ray spectroscopy (SEM-
EDX) in the laboratory andmicro-XANES at the CoK-edge at synchrotron
facilities (Supplementary Fig. 1).

Painting cross-sections and microscopic observations
Four micro-samples taken from the painting Abbey among Oak Trees
were analyzed. The sample locations are indicated in the Supple-
mentary Fig. 1. Microsamples were mounted as cross sections
embedded in resin. Optical micrographs of these cross sections were
obtained under different light sources in addition to SEM-EDX
micrographs.

Optical microscopy
Cross sections were examined under different magnifications using a
Nikon Eclipse LV100ND optical microscope, equipped with a Xenon
lamp Power Supply XPS-100 and a Nikon DS-Ri1 camera, controlled by
theNiSS-Element software. Three different illuminations were employed:
bright field (BF) white light microscopy, which allowed for the exam-
ination of the sample surface, as well as two ultraviolet lightings: UV
lighting fluorescence at 330-380 nm and blue fluorescence at 450-490 nm,
which provided enhanced visualization of the paint layers and the smalt
pigment.

Table 1 | Mock-up (set 1) and test sample (set 2) composition
as well as their corresponding aging times

Set Sample
name

Composition Aging
time (h)

Set 1 LC0 Smalt in cooked linseed oil 0

Set 1 LC1 72

Set 1 LC2 192

Set 1 LC3 360

Set 1 LC4 552

Set 1 NC0 Smalt in cooked walnut oil 0

Set 1 NC1 72

Set 1 NC2 192

Set 1 NC3 360

Set 1 NC4 552

Set 1 LS0 Smalt in siccative linseed oil 0

Set 1 LS1 72

Set 1 LS2 192

Set 1 LS3 360

Set 1 LS4 552

Set 1 NS0 Smalt in siccative walnut oil 0

Set 1 NS1 72

Set 1 NS2 192

Set 1 NS3 360

Set 1 NS4 552

Set 2 SLW0 Smalt and hydrocerussite in equal mass
proportions mixed in cooked linseed oil

0

Set 2 SLW1 10

Set 2 SLW2 24

Set 2 SLW3 48

Set 2 SLW4 240
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Scanning electron microscopy with energy-dispersive X-ray
spectroscopy (SEM-EDX)
Quantitative elemental analysis and elemental mapping were performed
using a JEOL 7800F scanning electron microscope equipped with two
Bruker AXS 6∣30 energy-dispersive X-ray detectors. To prevent charge
accumulation, non-conductive samples were coated with platinum. The
operational parameters included an acceleration voltage of 15 kV, a
beam current of 3.6 nA, and a chamber pressure below 100 Pa. All
spectra were processed using the Bruker Quantax Duo 400 analytical
platform (Esprit software). Quantitative analysis for elemental ratioswas
determined with an internal reference and the results were expressed as
oxide percentages.

X-ray absorption near edge structure spectroscopy (XANES) at
the Co K-edge
The Co K-edge XANES spectra were recorded at the European synchro-
tron radiation facility (ESRF) on the ID21 beamline22,23 and at the SOLEIL
synchrotron radiation facility on the PUMA beamline24,25. At the PUMA
beamline, the X-ray source is equipped with a Wiggler W164.2mm× 20
periods, B = 1.8 T,medium section. The energy of the beam is selected by a
double crystal monochromator (DCM) Si111 in the range of 4 to 20 keV
and Si220 in the range of 20 to 60 keV. The beamline can provide a beam
with a spot size of 5 × 5 μm2 at the Co K-edge. Spectra were acquired in
fluorescencemodewithin an energy range of 7670 eV to 8000 eV in 0.5 eV
increments and a counting time of 2s. At the ID21 beamline, the X-ray
source is a 4.8 m long low-beta straight section and is equipped with three
1.6 m long undulators: two with a 42mm period (U42) and one with a
32mmperiod (U32). TheU42 elements delivermaximumX-ray intensity
in the energy range of 2–6 keV, while the U32 device covers the energy
range of 6–9.2 keV. The energy of the beam is selected by a fixed-exit
double crystal monochromator with a Si(111) (ΔE/E ~ 10− 4) or Si(222)
(ΔE/E ~ 9.10−5). The beamline could provide a beam with a spot size of
0.5 × 0.7 μm2 at the Co K-edge. Spectra were acquired under vacuum in
fluorescencemodewithin an energy range of 7670 eV to 8050 eV in 0.5 eV
increments.

