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Near-infrared reflectography (NIR) is a well-established non-invasive and non-contact imaging technique.
The NIR methods are able to reveal concealed layers of artwork, such as a painter’s sketch or repainted
canvas. The information obtained may be helpful to historians for studying artist technique, attributing
an artwork reconstructing faded details. Our research presents the improved method previously devel-
oped that reveals the hidden features by removing the information content of the visible spectrum from
NIR. Based on convolutional neural networks (CNN), our model estimates the transfer function from vis-
ible spectra to NIR, which is nonlinear and specific for painting materials. Its parameters are learnt for
particular paintings on the subsamples randomly selected across the canvas, and the model is further
utilised to enhance the whole artwork. In addition to the previously developed model, our algorithm
exploits each pixel’s surroundings to estimate its NIR response. This leads to more precise results and
increased robustness to various noises. We demonstrate higher accuracy than the previous method on
the historical paintings mock-ups and higher performance on well-known artworks such as Madonna dei
Fusi attributed to Leonardo da Vinci.
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1. Introduction

The investigation of hidden features in artworks by non-
invasive analytical methods is a hot topic in Heritage Science do-
main. Traditional and innovative tools are being exploited and de-
veloped to provide insights into the composition, structure, and
other properties of concealed layers. Broadband Infrared Reflectog-
raphy represents a traditional way of investigating underdrawings
and retouches of paintings. With the technological advances, state-
of-art devices were developed to acquire the reflected radiation
from the painting within narrow spectral bands either in single-
point or line-scan imaging modality providing us with 2D multi-
spectral/hyperspectral information [1]. The potential of many other
imaging techniques - i.e. TeraHertz [2-4], Optical Coherence To-
mography [5,6], photoacoustic [7-9] and non-linear [10] - is be-
ing currently explored for the inspection of artwork subsurface fea-
tures.

Our research capitalizes on the results achieved with deep
learning in multimodal data processing in other research fields,
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mainly in medical applications [11] or in consolidating video, au-
dio or text [12]. Artificial intelligence, in general, can provide more
comprehensible and enhanced information. [13] The use of black-
box models in Heritage Science could bring positive results, but
this area requires further research. Several studies [14-18] point
to the applicability of the deep learning and especially the Convo-
lutional neural networks (CNN), which have recently been applied
for underdrawing recovery, ghost-painting reconstruction [19], x-
ray separation [20], or for registration of numerous modalities
such as infrared reflectography, visual light photography or x-
radiography [21].

This study builds on and improves our previously developed al-
gorithm [22], which exploits neural networks to separate the visi-
ble cover contribution from the hidden layers in the near infrared
(NIR) reflectograms. In the original method, previously, the authors
defined the relationship estimating NIR response based on the vis-
ible spectra (VIS) using a shallow neural network as an approx-
imation due to its non-linearity. They kept their model size as
tiny as possible to prevent overfitting. This is even more signifi-
cant concern in our case as we are using higher-dimensional input
and larger architectures. The limitation of the previous model is
that it works independently with individual pixels. The new model
takes into consideration the fact that the pixel’s neighbourhood
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areas are strongly dependent on each other. It follows that inclu-
sion of neighbourhood pixels into the input should lead to a more
accurate estimate of the NIR-VIS relation. To utilize enlarged input
dimension, our models are based on the well-known convolutional
neural networks [23] that are specialized for grid data processing
and proved to be usefull in various image processing tasks such as
object detection [24] or image segmentation [25].

This work’s scope is to explore how the inclusion of the pixel’s
closest surroundings affects the prediction of NIR response. For
the first time, we present a novel way of creating the mock-up
dataset reflecting pixel neighbours. As in the previous model [22],
our research addresses two crucial tasks: the performance measure
and the demonstration of the developed method on historical art-
works. Phantoms - examples, realized according to historical paint-
ing recipes with known pigments and underdrawing coverage, are
used first to estimate model accuracy and architecture search. As
a further step of our research, we choose only the best perform-
ing models on phantoms to reveal hidden layers in artworks to
demonstrate the practical value of our model. Our experiments re-
veal the limitations of our models’ hyperparameters, the potential
network architectures and the enhanced outputs when applied to
historical artworks.

