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Abstract 

Generally applied to a painting for protection purposes, a varnish layer becomes yellow over time, making the paint-
ing undergo an appearance change. Upon this change, the conservators start a process that entails removing the 
old layer of varnish and applying a new one. As widely discussed in the literature, helping the conservators through 
supplying them with the probable outcome of the varnish removal can be of great value to them, aiding in the deci-
sion making process regarding varnish removal. This help can be realized through virtual cleaning, which in simple 
terms, refers to simulation of the cleaning process outcome. There have been different approaches devised to tackle 
the problem of virtual cleaning, each of which tries to develop a method that virtually cleans the artwork in a more 
accurate manner. Although successful in some senses, the majority of them do not possess a high level of accuracy. 
Prior approaches suffer from a range of shortcomings such as a reliance on identifying locations of specific colors on 
the painting, the need to access a large set of training data, or their lack of applicability to a wide range of paintings. In 
this work, we develop a Deep Generative Network to virtually clean the artwork. Using this method, only a small area 
of the painting needs to be physically cleaned prior to virtual cleaning. Using the cleaned and uncleaned versions of 
this small area, the entire unvarnished painting can be estimated. It should be noted that this estimation is performed 
in the spectral reflectance domain and herein it is applied to hyperspectral imagery of the work. The model is first 
applied to a Macbeth ColorChecker target (as a proof of concept) and then to real data of a small impressionist panel 
by Georges Seurat (known as ‘Haymakers at Montfermeil’ or just ‘Haymakers’). The Macbeth ColorChecker is simulated 
in both varnished and unvarnished forms, but in the case of the ‘Haymakers’, we have real hyperspectral imagery 
belonging to both states. The results of applying the Deep Generative Network show that the proposed method has 
done a better job virtually cleaning the artwork compared to a physics-based method in the literature. The results are 
presented through visualization in the sRGB color space and also by computing Euclidean distance and spectral angle 
(calculated in the spectral reflectance domain) between the virtually cleaned artwork and the physically cleaned 
one. The ultimate goal of our virtual cleaning algorithm is to enable pigment mapping and identification after virtual 
cleaning of the artwork in a more accurate manner, even before the process of physical cleaning.

Keywords  Artwork virtual cleaning, Deep generative network, Varnished and unvarnished artworks, Spectral 
reflectance

Introduction
Even though there have been artists who did not intend 
for their works to be varnished, those works were some-
times varnished once out of the artists’ hands. The var-
nish appearance on the surface of the artwork changes 
with time, causing the artwork visual properties to 
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change as well [1–3]. This change of appearance is more 
substantial after a significant passage of time [4]. Many 
factors play into the appearance alteration of the paint-
ing subsequent to varnish application. Two of the most 
important factors are the varnish type and its age [4, 
5]. Due to the irreversibility of artwork cleaning, it is 
regarded as one of the tasks of highest importance under-
taken by the conservators. This cleaning process consti-
tutes physically removing the unwanted deposits and the 
aged varnish from the surface of the artwork aiding in 
reestablishing the original look of the artwork [6–8]. This 
process of cleaning is referred to as physical cleaning [9]. 
Physical cleaning can sometimes have damaging effects 
on the artwork along with being very time-consum-
ing [10–12]. The simulation of the result of the varnish 
removal from an artwork is termed virtual cleaning. Vir-
tual cleaning potentially provides the conservators with 
a likely appearance change of the painting if the cleaning 
process is undertaken. In some cases, the painting is not 
likely to undergo a thorough cleaning process anytime 
soon. In most cases, in fact, a small part of a painting is 
first cleaned. Using that cleaned portion, by estimating 
a relationship between the cleaned and uncleaned data 
of the region, the virtually cleaned version of the whole 
painting is estimated [13–16]. Therefore, virtual cleaning 
provides a method to estimate the original appearance of 
the painting [13]. Performing virtual cleaning in the spec-
tral reflectance domain could also enable conservators to 
perform pigment mapping and identification more accu-
rately even before a thorough physical cleaning.