Energy values were calibrated using reference data and known
absorption energies. The data processing and spectra evaluation, such as
auto-absorption correction, background correction and normalization,
were completed using PyMca software26.

2DMacro X-ray fluorescence mapping (MA-XRF)
ScanningX-rayfluorescence imaging of the paintingwas carried out using a
prototype MA-XRF equipment integrating a Mo-based X-ray generator
(ROENTECX1 generator, RTWMCB 50–0.6, 50 kV, 1mAmax) operated
at 45 KV, 0.5mA with a 1mm collimator producing a 1mm beam spot on
the painting27. XRF spectra were collected using a silicon drift detector (70-
mm2 AMPTEK X123 integrating a 512 channel MCA) placed at a 15mm
distance from the painting surface. A motorized stage measuring
600mm x 500mm (ZABER X-LRQ and A-LST) allowed the acquisition of
the elemental maps with a step size of 1mm and a 100ms dwell time. The
paintingwas too large to be acquired in a single scan, and thus, sixteen scans
covering about 550mm x 300mmwere taken, 5 h each,whichwere stitched
together using DataHandlerP28.

Reflectance imaging spectroscopy (RIS)
Data of the paintingwas acquired using a SPECIM IQRIS camera, covering
a spectral range from400to1000 nm,with a spectral resolutionof 3 nm(204

channels). Two ARRILITE 750 Plus illuminated the painting with 3200K
bubs at 50∘ of the surface layer. The camera was operated using an inte-
gration time of 100ms. The datasets were calibrated using a ColorChecker
Passport MSCCPP-B. The painting was too large to be acquired in a single
scan, and thus, sixteen scans were taken and later stitched together using
DataHandlerP28. The datasets were scaled to match the resolution of the
MA-XRF scans, resulting in datasets of 960 × 1380 pixels.

Data of the mock-up samples was acquired using a HySpex1600 RIS
camera with a resolution of 17 pixels per mm29. The spectral range extends
from 416 to 992 nm and has 80 bands. The center of the bands is spaced
from each other by 7.29 nm.

Artificial neural network (ANN) structure and training
The architecture of the developed ANN is given in Fig. 1.

The architecture consists of three layers: an input, a hidden, and an
output layer. Each layer is described below:

Input Layer:
The input layer receives the Co K-edge XANES spectrum of the smalt

pigment.
Neurons: 30 neurons.
Activation Function: ReLU (Rectified Linear Unit).
Purpose: To process and pass the input features to the next layer,

introducing non-linearity to the model.
Hidden Layer:
This intermediate layer processes the data from the input layer to

extract relevant features.
Neurons: 50 neurons.
Activation Function: Sigmoid.
Purpose: To capture complex patterns in the input data, enabling the

network to learn intricate relationships between the Co K-edge XANES
spectrum and the reflectance spectrum.

Output Layer:
The output layer generates the final predictions, which correspond to

the reflectance spectrum of the smalt pigment.
Neurons: N neurons (the exact number depends on the specific

requirements of the reflectance spectrum output).
Activation Function: Sigmoid.
Each neuron corresponds to a specific part of the spectrum to produce

the reflectance spectrum values.
The neural network (NN) employs a straightforward feedforward

architecture. The ReLU activation is defined as:

ReLUðxÞ ¼ maxð0; xÞ ð1Þ

in the input layer helps in dealingwith non-linearity, while the sigmoid
activation functions are defined as:

σðxÞ ¼ 1
1þ e�x

ð2Þ

In the hidden and output layers, ensure that the outputs are within a
[0,1] range, which is suitable to represent the spectrum values. This design
allows the network to effectively learn the transformation from the Co
K-edge spectrum to the reflectance spectrum of the smalt pigment.