2. Research aim

NIR spectrography is among the most widely used technique for
noninvasive examining historical paintings and proved to be usefull
in various tasks such as conservation [26] authentication [27] or
composition analysis of an art piece [28,29].

However, NIR scanning delivers a mixture of beneath layers
with the visible painted layers. A challenging area in the field of
NIR spectrography is to separate these two layers and show be-
neath layers as they look like without those visible contribution.
The transition from visible to NIR could still be poorly described,
mainly because no exactly defined relation represents that [30].

This paper outlines a new approach for unmixing these two sig-
nals utilising the latest methods of Artificial Intelligence dealing
with the nonlinearity nature of the problem. We have designed a
model based on Convolutional Networks for enriching the hidden
layer clarity.

3. Materials and methods
3.1. Mock-ups

M3art database [30] provided us with a set of mock-up samples
(physical samples) as shown in Fig. 1. Authors prepared many can-
vases with color samples from 2012 to 2014. Their database con-
tains 25 materials combined in up to 3 layers (ground layer, un-
derdrawing/underpainting, and top covering layer). The materials
were used for creating 634 samples of four kinds - ground layer
only, ground layer with drawing, ground layer with color, and fi-
nally, groundlayer with drawing covered by color layer.?

We use the canvas shown in Fig. 1 for our experiments. Each
square 4 x 4 cm corresponds to twelve different pigments, and
its right half contains underdrawing (one set with natural willow
charcoal and the second set with red clay (sinopia)). The composi-
tion of the pigmented layer was following: 2 g of pigment for 10
drops of 5% solution of animal glue, 5 drops of turpentine, 3 drops
of egg yolk and 1 drop of ethanol. The canvas was prepared by
mixing 3 volume parts of Bologna chalk (calcium sulfate), 2 vol-
ume parts of 7 % aqueous solution of gelatin, 1 egg yolk and 1/4
volume parts of polymerized linseed oil. These samples were used
to create our virtual phantoms.

2 https://m3art.utia.cas.cz/db/overview
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Fig. 1. Mock-up from M3art database [30] used for virtual phantoms. First two
samples in the first and fourth row are underdrawings only without any pigments
(graphite and red clay). Pigments follow (lead white, cinnabar, red lead, madder,
indigo, lead-tin yellow, green earth, verdigris, azurite, ultramarine, bone black and
umber raw). (For interpretation of the references to colour in this figure legend, the
reader is referred to the web version of this article.)

3.2. Visible and near-infrared imaging

The visible and near-infrared (VIS-NIR) scanning of these sam-
ples was performed with a multispectral VIS-NIR scanner con-
structed by CNR-INO [31]. The scanner has been described in de-
tail here [32]. In brief, it acquires in a single point modality, si-
multaneously a set of 32 self-registered and aberration-free re-
flectance images (16 in visible and 16 in near-infrared range). It fol-
lows that the available scan contains 32 dimensions representing a
wavelength window separating spectral space between 380 nm to
2500 nm, with the resolution of 20-30 nm in VIS and 60-120 nm
in NIR.

3.3. Artworks

The two artworks were selected so that the result could be
compared our research with our previous work [22]. The first

Predicted
NIR
Surroudings

used for
prediction

Fig. 2. On the left, there is a 3D cube expressing VIS channels of the image. The
right part represents the desired output, which is the expected response of the in-
put in NIR wavelength. The prediction of one pixel (its coordinates represented by
a black square) is not only based on the reflectivity of this pixel in the VIS, but also
takes into account the reflectivity of neighboring pixels.
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Phantom example: 12 materials, 15 % underdrawing coverage
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Fig. 3. Phantom example of spatial dimensions (144 x 108) consisting of 12 distinct painting materials with 15% underdrawing coverage. Materials form a grid of (4 x 3),
each cell contains single distinct material and underdrawing area is on the right. Shown colors are in RGB derived from 16 VIS bands. The example parameters slightly differs

from the experiment dataset for better clarity.

is a ‘Still life’ oil on canvas by an anonymous painter from the
Fine Arts Museum of Asturias. It shows a series of pottery us-
ing oil on canvas painting (23.4 x 28.4 cm) and originated in the
early 20th century. Infrared reflectography discovered underdraw-
ing and underpaintings scenes with buildings not visible by the
naked eye.

