Graphical Abstract

Computational Framework for the Evaluation of the Composition
and Degradation State of Metal Heritage Assets by Deep Learning

Ruxandra Stoean, Nebojsa Bacanin, Catalin Stoean, Leonard Ionescu, Miguel
Atencia, Gonzalo Joya

i Microscope !
: ‘images i
Phase | f
Determine ;
material :
type )
elemental estimation
Application of _ Train model output
segmentation Automatic
U-Net segmentation
Phase I :
Identify
) *

corrosion
types

= conv 3x3, ReLU

copy and crop

§ max pool 2x2

4 up-conv 2x2

& conv 3x3, ReLU




Highlights
Computational Framework for the Evaluation of the Composition
and Degradation State of Metal Heritage Assets by Deep Learning

Ruxandra Stoean, Nebojsa Bacanin, Catalin Stoean, Leonard Ionescu, Miguel
Atencia, Gonzalo Joya

e Deep learning shows corrosion compounds of unrestored metal heritage
assets.

e The model learns from microscopic images, based on the expert manual
delineation.

e A preceding regression model approximates the chemical composition
of the artefact.

e A semantic segmentation model recognizes and delineates the specific
compounds.

e The framework is a cost- and time-effective alternative for asset on-site
inspection.
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Abstract

The accurate assessment of the material constitution and degradation in
newly discovered archaeological artefacts is paramount for the decisions sur-
rounding a thorough treatment of the object during the restoration and con-
servation stages. The laboratories possess the competent experts and com-
plex devices to perform this analysis properly. Nevertheless, a timely hint
of an artificial intelligence assistant regarding the chemical composition and
corrosion compound localization of a metal asset could save additional time
and resources. The present paper proposes such a computational framework
based on deep learning techniques that, on the base of its automatic deter-
mination of the chemical concentration of the predominant metal from a mi-
croscope image, can subsequently independently also recognize and delineate
the corrosion spots of the products specific to that metal. The experiments
have been performed on iron and copper heritage items from the Oltenia
Museum, Romania. The results suggest that, even with an economic train-
ing information in terms of microscope images and annotations, the artificial
intelligence framework can provide on-site support for an early examination
of metal heritage assets.
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1. Introduction

The factors underpinning the degradation of archaeological heritage as-
sets are numerous, ranging from the environmental conditions to the mate-
rial composition, the structural design and the manufacturing means. The
complexity of the corrosion phenomenon of metal artefacts has been studied
extensively [1, 2].

The restoration process is accordingly very complex and necessitates a
highly trained multidisciplinary human resource and specialized X-ray and
spectroscopy devices. This presumes effort and time in order to most rigor-
ously assess the state of the artefact and decide on the appropriate approaches
to restoration and conservation.

In this context, a preliminary fast inspection of the archaeological piece
can be nevertheless made as early as at the excavation site, with the help of
a portable microscope and an artificial intelligence assistant. The aim of the
present paper is to put forward a deep learning (DL) framework for an ini-
tial computational assessment of the chemical composition and degradation
of an unearthed metal artefact. The approximation of the concentration of
the predominant metal and the subsequent recognition and representation
of its corrosion compounds present on the surface of the object can be au-
tomatically performed by the proposed DL models on the microscope image
and give a first impression to the restoration specialist, before more detailed
analysis is performed in the specialized lab.

The pieces studied in this paper come from the Museum of Oltenia,
Craiova, Romania and are represented by Fe and Cu artefacts, which are
prevalent in archaeological sites. The concentration estimation of the first
stage of the DL framework is close to the XRF approximation taken at a mid-
dle point of the object and is thus reliable as the starting point of the evalu-
ation. The automatic corrosion product segmentation of the current stage of
the computational framework comes similar to the manual delineation of the
human experts, even if the training was based on rough, timewise annota-
tion masks. To the best of our knowledge, this is the first DL framework for
the multimodal analysis of material composition and degradation of metal
heritage artefacts.