The training of the model was performed with XANES spectra at the
Co K-edge measured on mock-ups containing only smalt and binders as
well as the reflectance spectra of the associatedmock-ups. In total, 191 pairs

Fig. 1 | Architecture of the artificial neural network (ANN).
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ofCoK-edgeXANES spectra (Supplementary Figures 2–13) and reflectance
spectrawere used (Supplementary Figures 14–17). This data set was divided
into two with an 80/20 ratio to create training and validation sets.

The training process for the NN was carried out using the Adam
optimizer, which was selected for its efficiency and ability to dynamically
adapt the learning rate.The learning ratewas set to 0.01 to ensure a balanced
pace of learning. The model was trained using the Mean Squared Error
(MSE) loss function. It is suitable for our regression task as it measures the
average squared differences between the predicted and actual values. We
used a batch size of 32, iterating throughout the training dataset in small
batches to stabilize and accelerate convergence. The trainingwas carried out
over a predefined number of epochs, during which the model parameters
were iteratively adjusted to minimize the loss. Additionally, we monitored
the validation loss at the end of each epoch to assess the model’s perfor-
mance on unseen data and to guard against overfitting. The NN perfor-
mance was evaluated using both training and validation datasets to ensure a
comprehensive assessment of its predictive capabilities. The loss curve for
the training set demonstrated a steady decrease throughout the training
process, indicating effective learning and improved fit of the model to the
training data. Similarly, the validation loss curve initially followed a
downward trend, reflecting good generalization to unseen data. However,
after a certain number of epochs (around fifty), the validation loss plateaued
and started to be higher than the training loss, suggesting the onset of
overfitting. That’s why we limit our training to fifty epochs to avoid over-
fitting. With these parameters, we obtain an average error of 0.0011 on the
training set and 0.0011 on the test set (Fig. 2).

Procedure for the color simulation
The developed procedure, which is a Python code, involves several steps. It
beginnswith comprehensive data acquisitions andprocessing. Four series of
mock-up samples and one series of test samples were created and artificially
aged for different durations (Table 1). These series mimic a simple smalt-
binder paint layer with varying types of oil binders to create a robust
database reflecting the evolution of Co K-edge XANES spectra (Supple-
mentary Figures 2–13) and the reflectance spectra of smalt as a function of
the alteration state of the pigment (Supplementary Figures 14–17). The fifth
series (test samples SLW0-4) was created by mixing smalt and lead white
with cooked linseed oil to test the methodology developed on a simple and
controlled example as a proof of principle (Table 1). In parallel, RIS and
MA-XRF were employed to collect in-situ detailed spectral and elemental
data of the paintingAbbey among the Oak Trees by Caspar David Friedrich.
These methods were complemented by Co K-edge XANES profiles per-
formed on themicro-samples of the painting to evaluate the alteration state

of smalt. Subsequently, the RIS and XRF data were stitched and fused to
create a consistent dataset that combines spectral and elemental informa-
tion, essential for analyzing thematerials and their spatial distribution in the
painting.

Following data acquisition and processing, the data undergoes clus-
terization using unsupervised ML techniques in the form of Principal
Component Analysis (PCA) followed by k-means clustering as explained
later in the article. This clustering process is used to separate areaswithin the
painting containing differentmixtures of pigments, and the analysis of these
clusters allows for the identification of smalt-containing regions.

Furthermore, supervised learning techniques, specifically ANN pre-
viously trained on the mock-up data, are employed to simulate the reflec-
tance spectrum of smalt as it appears today. This simulation utilizes the Co
K-edge XANES spectra measured on micro-samples from the painting,
incorporating the Co coordination environment of the pigment to estimate
its original color. A pigment unmixing process is conducted for each cluster
where smalt is identified. The unmixing is based on the simulated reflec-
tance spectrum of altered smalt and the known reflectance spectra of other
pigments mixed with smalt in the clusters. This process, which employs a
simplified Kubelka-Munk model to model the interaction of light with the
pigment mixtures30–32, determines the contribution of each pigment to the
overall reflectance spectrum. Finally, the reflectance spectra of the clusters
are reconstructedusing the spectral contributionsof thepigments calculated
previously, replacing the reflectance spectrum of altered smalt with the
unaltered one. This provides a comprehensive spectral profile of the artwork
as it may initially appear. Utilizing the reconstructed reflectance spectra of
the clusters, a digital simulation of the original painting’s appearance was
created, offering a visual representation of the artwork. The scheme pre-
sented in Fig. 3 summarizes all the steps of the procedure.