The second example is ‘Madonna dei Fusi’ (Madonna of the
Yarnwinder) attributed to Leonardo da Vinci. The painting is
owned by a private collector. The canvas is also oil painted
and dates back to 1501-1507; the analysis revealed various
pentimenti.

VIS-NIR multispectral scanner detailed in [32] and [33] yields
32 channel scans (380, 2800 nm) of these artworks. The scanners
spatially registered the images, and we then used the resulting hy-
percube.

3.4. Model

Our goal is to predict NIR response (in. specific spectral win-
dow) given the vector of VIS reflectancies, and this is motivated by
the fact that some NIR content is not involved in VIS spectra. The
estimation is further intended to distinguish between concealed
features noticeable only in the infrared domain by removing the
expected VIS contribution in NIR. Therefore, the result should dis-
play just invisible parts of NIR, remove residuals of VIS contribu-
tion, and thus present a more accurate estimation of the painting
hidden features.

We estimate the transition function from VIS to NIR by neu-
ral nets to address its non-linearity. Particular painting has its own
and different estimated function because the material property is
strongly dependent on many factors. The input consists of 16 VIS
bands, and the output is a single NIR band; including more NIR
bands as output does not lead to better results, that is inspired by
our predecessor [22].

To extend the capabilities of preceding architecture, we con-
sider the pixel spatial surroundings for this estimation illustrated
in Fig. 2. To make use of the newly included information, our
model incorporates CNN, which are traditionally selected for deal-
ing with spatial space [34].

Instead of matrix multiplication employed by classical neural
nets, CNN processes the input using a convolutional operation with
the trainable kernel. Let us define the convolution operation ® as:
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Definition 1 (Discrete Convolution).

M N

S, j)=Keh(i j)=>Y Y I{i—m, j—mK@m,n), (1)

where [ stands for pixels intensities (dimension of I is M - width
and N - height). Convolution filter K (kernel) is also 2D matrix with
dimensions typically lower than I. Convolution is moving the fil-
ter K to every possible spatial coordinate (i, j) of image I, and for
each (i, j) multiplying image intensities by corresponding weights
of kernel K and summing weighted intensities.?

The convolutional layers also include adding bias and activation
function after convolution operation like typical neurons.

The Information Gain (IG) metric given in [22] seems to be a
reliable model performance metric in terms of separation in the
NIR spectra.

Input data are represented as functions VIS and NIR, non-zero
only on spatial grid of dimension (m x n). The function f (our
CNN) predicts the NIR response given only VIS bands illustrated
as “Predicted NIR” in Fig. 4.

Definition 2 (VIS). Function VIS(, j) : N2 — RIXIxb: gijves re-
flectancy in b consequent bands of visible spectra for pixel at (i, j)
including (I x I) neighbourhood.

For our datasets b= 16, [ € {3,5,7,9}.

Definition 3 (NIR). Function NIR, (i, j) : N — R; returns pixel re-
flectence in single NIR band at spatial coordinates (i, j). The NIR
band is centered at wavelength A.

In our case A is different with respect to the painting: 1730 nm
for Still life and 950 nm for Madonna dei Fusi.

Performance of f is measured as a difference between real NIR
response and predicted. “The Information Gain for a certain spec-
tral window and a given pixel is the change of captured radiation
caused by painting layers not included in VIS.” [22]

3 Note that most CNNs use the flipped kernel (K @ I)(i, j) = XM SN I(i+m, j+
n)K(m,n), therefore from the mathematical point of view the ® operator should
be termed as the cross-correlation.
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Definition 4 (IG). The IG metric is defined as:

M N
A =303  FvIsG, j)) - NIR; . J). 2)

]

where VIS function and NIR, are defined beforehand, f is model
RI*Ixb _, R, Formula sums over spatial dimension of input data
(M x N).