Barni et al. [14] might be the original authors to report 
their work in virtual cleaning, albeit for RGB data. In their 
work, they first physically cleaned a part of the paint-
ing. They then found a transformation matrix between 
the cleaned and corresponding uncleaned portion in the 
RGB domain. Afterwards, they applied the same trans-
formation matrix to the rest of the painting leading to a 
virtually cleaned artwork. Papas and Pitas stated that vir-
tual cleaning in the CIELAB color space leads to a bet-
ter result as opposed to the RGB color space [15]. They 
associated this observation with the close correlation 
between CIELAB and human perception. Having access 
to varnish and pigments that Leonardo da Vinci utilized 
at the time, Elias and Cotte (2008) were able to virtually 
clean the Mona Lisa [17]. They first built a chart of colors 
made from classical paints employed in 16th century Italy 
in a varnished and unvarnished state. Making use of these 
charts enabled them to deduce a mean multiplicative fac-
tor for each wavelength, which was then applied to the 
Mona Lisa’s image spectra resulting in a virtually cleaned 
version of the painting [17]. Palomero and Soriano were 
the first to apply a neural network to the field of virtual 
cleaning [18]. They first physically cleaned a part of the 

painting and trained a shallow neural network to go from 
the uncleaned painting to the cleaned one using the small 
physically cleaned part in the RGB domain. The network 
was then used to predict the RGB image of the cleaned 
painting. Using an estimation method, they were also 
able to estimate the spectral reflectance of the cleaned 
and uncleaned painting from RGB color data [18]. The 
estimation method was based on the Pseudo-Inverse 
(PI). This method is referred to as the PI because a mul-
tiplication of the pseudo-inverse matrix of RGB data (or 
any color data) and the reflectance data of the training 
samples is performed first in an attempt to recover the 
spectral reflectance of the testing samples from the RGB 
data. One point worth mentioning is that PI relies heav-
ily on the training samples, similar to other supervised 
approaches. The PI works in a way that two sets of RGB 
and spectral training data are used to find the relation-
ship between the RGB and spectral data. The same rela-
tionship is then applied to the testing data to estimate 
the spectral information[18, 19]. However, the important 
point is that the material types should be both the same 
in the training and testing data, and if the material type 
in the testing samples is not the same as the material in 
the training data, the spectral estimation of the testing 
data will not be accurate [19]. This is true even if the two 
spectra have the same RGB values, as visual colors might 
visually appear the same but the spectral reflectances 
could be different [20]. Let us assume, for example, the 
training data is a green plastic and its spectrum is also 
known. The PI is then used (or any supervised method 
for that matter) to extract the relationship between the 
spectral reflectance of the green plastic and its RGB color 
values. The same relationship is then applied to the test-
ing data which is comprised of a green leaf, for which we 
only have the RGB values. The green leaf spectral reflec-
tance estimated using this method will not be an accurate 
representation of its original spectral reflectance due to 
the spectral difference outside the visual portion of the 
specturm[19]. Going back to the paper reported by [18], 
they estimated the spectral reflectance of the artwork 
using Munsell color chips, neglecting that Munsell chips 
are not constructed from the same material (pigments) as 
the ones used in the artwork, hence making the estima-
tion of the spectra of artwork less accurate. Trumpy et al.  
were the first to approach the problem of virtual cleaning 
from a physics standpoint [13]. Using Keubelka-Munk 
theory as the base, they were able to develop a model 
that estimates the spectral reflectance of the cleaned 
painting. In order to do that, they made some simplify-
ing assumptions about how the light interacted between 
the varnish and the painting. Some of those simplifying 
assumptions are that pigment particles are immersed in 
the binding medium, that there is varnish wetting of the 
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painting layer, the varnish surfaces are optically smooth 
while the exposed paint layer is rough, neglecting the 
reflection at the air/varnish interface as well as the paint/
varnish interface, that a dark location completely absorbs 
the incident radiation, and finally, that the varnish body 
reflectance (which they assumed to be equal to the reflec-
tance spectra of the uncleaned dark location of the paint-
ing) is wavelength independent [13]. This model is used 
below as a reference for comparison to our model. Kirch-
ner et al.  characterized the varnish layer through making 
a number of key measurements, particularly of the pure 
white on the painting using Kubelka-Munk two-constant 
theory [16]. Wan et  al. using variational autoencoders 
and assuming that the image restoration can be treated 
as an image translation problem (in which the images are 
translated through three domains: the real image, a syn-
thetic, artificially degraded image, and the ground truth 
with no degradation) were able to restore old images [21]. 
Linhares et  al., using hyperspectral imaging technology, 
were able to characterize the varnish layer allowing them 
to virtually clean the artwork [22]. To do that, they meas-
ured the reflectance spectra of the painting before and 
after varnish removal and used that information for the 
subsequent characterization and virtual removal of the 
varnish layer [22]. The latest work in the area of virtual 
cleaning might belong to Maali Amiri and Messinger, 
where they trained a deep convolutional neural network 
in the RGB domain on an image database containing 
natural scenery and humans that were artificially yel-
lowed [9]. They reported the ability to virtually clean art-
work even though their network was trained on natural 
scenes [9]. Many of the previously reported works have 
shortcomings that are addressed in this work. Among 
them are the need to specify locations of pure black and 
white pigments, the need to have access to a large set of 
training data, low accuracy, and the inability to general-
ize the method and results to other works. The approach 
presented below overcomes these deficiencies while still 
providing a successful virtual cleaning of a painting.