Results
Proof of principle on test samples
The developed procedure was first tested on the test samples made of a
mixture of smalt and leadwhite described inTable 1, before being applied to
a historical painting.

After the measurements of the reflectance spectra of the test samples,
the L*a*b* (CIELAB) values were calculated (Supplementary Fig. 18 and
SupplementaryTable 1). They show that the lightness (L*) tends to decrease
(from 64.68 for the unaged sample to 41.84 for the most aged on) as the
aging time increases.Theb*value representing the yellow/blue coordinate is
increasing (from -13.73 for the unaged sample to 6.84 for the most aged
one). It demonstrates the darkening of the sample and the shift from a blue
to a yellow tone with the aging time. Then, the mean XANES spectrum
measured at the Co K-edge for each test sample shows that they change
significantly with aging time (Fig. 4A). As aging progresses, the intensity of
the white line, centered around 7.745 keV, increases and becomes sharper.
Concurrently, the intensity of the pre-edge peak, centered around
7.728 keV, decreases with aging time. This indicates a change in the coor-
dination environment of Co2+ ions during the aging process.

For simulating the original color of the sample presenting unaged
smalt, it is necessary to determine the reflectance spectrum of the smalt
pigment in its state in the aged samplemixture. TheANNmentioned above
can simulate a reflectance spectrum representative of the degradation state
of smalt using a Co K-edge XANES spectrum measured on the sample. Its
application to the XANES spectra of samples SLW1-4, presented in Fig. 4A,
provides four simulated reflectance spectra shown in Fig. 4B and describes
the reflectance properties of the smalt in its current alteration state in the test
samples. We observe four spectra with similar features: an intense band
centered around 440 nm, a second, less intense band centered around 550
nm, and a final band centered around 615 nm before a sharp increase in
reflectance. These characteristics are typical of smalt33. However, differences
are observed in these simulated spectra, particularly in the intensity of the
first band, which decreases as the sample fromwhich the XANES spectrum
at the Co K-edge was measured has aged for a longer period. This band,
centered at 440 nm, is responsible for the blue color of the pigment. These

Fig. 2 | Plot of the training loss and validation loss in function of the number of
epochs during the training of the ANN
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observations correspondwell to the loss of pigment color as a functionof the
degradation state.

On the basis of these simulations of smalt reflectance spectra in their
respective alteration states, a pigment unmixing can be performed on the
reflectance spectra of the test samples containing also leadwhite.Although the
spectral contribution of lead white is expected to remain constant, it increases
at the expense of smalt as the sample becomes more degraded (Table 2).

For evaluating the efficienyof the color simulation approachon the test
samples, the experimental reflectance spectra of the aged and unaged
samples (SLW4 and SLW0, Fig. 5A, B, respectively) are compared to the
color reconstruction results (Fig. 5C) using the following procedure. For
reconstructing the original color, the key step is that the reflectance spec-
trum of a well-preserved smalt replaces the simulated one, characteristic of
the smalt in its stateof preservation, usedduring thepigment unmixing.The
reconstructed spectrum of the test sample is corresponding to the remixed
spectrum by summing the reflectance spectra of the two pigments (well-
preserved smalt and lead white), weighted by their spectral contributions
(Supplementary Figures 19–21).

The simulation results for the SLW4 sample show reconstructed
reflectance spectrum, which, compared to the reflectance spectrum of the
unaged test sample SLW0, showsmany similarities (Fig. 5B, C). The overall
intensity of the reconstructed spectrum is slightly overestimated, probably
due to the overestimation of the lead white spectral fraction in the decon-
volution, which explains that the reconstructed color is brighter than that of
the unaged sample. Furthermore, the slope between 470 and 650 nm is
slightly more abrupt in the reconstructed spectrum. This explains the
purplishhueof the reconstructed color.TheL*a*b*values calculated for the
reconstructed colors of each aged sample show that the red contribution is
overestimated each time, as the a* values range between 7 and 9 (Table 2),
whereas the a* value of the unaged sample color is 4.68. However, it is
noteworthy that the simulations restore the blue contribution. Indeed, the
b* values for the estimated colors are closer to those calculated for the non-
aged sample than the experimental values.