The paper is structured as follows. The research aim is detailed in section
2. The formulation of the problem treated, the underlying data and the
methodology proposed beyond the state of the art are outlined in section 3.
Section 4 presents the measures elected for the performance of the framework
in assessing the degradation and the class balance consideration between the
compounds. The results of the models are given in section 5, followed by
their discussion in section 6. The conclusions of the study and some steps
for future work are shown in section 7.

2. Research aim

The aim of the current work is to put forward a computational support
tool for an on-the-spot objective assessment of the degradation state of a
metal artefact from microscope images. DL techniques are endowed with a
structural architecture of layers that mimic the human brain and the visual
animal cortex. These two natural characteristics make the networks able to
learn patterns found in images and connect them to taught outputs. In the
present context, the DL approaches learn from training samples manually an-
notated by human experts how to segment the corrosion compounds found on
the surface of metal archaeological objects made of Fe and C'u and semanti-
cally recognize each of them. This is the secondary component of a two-step
complete framework of a computational assistant for the estimation of the
elemental composition at the surface of a metal artefact and the subsequent
automated delineation of its corrosion compounds. The system can be used
for first inspection immediately at the excavation site, needing as little as a
portable microscope. The framework is part of the larger project OPERA!
that targets the analysis of heritage assets for material characterization and
content reconstruction through artificial intelligence.

3. Material and methods

The time and contact with the soil, also enhanced by water, minerals,
salts, temperature and living organisms, affect the metal artefact by strongly
inducing corrosion. Moreover, once the object gets in contact with the air,
corrosion is accelerated. Its structure, the presence of defects, as well as its
chemical composition, add to the degradation of the piece.

thttps:/ /sites.google.com /view /pce-opera/



3.1. Problem formulation

In the restoration laboratory, the surface of a metal artefact and some-
times its metallic core (visible when the piece is fragmented and the fractures
are transversal) are subject to a primary analysis. Either only some of the
corrosion compounds specific to that metal or even all the possible corrosion
states (oxides, sulfates, chlorides or carbonates) may be present.

In the case of Fe assets, the oxidation takes place in steps [3]: in the first
stage F'eO is formed and remains stable only in the absence of Oy; once O,
is present, it is transformed to Fe(OH )3 and the core changes to magnetite
(FeO and Fey0s3). The other common forms of corrosion are represented
by sulfates (F'eSO,) and chlorides (FeCls). The temperature variations, the
minerals and salts in the soil, the exposure to the sulfur in the air induce the
appearance of sulfate and carbonate compounds. The presence of chlorides
is confirmed by the immersion of the object in a precipitate made of one drop
of AgNOs for every lem? of distilled water or through the use of a humid
room, where the piece is introduced in a desiccator together with a recipient
with distilled water and the indicative presence of liquid drops on the metal
is checked after 48 hours.

For Cu objects, the alloy of manufacture is usually very reactive and
oxidizes rapidly when it gets in contact with Os, hence facilitating the for-
mation of the black CuO and the red C'usO. The green corrosion layers
indicate the presence of the (CuOH),CO3 and CuCl, which are generated
by the hydration and the salts in the soil.

Once the corrosion compounds have been identified, the piece usually
undergoes a combined chemical and mechanical treatment. Chemical treat-
ments can be made for total or partial corrosion removal, dechlorination,
corrosion inhibition or preservation. In some cases, methods of converting
corrosion compounds into other chemically stable ones can be applied. The
processes are diverse, being able to be applied to the parts by total immer-
sion in chemical solutions or point-wise. There can also be electrochemical
treatments, also applied by immersion in an electrolyte or point by point
with an electrochemical cleaning device. Chemical treatments can be in-
terspersed with other methods, using devices (ultrasonic immersion baths)
followed by manual brushing with suitable hand brushes. Mechanical treat-
ments can be applied individually or in tandem with chemical ones, as is the
method of cleaning metal surfaces using ultrasound machines, microblasting
or laser technology. The corrosion compounds produced by the reaction of
the metal with sulfur can therefore be removed by chemical and ion exchange
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solutions. Dechlorination, performed to remove chlorides, is very important
for the chemical stabilization of metals. Chlorinated corrosion compounds
are also called metal cancer. They act destructively not only on the surface
of metals but also in their crystalline structure. Applied to pieces that need
patina preservation, dechlorination can take place over a long period of time,
months or even years. Other corrosion products can be removed by chemi-
cal and mechanical methods (listed above). Corrosion inhibition treatments
play an important role in the preservation of metals and are usually done by
immersion in the inhibiting solution, in the ambient environment or under
vacuum, using suitable devices. Applying a protective layer to the metal
surface is fundamental. This film creates a barrier between the metal and
the surrounding environment, stopping oxygen and harmful substances from
reacting chemically with the metal [4].