In this paper, we develop a Deep Generative Network 
(DGN) to virtually clean artwork in the spectral reflec-
tance domain. Similar to other approaches, this method 
requires a small part of the painting to be physically 
cleaned beforehand. Using that portion of the work, the 
DGN can virtually clean the entire painting. As a first 
test using simulated data, a Macbeth ColorChecker was 
synthetically yellowed using the method proposed in [9] 
in the spectral domain. It was then assumed that only a 
small part of it has been physically cleaned. Using the 
DGN, we successfully clean the rest of the color chart. 
The model is also applied to real hyperspectral imagery 
of a partially cleaned work referred to as ‘Haymakers’, the 

same painting used in the study by [13]1. It is worth not-
ing that in the case of the ‘Haymakers’, there is no need 
to simulate the varnished version of the painting as we 
have real data belonging to both varnished and unvar-
nished states of the painting. The results are shown in 
terms of Euclidean distance and spectral angle between 
the virtually cleaned and the physically cleaned artwork 
(computed in the spectral reflectance domain) along with 
visualizations of the results in the sRGB color space as 
well as the spectral domain. The results are compared 
with the physics-based model proposed by [13]. The 
comparison shows that the model proposed herein has 
outperformed the physics-based model.

The paper is laid out as follows: Sect. "Methodology" 
describes the data sets utilized in this work, the proposed 
deep generative network, and the experiments per-
formed. Section "Results and discussion" demonstrates 
the results and discussions where our model results are 
compared with the physics-based model. We finish our 
paper with conclusions summarizing the paper’s out-
comes and contributions.

Methodology
This section describes the data used and the network 
algorithm along with its architecture. The criteria used to 
evaluate the success of the method proposed here is also 
presented.

Data
Hyperspectral imagery of the Macbeth ColorChecker 
and ‘Haymakers at Montfermeil’ are used in this work 
to test our model. The ColorChecker dataset consists of 
24 color patches, and is a very suitable sample as it com-
prises a set of colors represented frequently works of art. 
Spectral reflectance data of this color chart from 400 to 
700 nm at 5 nm intervals are available [23] and are used 
to simulate hyperspectral imagery, both “varnished” and 
“cleaned”, of a ColorChecker target. The hyperspectral 
imagery of the ‘Haymakers’ is the same as used in [13], 
and was provided to us by the National Gallery of Art. 
There are two hyperspectral images of this work used in 
this study. One image is of the work after approximately 
1/3 of the work was physically cleaned, while the other 
was collected after the full cleaning was completed. For 
our study, we use the small, pre-cleaned area to virtually 
clean the remaining 2/3 of the work, and then compare 
the result to the post-cleaned imagery. The hyperspectral 
image cubes of the ’Haymakers’ contain reflectance spec-
tra from 400 to 780 nm with a spectral sampling of 2.5 

1  We wish to thank the National Gallery of Art for providing us with the data 
of the ‘Haymakers’.
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nm. A visualization (performed in the sRGB domain) of 
the data is shown in Fig. 1 for the varnished and unvar-
nished states (the pre-cleaned area of the painting is vis-
ible on the right-hand side).

Importantly for our results, we use the simulated Mac-
beth ColorChecker, which was artificially yellowed using 
the same method proposed in [9], to test the method 
on synthetic data, and then apply the approach to real 
hyperspectral imagery of a painting, both before and 
after physical cleaning was performed. The result of the 
virtual cleaning applied to the ‘Haymakers’ is compared 
with that of physics-based model. In the case of Mac-
beth ColorChecker, the results are not compared with the 
physics-based model, and it is only used as a way to test 
the feasibility of our model.