The color change expressed as ΔE value was calculated for each
simulation test to compare the color of the simulations with the color of the

Fig. 3 | Scheme of the developed procedure for the color simulation of discolored smalt pigment in a painting.

Fig. 4 | Results of characterization and simulation of the smalt pigment in the test
samples (SLW1-4). A Mean Co K-edge XANES spectra measured. B Simulated
reflectance spectra of the smalt in its current state in the test samples generated with
the Co K-edge XANES spectra using a NN.
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unaged sample (Table 2, see Supplementary Note 1). In this case, the ΔE
values for SLW1, SLW2, and SLW3 are relatively low (5.41, 5.15, and 5.11,
respectively), suggesting that the simulated colors are still distinguishable to
the human eye compared to theunaged reference but represent a reasonably
accurate reconstruction. However, for SLW4, the value ΔE is markedly
higher (10.31), indicating a more pronounced deviation from the reference
color. This more significant discrepancy could be attributed to the higher
proportion of smalt contribution in SLW4, which significantly impacts the
overall hue. Despite this, the restoration of the blue contribution in the b*
values highlights the strength of the simulation in capturing critical aspects
of the aged pigment appearance.

Application to a historical painting: Abbey among Oak Trees by
Caspar David Friedrich
The investigation of the Abbey among Oak Trees (Fig. 6A), which was
restored between 2013 and 201634,35, was carried out in the museum using

the portable SPECIM IQ camera of TU Delft for RIS (Fig. 6B, D) and the
equipment developed at the C2RMF27 for MA-XRF mapping (Fig. 6C).

Alongside stratigraphic cross-sections were collected at specific loca-
tions (Fig. 6A) and analyzed using SEM-EDX at the C2RMF (Supple-
mentary Figures 22–26, Supplementary Tables 2–7). XANES profiles were
recorded at the Co K-edge on the PUMA beamline at SOLEIL and ID21 at
ESRF (Fig. 7E). The elemental maps obtained by MA-XRF (Fig. 6C) show
that the distributions of Fe,Co,K, andNi are very similar. As these elements
are constituents of smalt, it appears that this pigment was widely used in the
painting. Smalt is highly present in the sky at the top left, in the trees, in the
abbey ruins, and on the ground. However, a slight difference is observed
between the Co and K distributions, particularly in the trees, where the Co
contribution appears notably higher than that of K, suggesting variations in
the pigment composition or its degradation behavior in these areas. SEM-
EDX analyses of the cross-sections confirmed the presence of smalt in
various areas of the artwork.Micrograph of cross-section no. 2 from the sky
(Fig. 6F) and chemical maps of this cross-section (Fig. 6G) show the stra-
tigraphy as follows: a red preparation layer composed of aluminosilicate and
iron oxides followed by several yellow/grey layers mainly composed of lead
white and containing aluminosilicates, Fe oxides, vermilion grains, and Ca-
rich grains. Finally, the layer closest to the surface predominantly comprises
smalt grains, with a few vermilion grains also present. The average com-
position of smalt grains (SupplementaryTables 2–8) shows that these grains
have a composition consistent with the reported compositions of historical
smalt used in paintings, particularly regarding their Co content, which is
around 3%wt7,36,37. However, the average K content in the grains, which is
4.9%wt, is relatively low. The leaching ofK+ ions from the pigment through
ion exchange with the protons in the binder is responsible for the color loss
in smalt12. This low average K content could indicate that the smalt present
in the paintinghas undergone alteration. The leachingofK+ ions fromsmalt
grains leads to reorganizations within the glassy matrix, creating charge
defects around the Co2+ ions responsible for the blue color of the pigment.
Consequently, theCo2+ ions change their coordination froma tetrahedral to
a colorless octahedral coordination21. Fig. 6E shows the average Co K-edge
XANES spectrum of the spectra measured on the cross-sections compared
to a reference smalt spectrum. The intensity of the pre-peak around 7.3 keV
is weaker for the average spectrum measured on the cross-sections of the
painting, while the white line around 7.4 keV is more intense and sharper
than in the reference spectrum. Additionally, the oscillation around 7.8 keV
is lower in energy in the spectrumof the painting compared to the reference.
These differences indicate a change in the coordination of Co2+ ions from
tetrahedral to octahedral. Thus, the XANES spectra measured on the
painting confirm that the smalt within the painting is altered. It is also noted
that the averageXANES spectrummeasuredon thepaintingdoesnotmatch
that of fully octahedrally coordinated Co2+ ions, indicating that the smalt is
in an intermediate state of degradation. While it is recognized that artists
such as Rembrandt employed different smalts for various purposes38,
potentially leading to compositional and color variations, the choice of
Deffner & Johann smalt reference in our study was driven by practical
considerations.