However, IG is not suitable for training neural networks because
it requires a smooth and differentiable loss function; we used the
function from our previous article, where the network weights
were adjusted based on a loss function defined as the Mean Square
Error (MSE), which reflects IG and is easily differentiable. Thus, IG
is used to measure validation error and MSE for the training.

Definition 5 (MSE). The MSE metric is defined as:

M N
MSE(f) = ﬁ SN (F(VISG. j)) — NIR; (i, j))?, (3)
i

where VIS function and NIR, are defined beforehand, f is model
R!xIxb _ R, Formula sums over spatial dimension of input data
(M x N).

The output of all models was the same single neuron corre-
sponding to the pixel intensity distribution of greyscaled image.
The input size limits the kernel size and the depth because only
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Table 1

CNN architecture parameters.
Parameter name Values
Filters per CNN layer 10, 15, 25, 50
Kernel size 3,59
Number of CNN layers (Depth) 1,2,3,4

Activation functions sigmoid, relu

a “valid” padding of the CNN layer was allowed, which means that
not all the parameter options are available for each input size.

We choose the number of learnable paremeters close to the
foregoing model capacity to overcome the overfitting phenomenon.
Hyperparameter behaviour is described in detail in Appendix C.
Even for our smaller convolutional layers made of consecutive
3 x 3 kernels with 30 filters, the model tends to memorize the
patterns, and the validation error drops after approximately 20
epochs. We employ the early stopping regularization technique to
avoid this undesired behaviour and we work with higher capac-
ity models. Still, we do not enlarge the filters above 50 because
such models’ training was notably non-stable and requires sensi-
tive hyperparameter selection. The following Table 1 summarizes
the tested parameters related to these restrictions.

3.5. Virtual phantoms generators

In order to evaluate the model performance, the hidden fea-
tures of the NIR have to be known; therefore, we employ the

Network hyperparameters
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Fig. 4. The figure displays the MSE performance according to the network parameters and the phantom input size. Rows represent a different size of the phantom and
columns the architecture parameter. Boxplots reflect the influence on the MSE expressed in the y-axis of the particular parameter value on the x-axis. (the MSE is multiplied

by 105 to improve readability.)
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Table 2

The table enlists the results of our experiments compared to the baseline model
(the predecessor model [22]). The MSE metric refers to an average performance
on the 20 distinct virtual phantoms. The input column stands for training sample
dimensions, the depth for a number of hidden layers, the filters for a number of
convolutional filters or neurons in the baseline case, the kernel for the size of con-
volutional filters, the activation for a chosen activation function.

Input [px] Depth Filters Kernel [px] Activation Validation MSE

baseline 2 25 - sigmoid 0.000636 + 0.000139
3x3 1 50 3 relu 0.000530 + 0.000104
3x3 1 25 3 sigmoid 0.000567 + 0.000106
3x3 1 10 3 sigmoid 0.000575 + 0.000127
3x3 1 15 3 sigmoid 0.000575 + 0.000085
5x5 2 50 3 sigmoid 0.000433 + 0.000070
5x5 2 25 3 sigmoid 0.000447 + 0.000064
5x5 2 15 3 sigmoid 0.000461 + 0.000073
5x5 2 25 3 relu 0.000464 + 0.000056
7x7 3 25 3 sigmoid 0.000221 + 0.000053
7x7 3 50 3 sigmoid 0.000222 + 0.000064
7x7 3 15 3 sigmoid 0.000251 + 0.000080
7x7 3 10 3 relu 0.000252 + 0.000055
9x9 4 50 3 sigmoid 0.000189 + 0.000045
9x9 4 25 3 sigmoid 0.000196 + 0.000046
9x9 2 25 5 sigmoid 0.000206 + 0.000043
9x9 4 15 3 sigmoid 0.000211 + 0.000063

physical samples (mock-ups) with the precise position of under-
drawings. Based on these, we can generate artificially datasets of a
changeable size, a material count or an underdrawing ratio, which
we call virtual phantoms.