Deep generative network (DGN)
Neural Networks are generally able to learn non-linear 
transfer functions. Here, this approach learns the rela-
tionship between the spectra of those cleaned parts of 
the work, and the corresponding uncleaned parts. We 
then generalize the same relationship to other uncleaned 
areas. This precludes the need to use a physics-based 
model in which having access to samples of pure black 
and white on the painting is of great importance. Using 
the proposed method, we do not need to be concerned 
about the type of colors needed; literally any colors can 
be used for this purpose as long as they are representa-
tive of the entire work. It should also be noted that in 
this work we are assuming that the varnish effect is spa-
tially uniform, an assumption that all virtual cleaning 
approaches make. Therefore, for only a small area of the 
painting we have both the cleaned and uncleaned spec-
tral reflectance, and we use these spectra to learn the 
relationship between them. After discovering that rela-
tionship, we apply it to other parts of the painting that are 
still varnished and consequently we are able to virtually 

clean the artwork. For this we use the method called deep 
generative network [24].

The idea of a generative network is to learn the rela-
tionship x = fθ (z) mapping an image z to another image 
x. This approach will be applied to reconstruct the virtu-
ally cleaned hyperspectral image from the hyperspectral 
image of the uncleaned artwork. Our goal is to generate 
image X ∈ RB×W×H (where, B is the number of spectral 
bands, W is the width and H is the height of the image, 
both in pixels) which is a virtually cleaned image of the 
varnished artwork. Through feeding the image cube 
Z ∈ RB×W×H into the generator, an image with this 
characteristic will be attained. Here, Z is the hyperspec-
tral image of the artwork before cleaning. As mentioned 
above, only a small area of the painting is pre-cleaned 
and we have the spectral images of that area for both 
cleaned and uncleaned conditions. Let us call the area 
of the painting for which we have both the cleaned and 
uncleaned spectra A. The spectral image of this area that 
is physically cleaned is called Ac and the corresponding 
spectral image of this area before cleaning is Au . When Z 
goes through the network, the portion corresponding to 
Au is taken out and the pixel-wise error between Au and 
Ac is calculated to compute the loss. This is then back-
propagated to the generator, through which the param-
eter θ of the mapping function is optimized. Fig. 2 shows 
the process described here.

The generator consists of different layers that are 
described below:

1)	 Convolution layer: this layer is comprised of a block 
of neurons involving the multiplication of a set of 
weights and biases by the input. The convolution 
layer will extract a particular feature of the input 
image. Given a convolution layer C(i) and biases B(i) 
and the field of view (FoV) of the feature map of the 
previous convolution layer O(i−1) , O(i) is written as

Fig. 1  Images of the ‘Haymakers at Montfermeil’ a before removal of varnish and b after removal of varnish. It should be noted that this data is from 
a real artwork and in no way, we have done any simulation as we have with Macbeth ColorChecker
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where k(i) is the size of the kernel, O(i−1)

(f ,l)  is the feature 
(f,  l) of the feature map O(i) with f = 1, 2, ...,W  and 
l = 1, 2, ...,H and ω(i)

(m,n) is the (m, n)th element of the 
weight matrix W (i).

(1)

O(i) = (O(i−1) ·W (i))f ,l + B(i)

=
k(i)∑

m=1

k(i)∑

n=1

(o
(i−1)

f−m,l−n · ω
(i)
(m,n))+ B(i)

2)	 Batch normalization layer: this layer is a method for 
standardizing the inputs to the next layer, which has 
the impact of stabilizing the process of learning, and 
it is usually placed behind the convolution layer. The 
normalization is defined as

where γ and β are learnable parameters, and ǫ is a 
parameter used for numerical stability. mean(x) and 
Var(x) are the mean and variance of x, respectively.

3)	 Activation layer: this layer is a nonlinear function 
that is attached to each neuron. It is a component of 
great importance as it specifies the computational 
efficiency of training a model and the convergence 
speed of the neural network. LeakyReLU is used 
here, defined as

where, α is a small nonzero parameter. We did not 
use ReLU as one of the problems of using ReLU 
is that its derivative is zero for negative part values 
which blocks the learning. However, in the case of 
the LeakyReLU, the derivative is a small fraction in 
the negative parts, which allows the gradients to flow 
on in the learning process.

The proposed generative network has an hourglass 
architecture, shown in Fig 3.