Fig. 5 | Comparison of experimental and simulated reflectance spectra with
corresponding color for the test samples. AThe experimental reflectance spectrum
of the aged test sample SLW4 with the corresponding color. B The experimental
reflectance spectrum of the unaged test sample SLW0 with the corresponding color.
C The reconstructed reflectance spectrum of the aged test sample SLW4 with the
corresponding simulated original color.

Table 2 | Spectral contribution of pigments contained in the test samples derived from the pigment unmixing, L*a*b* values
calculated on simulated reflectance spectra of test samples in its estimated original color and color differences (ΔE see
Supplementary Note 1) calculated between the L*a*b* values of the unaged sample SLW0 and those obtained by the color
simulation of the aged one

test sample smalt’s contribution lead white’s contribution L* a* b* ΔE

SLW0 0.10 0.90 64.68 4.68 −13.73 —

SLW1 0.12 0.88 65.39 7.00 −17.16 5.41

SLW2 0.13 0.87 64.51 7.16 −17.97 5.15

SLW4 0.25 0.75 57.15 8.63 −24.05 10.31

SLW3 0.14 0.86 63.88 7.26 −18.54 5.11

The L*a*b* values of the unaged sample SLW0 are experimental values of the test sample (see Supplementary Table 1).
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Fig. 6 | Multi-technique analysis of the painting Abbey among Oak Trees by
Caspar David Friedrich (171 × 110.4 cm2, inv. no. NG 8/85, Alte Nationalgalerie,
StaatlicheMuseen zu Berlin-Stiftung Preußischer Kulturbesitz). AOptical image
of the painting indicating the positions (1-4) wheremicro-samples were taken.BRIS
image of the painting at 450 nm. C MA-XRF elemental distribution maps of K, Fe,
Co, andNi.DMean reflectance spectrumof the RIS image of the painting, the red dot

indicates thewavelength selected to extract the image depicted in (B).ECoK-edge μ-
XANES spectra comparing the smalt from the painting (red line) with a Kremer
reference (blue line). FCross-section analysis of micro-sample 2: Left image: Optical
micrograph underwhite light. Right image: SEMbackscattered electronmicrograph.
G SEM-EDX elemental distribution maps.
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As illustrated above, paintings are farmore complex systems compared
tomodel samples. The inhomogeneousmixture of pigments in paint layers,
combinedwith the bindingmedia that contribute to the visual appearance of
the painting, necessitates working by zones. A clustering approach was
implemented to define these zones. This approach was chosen not only to
group areaswith similar chemical compositions andcolorimetric aspects but
also to significantly reduce calculation time and precisely eliminate the need
to determine pigment composition on a pixel-by-pixel basis. The clustering
was performed using a dataset from the fusion of XRF and RISmappings to
account for the chemical composition and visual aspects. This dataset was
first reduced using PCA39. The transformed dataset was then clustered using
the k-means method40,41. The number of clusters was determined by ana-
lyzing the silhouette score available in the Supplementary Fig. 27 in the
Supplementary Note 2. This analysis allowed us to balance maintaining a
sufficient number of clusters to preserve image resolution while ensuring
good clustering quality. Based on this compromise, nineteen clusters were
chosen. The projection of the data set and the clustering results are shown in
Fig. 7A. The clustering yields satisfying results, as most of the painting
features are recognizable in the cluster distributionmap (Fig. 7B) such as the
shading of the sky, the ruins of the abbey, the trees and themonkprocession.