Mock-ups as a source of truth consist of pigments without
overdrawing, pigments over graphite underdrawings, and pigments
over clay underdrawings. This gives us 12 x 3 groups with different
reflectance characteristics. From each group we take patches (400)
which have required dimensions and contains all 16 VIS reflectiv-
ity values per pixel and single NIR band that is same for all patches
each group. The dimensions of a sample are then [ x [ x 17, where
I vary according to the CNN architecture. Let us denote sample x;.

At this point we needed to be able to generate artificial sam-
ples to increase their number so we derive a sample generator

Journal of Cultural Heritage 58 (2022) 186-198
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Fig. 5. The plot shows the performance of our best models using pixel surround-
ings for predicting the NIR response. The x-axis represents the size of the employed
neighbourhood and the y-axis the MSE measured on the validation set. The prede-
cessor (baseline) model [22] not using any neighbourhood pixels is plotted on the
very right. It was trained and validated on the same virtual phantoms only with
omitted surroundings of the pixel. (The MSE is multiplied by 10° to improve the
readability.)

generator is represented by a multivariate Gaussian distribution of
the k-dimensional random vector.

Let us assume D,,; as the m material distribution with spatial
size I x I. We approximate Dy, ; by a multivariate Gaussian distribu-
tion I, ; (i, X). The I, | parameters are estimated by using all the
x; samples of material m and [ size. We calculate p as the sample
mean vector and X as the sample covariance matrix Q given by
the following formulas:

i 3
for each group represented by group mean vector and variance 13 1S
for each dimension. According to our predecessor [22]| we assume p(m) ~ S in = with % = S inj (4)
that material reflectance matches the normal distribution. Hence, i=1 i i=1
a) INFERENCE
Input 1. CNN layer 2. CNN layer 3. CNN layer Output
16@400x400 25@398x398 25@398x398 25@397x397 1@396x396
-~
= = /s/fg/moi‘
STy S5 O
3 sigmoid 3 sigmoid sigmoid
b) TRAINING
Input 1.CNN layer 2. CNN layer 3. CNN layer Output
16@9x9 25@7x7 25@5x5 25@3x3 1@1x1

sigmoid

sigmoid

Fig. 6. a) Inference; the trained network is used for estimation of the NIR response of VIS. b) Training of network; parameters are trained on a subset of samples of size

9 x 9 of the original painting. (The filter notation is as follows depth@width x height.)
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b) Visible cover

d) Enhanced NIR reflectogram
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Fig. 7. The detail (10 x 10 cm) of the Still life painting: a) the RGB image, b) the visible cover (output of the neural network), c) the NIR reflectogram centered at 1730 nm,

d) the enhanced reflectogram (the subtraction image c-b).

s
X(m) ~ Q= [q] with qj, = % Do =X — %), (5)
i1

where X; is a sample of Dy, ; with dimension K= (I x I xs) and S
stands for the total samples count.

For drawing vector v from I, ;, we need decompose covariance
matrix (for example by Cholesky decomposition),

X(m)=LL", (6)
where X is covariance matrix and L is a real lower triangular ma-
trix with positive diagonal entries. Vector u = (uq, ..., uy), where

u; is independent sample from a standard normal distribution
N(0, 1). Then the vector v is calculated by following equation:

v=p(m)+L-u (7)
4. Results

The result section includes two sections. Firstly, we showcase
the experiments with virtual phantoms primarily to examine var-
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ious CNN architectures and to demonstrate that our improved
model can achieve better accuracy than the antecedent model [22].
The experiments are evaluated by the MSE metric to give an objec-
tive and straightforward score. Secondly, we apply the best models
from the first phase on real artworks to illustrate its contribution
to better visualization of hidden features in NIR reflectograms. We
present figures confirming the reduction of VIS residuals and im-
proved visibility of thin drawings.