To be more specific, an image cube Z ∈ RB×W×H , as 
input, goes through four main modules consisting of sev-
eral blocks as follows:

(2)y =
x −mean(x)
√
Var(x)+ ǫ

· γ + β

(3)f (x) =
{
x, if x > 0

αx, if x ≤ 0
Fig. 2  Overview of the algorithm used by generative network

Fig. 3  The proposed generative network architecture
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1)	 The down-sampling block: d(i) denotes the down-
sampling blocks. Each d(i) is comprised of an ini-
tial convolution layer C(1)

d (i) that also performs the 
down-sampling step through setting the stride S = 2 . 
It is then followed by the batch normalization and 
the LeakyReLU activation layer. The output is fed 
into the second convolution layer C(2)

d (i) with again 
S = 2 . The same as the first activation layer, the sec-
ond activation layer is followed by a batch normaliza-
tion layer and the LeakyReLU activation function as 
well. C(1)

d (i) and C(2)

d (i) can be set to different kernel 
sizes and different numbers of filters shown as k(1)d (i) , 
k
(2)

d (i) , n(1)d (i) and n(2)d (i).
2)	 The up-sampling block: u(i) denotes the up-sampling 

blocks. Each u(i) consists of a few stacked layers. 
Opposite to the down-sampling blocks, the first layer 
here is batch normalization. It is then followed by the 
first convolution layer C(1)

u (i) with S = 1 and a batch 
normalization and LeakyReLU activation function. 
Its output is then fed into the second convolution 
layer C(2)

u (i) . The output, after batch normalization 
and non-linear activation, is fed into the bilinear up-
sampling layer with a factor of 2. C(1)

u (i) and C(2)
u (i) , 

similar to the down-sampling block, can be set to 
different kernel sizes and different numbers of filters 
shown as k(1)u (i) , k(2)u (i) , n(1)u (i) and n(2)u (i) , respec-
tively.

3)	 Skip connection block: s(i) is utilized to denote the 
skip connection blocks. These blocks are used to con-
nect the down-sampled data to the up-sampled data, 
so the residual information can be fully employed. It 
consists of one convolution layer, one batch normali-
zation layer and one activation function. The number 
of filters and kernel size of convolution kernels in dif-
ferent layers can be set differently.

4)	 Output block: o(0) denotes the output block. It is an 
up-sampling block that is modified such that the up-
sampling layer is replaced with one convolution layer, 
which is followed by one Sigmoid activation layer.

As mentioned, the input to the network is the hyper-
spectral image of the uncleaned artwork Z ∈ RB×W×H 
and the generated image is X ∈ RB×W×H . The cost func-
tion is defined as the pixel-wise difference between Au 
and Ac ; defined above, Ac is the hyperspectral image 
of the area of the painting that is cleaned and Au is the 
hyperspectral image of the same area but before clean-
ing. Au belongs to X and therefore, it is changing in each 
iteration. Consequently, the cost function is given as

To iterate to the best solution, the input to the model 
should be replaced with the output of the model after 
each iteration. As mentioned, the network has an hour-
glass architecture as shown in Fig  3. Each down-sam-
pling and up-sampling sections are comprised of 5 
layers and 5 skip connections. The filter size is 3 × 3 in 
the up-sampling and down-sampling blocks but it is 1 × 
1 in the last convolutional layer. There are 128 filters in 
each layer, both in the down-sampling and up-sampling 
blocks. There are 120 filters in the last convolutional lay-
ers equaling the spectral resolution of the hyperspectral 
images used. Overall there are 12 layers including input 
and output layers. The Adam optimization algorithm is 
used, chosen based on trial and error. The loss function, 
as mentioned before, is the Euclidean distance between 
the virtually cleaned area of the artwork and the physi-
cally cleaned one ( Au and Ac ). The overall algorithm is 
shown in Algorithm 1

(4)min�Au − Ac�2.
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It should be noted that this is an unsupervised 
approach. There is no training in the traditional sense 
here because it is a generative network. The error com-
puted between Au and Ac is back propagated to the 
generator which cleans the entire image using the error 
coming from the loss function. This cleaning process 
takes place step by step at each epoch, until the network 
reaches the maximum number of epochs.