In the next step, it is necessary to identify the pigments for each pre-
viously defined cluster. The identification is based on the analysis of the
mean XRF spectrum of the cluster and the SEM-EDX analysis of the
painting cross-section. Taking the example of cluster 1, its mean XRF
spectrum (Fig. 8A) shows the presence of various elements, including S, K,
Ca,Fe,Co,Ni,Hg, andPb. The combination ofK,Fe,Co, andNi is indicative

of the presence of smalt, Hg, and S, which can indicate the presence of
vermilion, and Pb, which can indicate the presence of lead white. The study
of cross-sections, such as the one shown in Fig. 6F,G, reveals the presence of
a paint layer primarily containing grains composed of Si,Co,Ni,As, Fe, and
K, confirming the presence of smalt. Additionally, grains are composed of S
and Hg as well as others containing Pb were identified confirming the
presence of vermilion and lead white. Other grains, which are rich in Fe,
indicate the presence of ochre in the painting. These analyses identified
smalt, leadwhite, vermilion, andochre as theprincipal pigments in cluster 1.
The reflectance spectrum of the altered smalt of the painting is simulated
employing the ANN, and the mean spectrum of Co K-edge XANES
spectra is measured on the corresponding cross-section taken from the
painting (Fig. 6E). The simulation displays a reflectance spectrum with a
shape characteristic of the smalt reflectance spectrum (Fig. 8B) close to
the one simulated for the test sample SLW4. Both spectra show amaximum
intensity of 22% for the band centered around 440 nm. Given the deter-
mined state of degradation of smalt in the painting, this result is consistent.

The results of the cluster 1 RIS pigment unmixing show that the color
of this cluster appears to be dominated by lead white, with a spectral con-
tribution of 74%. Smalt, vermilion, and yellow ochres contribute less, with
spectral contributions of 7%, 9%, and 10%, respectively. The remixing of the
spectrum by taking these spectral contributions into account and replacing
the simulated reflectance spectrum of degraded smalt with the well-
preservedone shows a change in the appearance of the reflectance spectrum.
Comparing the estimated reflectance spectrum to the experimental one
(Fig. 8C, D), it is evident that the overall trends of both spectra are closely

Fig. 7 | Results of clusterization. A 3D PCA plot
colorized by the clusterization results. B Spatial
distribution of the identified clusters across the
painting Abbey among Oak Trees.
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aligned. Both spectra increase towards 700 nm, with reflectance values
ranging from 0.45 to 0.63. The contribution of smalt is notable, particularly
indicated by the band at 440 nm in the simulated spectrum, even though its
intensity is low. However, minor discrepancies, particularly in the region
between 500 and 600 nm, suggest potential areas for refinement in the

unmixing and remixing model or of the individual spectra of the pig-
ments used.

The color swatches derived from both spectra show a noticeable hue
change. The estimated color appears to be cooler and bluer than the mea-
sured one. By applying an analogousmethod to all other clusters containing

Fig. 8 | A X-ray fluorescence spectrum of the cluster 1 with main elements indicated. B Artificial NN simulated reflectance spectrum of altered smalt in the painting.
C Experimental reflectance spectrum of cluster 1 with the corresponding color. D Simulated reflectance spectrum of cluster 1 with the corresponding color.

Fig. 9 | Comparison between a photograph of the painting Abbey Among Oak
Trees by Caspar David Friedrich (171 × 110.4 cm2, inv. no. NG 8/85, Alte
Nationalgalerie, Staatliche Museen zu Berlin) and the color simulation results.

Left: photograph of the painting after restoration in 2016 ⓒStaatliche Museen zu
Berlin, Nationalgalerie / Foto: Kristina Mösl, Francesca Schneider. Right: color
simulation image ⓒClément de Mecquenem / Lab-BC.
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deteriorated smalt (Supplementary Figures 28–46), a schematic repre-
sentation of the painting Abbey among Oak Trees can be simulated as
depicted in Fig. 9 on the right hand side compared to a photograph of the
painting after restoration shown on the left hand side.