4.1. CNN architecture design

To study the model design, we prepared four sets of virtual
phantoms with a variable size of neighbourhood surroundings
(from 1 to 4) generated from distributions I, ;. Each set contains
20 different phantoms; each phantom contains samples of spatial
size 400 x 400 equally distributed among 12 distinct materials m
(sampled from I, ); each of them includes 2% samples with un-
derdrawing and 17 different bands (16 VIS bands and single NIR
band). Phantom example with 12 materials and 15% underdrawing
coverage is shown in Fig. 3. These settings reflect the predeces-
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a) RGB image
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b) Visible cover
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Fig. 8. The detail (10 x 10 cm) of Madonna dei Fusi painting attributed to Leonardo Da Vinci: a) the RGB image, b) the visible cover (the output of the neural network),
c) the NIR reflectogram centered at 950 nm, d) the enhanced reflectogram (the subtraction image c-b). Histograms of images b, ¢, d were equalized by CLAHE algorithm

[35] (the original NIR is included in Appendix B.1).

sor performance measuring environment [22]. These virtual phan-
toms were split into validation and training sets and served as a
dataset to train various CNN architectures and to measure their
performance.

We have tested several hyperparameters such as the number
of filters per CNN layer, the kernel size, and the number of con-
volutional layers. We report the MSE performance as a function of
these hyperparameters for a given phantom input size in the Fig. 4.
It can be seen that 25 filters are sufficient (a higher number has lit-
tle impact on MSE), the kernel size 3 x 3 is adequate, and deeper
networks achieve lower standard deviation and lower error rates,
especially for the 7 x 7 and 9 x 9 input size.

The results, as shown in Table 2 with the detailed description
of the most successful models, confirms that our CNN architectures
outperform the baseline model [22] in terms of the MSE metric.
In addition to the findings about hyperparameters from Fig. 4, Ta-
ble 2 points to the sigmoid activation function as more appropri-
ate. The best networks of these settings are further applied to art-
works to demonstrate their practical usability.
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As Fig. 5 shows, there is a clear trend of the positive contri-
bution of a pixel surroundings. All of our best models achieved
lower MSE than the baseline model, and their error decreased with
the larger surroundings along with the standard deviation until the
9 x 9 dimension of the input.

4.2. CNN to enhance information about NIR reflectograms in
historical paintings

As a further step of our research, we have tested the developed
method on artworks. We selected regions of interest on the paint-
ings and for each of them, we trained a model on 2500 randomly
chosen pixels with 9 x 9 surroundings. We have selected architec-
ture with four CNN layers, each containing 25 filters, with 3 x 3
kernel size and sigmoid activation summarized in Fig. 6.

The trained model estimates the VIS contribution (the visible
cover) in NIR reflectograms. For the improved reflectogram, the vis-
ible cover is subtracted from the acquired NIR reflectogram. We
describe here two representative examples of enhanced visibility
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of hidden features in the NIR reflectograms of an anonymous oil
painting from 20th century shown in Fig. 7 and a panel painting
attributed to Leonardo da Vinci in Fig. 8.

5. Conclusion

The performed tests validate our assumption that including
pixel spatial surroundings leads to more accurate results in the
NIR estimation for the virtual phantoms and the real paintings. As
shown in Fig. 5, our models overcame the MSE metric of the previ-
ous model, and the actual experiments with artworks confirm the
achievement of the practical result as shown in Figs. 7 and 8.

The architecture search confirms the common knowledge that
the kernels 3 x 3 are sufficient and enlarging the kernel decreases
the model stability and the performance as seen in the middle col-
umn in Fig. 4. The last column of Fig. 4 points out to the fact that
the bigger network depth (more CNN layers) the better performing
model. Increasing the number of filters per CNN layer improves the
model accuracy, the plateau is reached with 50 filters. However,
the model capacity should not be larger, the stack of too many
CNN layers suffers from a vanishing gradient, and models with too
many filters tend to overfit.