Evaluation metrics
The virtually cleaned result is transformed into the sRGB 
format for visual inspection and to evaluate the success 
of the process. For a quantitative evaluation the per-
pixel spectral Euclidean Distance and Spectral Angle 
(SA) are also calculated between the hyperspectral image 
of the physically cleaned work and the virtually cleaned 
hyperspectral image [25]. The spectral angle is calculated 
between two vectors in the spectral reflectance space and 
it is reported in radians in the range [0,  3.142]. The spec-
tral angle is defined as

where k represents the k th pixel, and tk and rk represent 
the two pixels belonging to the test and reference images. 
Also, the mean spectral reflectance of a few randomly 
chosen areas on the painting are compared between dif-
ferent approaches.

Experimental environment
Python 3.9.7 Anaconda, Inc. is used as a base coding 
environment for the DGN algorithm. More specifically, 
the DGN codes were written and run in the TensorFlow 
environment, which was installed onto the Anaconda. In 
terms of hardware, the programs are run on a CPU that is 
11th Gen Intel(R) Core(TM) i7-1165G7 @ 2.80GHz. The 
training of the DGN is performed using only one image 
and is consequently referred to as an unsupervised learn-
ing method  [24]. As mentioned before, only a small area 
of the image is used to compute the loss function, and the 
same loss is then used for the whole image to virtually 
clean it. 10000 epochs are used to train the model. MAT-
LAB R2022a, the package of mathematical software was 
also used for evaluation computations and processing the 
samples used in our model.

Results and discussion
In this section, the results of applying the DGN to the 
problem of virtual cleaning are presented. This section 
is divided into two subsections in which the results for 
the Macbeth ColorChecker and the ’Haymakers’ are pre-
sented separately.

(5)SAk = cos−1

(
tk · rk
|tk ||rk|

)

Macbeth ColorChecker
A spectral representation of the Macbeth ColorChecker, 
as mentioned before, is used to test the DGN model that 
was developed in this work. As described above, a small 
part of the image of the Macbeth ColorChecker should 
be first physically cleaned. The rest of the painting will 
be virtually cleaned using hyperspectral imagery of that 
small part both before and after physical cleaning. A key 
question in this work is dependence of the performance 
on the choice of data that is pre-cleaned. In our simula-
tion of the ColorChecker, we assumed that first, only 
white, red, green and blue patches are cleaned and the 
rest of it is uncleaned. In the second case, we assume that 
half of all the patches available on the Macbeth Color-
Checker are cleaned. Through trial and error, we realized 
that at least four color patches are required to virtually 
clean the image successfully. Choosing half of all patches 
gives us a good idea about how the DGN works when 
it has data associated with all colors represented in the 
work. The results of these two cases are shown in Fig. 4.

As observed from Fig. 4, the DGN has been able to vir-
tually clean the Macbeth ColorChecker and is success-
ful in replicating the original cleaned Macbeth Chart in 
Fig. 4b. It is difficult to distinguish between the results in 
Fig. 4 as they are visually similar.

However, Table  1 presents the mean and standard 
deviation of the Euclidean distance and spectral angle 
between the virtually cleaned Macbeth ColorChecker 
and the original one. Note that the data are in spectral 
reflectance in the range [0,  1]. As it is observed from 
the table, the DGN has been able to clean the Macbeth 
ColorChecker at a very acceptable manner signaling that 
this method could be potentially applied to real artworks 
as well. Moreover, the DGN has resulted in a better out-
come when half of all patches present on the Macbeth 
ColorChecker are utilized. This is not surprising. When 
we use half of all the patches to compute the loss func-
tion, we are using all the possible samples present in our 
dataset resulting in a lower error in the virtual cleaning 
process as shown herein.

The Euclidean distance and spectral angle measured 
between the virtually cleaned Macbeth ColorChecker 
and the original one are also presented in Fig.  5. This 
representation helps us see where the method is falling 
short. It should be noted that all of these data are nor-
malized between 0 and 1 across all results. This helps see 
visually which methods, and which patches, are cleaned 
better than others.

It is clear that using half of all the patches leads to a 
better result as opposed to using only white, red, green 
and blue patches. Interestingly, the white patch on the 
color chart output by the DGN when half of all patches 
are used looks even better than that of DGN when white, 
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redm green and blue patches are used. The black patch, 
on the other hand, has been cleaned in a more acceptable 
way. It should be noted that these results are normalized 
with respect to the maximum value present in the Euclid-
ean distance and spectral angle computations, separately.