Discussion
The comparison between the photograph after the restoration of the
painting and the simulated image reveals noticeable color changes in the
painting due to aging. The simulated image presents a cooler and more
vibrant overall hue, with specific areas exhibiting a more pronounced blue
tone. It is consistent to observe that the areas appearing the bluest in the
simulated image correspond to regions that contain most of the smalt,
according to the chemical analysis presented earlier in the article. This
consistency supports the validity of our simulation approach, which pro-
vides a new representation of the artwork that could be closer to the initial
appearance of the painting before the smalt altered over time. While the
developedmethodology demonstrates significant promise in simulating the
original appearance of degraded smalt pigments, certain limitationsmust be
addressed to improve its accuracy andgeneralizability.Aprimary constraint
is the dataset used to train the ANN. The training data, comprising 191 Co
K-edge XANES spectra and corresponding reflectance spectra, represents a
limited range of smalt degradation states. This partial representation con-
strains the ANN’s ability to accurately predict reflectance spectra across the
full spectrum of smalt degradation observed in historical paintings. For
instance, the current data set does not encompass highly degraded smalt,
which is common in many artworks. Furthermore, the relatively small size
of the training dataset increases the risk of overfitting during the training
process. With 191 Co K-edge XANES spectra and their corresponding
reflectance spectra, theANNmay learn noise or specific patterns that donot
generalize well to unseen data. This can lead to overly optimistic perfor-
mance on the training set while reducing the predictive accuracy of the
model when applied to smalt pigments with degradation states not repre-
sented in the data set. Tomitigate this problem, futurework should focus on
expanding the data set to include a wider range of degradation states and
employing regularization techniques or data enhancement strategies to
improve the robustness and generalizability of the model. Simpler models
based on linear regression could also be tested and compared to the trained
ANN model.

A second challenge arises from the variability in historical smalt
compositions. Smalt productionmethods varied significantly across regions
and time periods, leading to differences inCo concentrations, alkali content,
and impurities like Fe or As. These compositional differences directly
impact smalt’s optical and chemical properties and its degradationbehavior.
The Deffner & Johann smalt used in this study provides a practical and
accessible modern reference but may not accurately represent the diversity
of smalt found in historical artworks. This discrepancy could introduce
errors in the simulated reflectance spectra and, by extension, the recon-
structed color profiles.

Third, the nature of the binder used by the artist can play a significant
role in the optical properties and aging of smalt-containing paint layers. In
this study, we did not account for the potential influence of the binder. The
use of mock-up samples introduces additional complexities. While these
samples are valuable for controlled experimentation, they lack historical
paint layers’ structural and material heterogeneity. Factors such as particle
size, binder composition, and layer stratigraphy significantly influence the
reflectance spectra of smalt and other pigments. These parameters were not
explicitly considered in the current study,which can limit the accuracyof the
simulations when applied to complex historical paintings.

To summarize we developed a robust procedure to simulate the initial
color of paintings affectedby the alteration of smalt.Applying the procedure
to test samples and Caspar David Friedrich’s Abbey Among Oak Trees
provides a compelling proof of concept. The simulated color profile, char-
acterized by cooler and more vibrant hues, is consistent with historical
accounts of the original appearance of the smalt. Integrating advanced
analytical techniques such as MA-XRF mapping, RIS, and XANES applied

to artificially aged model samples and the original painting, combined with
ML methods such as ANN, enabled the identification of the painting
composition and simulation of the painting with undeteriorated smalt. The
reconstructed image of the painting revealed cooler andmore vibrant hues,
offering a closer approximation of the initial appearance of the painting.
While our approach has proven effective, several areas for improvement
remain. Eventually, this innovative approach provides a valuable tool for art
conservators, allowing for improved informed decisions for the conserva-
tion of historical artworks and improving our understanding of artworks
and contexts in which they were created. In a more general way, the pre-
sented procedure can be adapted to other cases of degraded pigments in
artworks.

Data availability
The authors declare that the data supporting the findings of this study are
available within the paper and its Supplementary Information files. Raw
datafiles and thePythoncodeused for the simulation canbeprovidedby the
corresponding author upon reasonable request.
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