When it comes to historical artworks, our models cope better
with colour transitions such as a wide brush stroke in the mid-
dle of the artwork shown in Fig. 7 and reducing the impact of
high-brightness points from VIS. Although the output corrected
several misregistration errors, there are still some imperfections,
such as the brush stroke in the lower corner in Fig. 7. As shown in
Fig. 8 our networks reduced noises and enhanced numerous cracks
of the paintings, allowing us to better distinguish each angel’s hair
better and change the background to a firmer one.

This study is a first step towards a better understanding of how
the spatial environment of pixels affects the neural network mod-
elling of the VIS to NIR transition. In the following research, we
will focus on a more complex modelling of virtual phantoms, em-
ploying the multilayered paint stratigraphy (overpaints). Our fu-
ture work will also investigate the benefits of more advanced CNN
models such as the residual connection introduced in [36] along
with the extensive regularization techniques to handle the vanish-
ing gradient problem and prevent overfitting.
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Appendix A. Abbreviations

NIR near infrared

VIS visible spectra

IG Information Gain

CNN Convolutional neural networks
MSE Mean Squared Error

Appendix B. Artworks

The original non improved version of the Fig. 8 is displayed in
Fig. B.1, we used the histogram equalization algorithms to improve
readability for the reader, but no other changes have been made.

To manifest the distinctions between our and the baseline
[22] model, we additionally incorporate Figs. B.3, B.2 with the
highlighted difference between model outputs.
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a) RGB image b) Visible cover

c) NIR reflectogram d) Enhanced NIR reflectogram
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Fig. B.1. The detail (10 x 10 cm) of Madonna dei Fusi painting attributed to Leonardo Da Vinci: a) the RGB image, b) the visible cover (the output of the neural network), c)
the original NIR reflectogram centered at 950 nm, d) the enhanced reflectogram (the subtraction image c-b).
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a) NIR | b) CNN 9x9
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Fig. B.2. the detail (10 x 10 cm) of Still life painting: a) the NIR reflectogram centered at 1730 nm, b) the enhanced reflectogram by our baseline model (the substraction
image a - output of the neural network), c¢) the enhanced reflectogram by our model using 9 x 9 surroundings (the substraction image a - the output of the neural network),
d) the diference between b and c, the red color highlights diferences. (For interpretation of the references to colour in this figure legend, the reader is referred to the web
version of this article.)
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a) NIR b) CNN 9x9
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Fig. B.3. The detail (10 x 10 cm) of Madonna dei Fusi painting attributed to Leonardo Da Vinci: a) the NIR reflectogram centered at 950 nm, b) the enhanced reflectogram
by our baseline model (the substraction image a - output of the neural network), c)the enhanced reflectogram by our model using 9 x 9the surroundings (the substraction
image a - the output of the neural network), d) the difference between b and c, the red and blue color highlights differences. (For interpretation of the references to colour
in this figure legend, the reader is referred to the web version of this article.)
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Fig. C.1. The progress of CNN output over the epochs: each cell contains grayscaled VIS reflectogram, NIR reflectogram and the visible cover (the output of the neural

network).

Appendix C. CNN filters and epochs

In this section, we sum up some of CNN hyperparameter’s be-
havior we were adjusting during our experiments.

CNN contains blocks of convolutional layers, that is, convolution
operation with n learnable kernels of given size (I x I); we usually
refer n as a number of filters and [ as a kernel size. Using a con-
volutional layer with n filters on an image gives n output feature
maps (all kernels applied on the image). The more filters, the more
complex function is approximated by CNN (similar to modeling by
higher order polynomial), but it could lead to overfitting phenom-
ena.* The goal is to choose a suitable number of filters and CNN
layers based on the validation error. For further details, see chap-
ter “Convolutional Networks” in book [34].

Learning of neural networks refers to using stochastic gradient
descent optimization. We usually use our training data in small
patches (called batches), calculate the gradient for each batch, and
adjust the learnable parameters of the neural network. As long as
the gradient descent is an iterative method, we have to repeat that
several times; in single epoch means that we adjusted for every
batch. We illustrate the change of our CNN during the first ten
epochs in Fig. C.1. For further details, see chapter “Optimization for
Training Deep Models” in book [34].
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