‘Haymakers at Montfermeil’
In this section, the results of applying the DGN to the 
’Haymakers’ are presented and described.

As observed above from applying the DGN to the Mac-
beth ColorChecker, the result varies depending on which 
patches are chosen on the chart as data to compute the 

loss function. We presented two different conditions: one 
with only 4 patches assumed to be physically cleaned, 
and the other assuming that half of all patches present 
are physically cleaned. For imagery of real artwork, these 
represent two use cases, one in which a small part of 
the painting is physically cleaned, and one in which an 
attempt is made to partially clean as many representative 
pigments as possible in the work. Using the data belong-
ing to both the cleaned and uncleaned states of that small 
area, the DGN is able to estimate the virtually cleaned 
version of the whole work. To examine the same point 
(the impact of the area chosen to be physically cleaned), 
two different conditions are tested herein as well. In other 
words, two different experiments are performed differing 
only in cleaned small area the DGN uses as data for the 
computation of the loss function to estimate the cleaned 
version of the whole painting. Fig.  6 shows the two dif-
ferent areas chosen to perform these two experiments. 
The experiments are referred to as the “first” (Fig. 6a) and 
“second” (Fig.  6b) experiments. These two experiments 
differ in terms of Ac , or the small area that is physically 
cleaned using which the network tries to virtually clean 
the whole painting.

Fig. 4  a Unclean Macbeth ColorChecker, b clean Macbeth ColorChecker, c cleaned Macbeth ColorChecker using DGN (white, red, green and blue 
patches are used), d cleaned using DGN (half of all patches are used)

Table 1  Euclidean distance and SA mean and standard 
deviation (SD) values between the original and virtually cleaned 
Macbeth color chart

Method Euclidean 
distance

SA

Mean SD Mean SD

DGN (white, red, green and blue) 0.0278 0.0060 0.0134 0.0011

DGN (half of all patches) 0.0136 0.0024 0.0076 0.0013
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Fig. 5  Visualization of Eulidean distance computed between a Virtually cleaned Macbeth ColorChecker using DGN (white, red, green and blue 
patches) and the original one and b virtually cleaned Macbeth ColorChecker using DGN (half of all the patches) and the original one. Visualization of 
Spectral angle computed between c virtually cleaned Macbeth ColorChecker using DGN (white, red, green and blue patches) and the original one 
and d virtually cleaned Macbeth ColorChecker using DGN (half of all the patches) and the original one. The data is normalized between 0 and 1

Fig. 6  Two different areas used in two experiments referred to as a first and b second experiments
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In the first experiment, a contiguous small area of the 
painting is chosen to be physically cleaned. In the second 
experiment, a few small areas spread over the painting 
are chosen. We performed the second experiment in an 
attempt to include as many different pigments as pos-
sible. To do that, we chose different areas spread over 
the painting from different pigments. We actually want 
to test the impact of the Ac on the final outcome of the 
virtual cleaning. In total there are 357,594 reflectance 

spectral samples in the imagery of the painting. In the 
first experiment, 88,409 of those were used for training 
(almost 25 percent) and in the second experiment, 8860 
were used for training (almost 2.5 percent).

Figure  7 shows the results for these two experiments 
along with the results of applying the physics-based 
approach. Visually, the physics-based model has not 
been able to clean the artwork as well as the DGN. This 
is subtle, but can be seen by looking closely at the grass 

Fig. 7  a Virtually cleaned artwork using the physics-based model, b physically cleaned artwork, c virtually cleaned artwork in the second 
experiment and d virtually cleaned artwork in the first experiment
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in the middle of the images and noticing that there is a 
tint of yellow in the output of the physics-based model, 
not seen in the output of the DGN. One reason for this 
result is that there is no true black color present on the 
’Haymakers’ making the prediction made by the physics-
based method, which relies heavily on the presence of 
pure black and white paints, not as accurate [9]. It is also 
hard to tell the difference between the outputs of the two 
experiments performed using the DGN.

Figure 8 shows the Euclidean distance (ED) and spec-
tral angle (SA) measures between the virtually cleaned 
artwork and the physically cleaned one for the experi-
ments performed here as well as the physics-based 
method. It is clear that the physics-based approach has 
not led to a good result. The error, in terms of ED and 
SA, is much lower for both the first and second experi-
ments in the case of the DGN, than the physics-based 
model. Looking more closely at Fig. 8, one sees that the 
second experiment has led to a slightly better result 
than the first experiment. The reason is that in the sec-
ond experiment, the area chosen to compute the loss 

function by the DGN contains a better representation 
of the possible colors and paints in the work, helping 
the DGN learn the transfer function from the varnished 
version of the painting to the unvarnished one.

To further quantitatively examine the results shown in 
Fig. 8, the distributions of the spectral angle and Euclid-
ean distance metrics are presented in Fig. 9. Overall, the 
distributions associated with DGN (both first and second 
experiment) have lower means and are narrower than 
those associated with the physics-based model.

To see the difference between the first and second 
experiment more clearly, Table 2 shows that the second 
experiment has led to a better result than the first experi-
ment, in terms of mean and standard deviation of the 
metrics, for the reasons explained before. These experi-
ments show that the more representative the area chosen 
to be physically cleaned and used by the DGN to compute 
the loss, the better the overall virtual cleaning outcome. It 
is still worth noting that the DGN has cleaned the paint-
ing at an acceptable level even in the first experiment.

Fig. 8  ED computed between the physically cleaned artwork and the virtually cleaned one using a physics-based model, b DGN (the first 
experiment) and c DGN (the second experiment). SA computed between the physically cleaned artwork and the virtually cleaned one using d the 
physics-based model, e DGN (the first experiment) and f DGN (the second experiment). The data has been normalized between 0 and 1
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We end this section by showing some of the spectral 
reflectance curves from the physically cleaned paint-
ing, and virtually cleaned ones using the physics-based 
approach, and the DGN (the first and second experi-
ments). The curves are obtained through computing 
the average spectral reflectance factor of randomly cho-
sen small areas on the painting as shown in Fig. 10.

While for some pigments all of the methods perform 
well, in general, we can see from Fig. 10 that the DGN 
(especially the second experiment) has led to a better 
result compared to the physics-based model. As men-
tioned above, in the first experiment, a rigid area has 
been chosen which might not be a good representative 
of the whole painting. However, in the second experi-
ment, the DGN is exposed to many more pigments in 
the work through choosing different areas of the paint-
ing to compute the loss function. Overall, in both cases, 
the DGN has done an acceptable job of cleaning the 
painting.

Conclusions
In this work, we applied a deep generative network 
(DGN) to the problem of virtual cleaning of artworks. 
We used a simulated Macbeth ColorChecker and real 
hyperspectral imagery of the ’Haymakers’ painting for 
this purpose. The results were compared with a well-
known physics-based model both visually and in terms 
of Euclidean distance and spectral angle, computed in 
the spectral reflectance domain, between the virtu-
ally cleaned and physically cleaned artworks. Differ-
ent areas of the artwork were chosen for the DGN to 
compute the loss function, used to estimate the cleaned 
version of the whole painting. The results showed that 
the DGN was able to outperform the physics-based 
model. It was also observed that the choice of the small, 
pre-cleaned area used by the DGN is important, and 
the more representative the small area is of the entire 
painting, the better the virtual cleaning outcome. This 
could be seen as one of the limitations of this method. 
Nonetheless, the method was able to lead to an accept-
able result even when the small area was not as rep-
resentative of the entire painting. Another limitation 
of this method might be its reliance on a pre-cleaned 
small area of the painting, which might not always be 
possible to obtain. However, if this is available, the 
method described here is useful to perform virtual 
cleaning on the entire painting.

Fig. 9  a Distribution of Euclidean distance calculated between physically cleaned artwork and the virtually cleaned one using (a) physics-based 
model, b DGN (the first experiment) and c DGN (the second experiment). Distribution of spectral angle calculated between the physically cleaned 
artwork and the virtually cleaned one using d the physics-based model, e DGN (the first experiment) and f DGN (the second experiment)

Table 2  Euclidean distance and SA mean and standard 
deviation (SD) values between the physically and virtually 
cleaned ’Haymakers’

Method Euclidean distance SA

Mean SD Mean SD

Physics-based method [13] 0.3571 0.0547 0.1135 0.0057

DGN (first experiment) 0.1121 0.0120 0.0266 0.0092

DGN (second experiment) 0.0931 0.0082 0.0249 0.0022



Page 13 of 14Maali Amiri and Messinger ﻿Heritage Science           (2023) 11:16 	

Abbreviations
DGN	� Deep generative network
ED	� Euclidean distance
SA	� Spectral angle
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