The computational analysis by artificial intelligence considers FeO, Fe;Os,
FeSO, and FeCls corrosion compounds for Fe and CuO, CusO, CuCl and
(CuOH )9CO;5 for C'u, as the most usually found products in the heritage
assets.

3.2. Data

Several microscopical images were captured for the same archaeological
metal object with an Olympus SZX-7 optical stereo microscope, having a
Quick Photo Micro 2.2 digital camera. The images were taken from different
parts of the piece. Still, for objectivity reasons, we separated the training,
validation and test set based on the initial objects. Accordingly, each object
has all microscopical images in either of the three data sets, i.e. training,
validation, or test. The balance between the data sets concerning the number
of images targeted having about 70% in the training set and the rest split in
half between the validation and the test set.

The Fe data set contains 29 objects for which a total of 228 microscopical
images are made. Out of these, 20 objects represented by 157 images form the
training set, while the validation set comprises 4 objects totaling 35 images
and the test set contains 5 objects and 36 images, respectively.

The Cu data set has 27 objects counting a total of 153 images. The
training set has 20 objects, while the validation and test sets consist of 4
and 3 objects respectively. On the number of images, the training has 110
images, the validation has 21 and the test set has 22 items.

The corrosion compounds for both metals were visually identified and
confirmed by a portable Bruker Titan S1 XRF spectrometer, having the
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Figure 1: Occurrence in percentage for each class in turn in the entire data set for iron
(top plot) and copper (bottom plot). Images containing class indicate how many pictures
in the data set contain any pixel of the corresponding class, while mean occurrence shows
the average percentage of pixels of that class calculated only for images where the class
actually appears.

Artax software. The restoration specialists annotated the areas by labelled
polygons of the corresponding corrosion products. The software used for the
manual segmentation was the VGG Image Annotator [5].

Figure 1 shows an overview of the number of images that contain the
various corrosion classes for Fe and C'u, respectively. Each couple of bars per
class illustrates the percentage of images from the entire data set that contain
that specific class (first bar) and the pixel coverage, also in percentage, for
the same class in the selected images that possess regions of the class (second
bar). It can be thus observed that some classes are almost absent in the two
data sets. For the iron data, only 39.47% of the images in the data set contain
any pixels of class FeCls and, moreover, in the small subsection of images
that possess regions with FeCls, the average percentage of image coverage
is only 0.85%. Similarly, within the copper data, class CuCl appears in only
59.2% of the images and in these the coverage in percentage is only 1.15%.



3.3. State of the art

The general study of corrosion and its impact on materials by machine
learning has begun to be intensive. Corrosion due to the atmospheric condi-
tions and leading to the destabilization of structures made of different materi-
als has been subject to prediction through various opaque (neural networks,
support vector machines) and transparent (decision trees, random forests)
methods [6]. DL was also employed for the classification of clean slides ver-
sus electrochemically-induced uninhibited and inhibited corrosion [7, 8].

From the practical perspective, the computational investigation of the
corrosion state of a structure has targeted specifically the sector of civil en-
gineering. Also, corrosion has been seen as represented only by rust, which
computationally reduces the task to solely a binary discrimination between
regions. Several DL representative approaches for semantic segmentation,
like U-Net and Mask R-CNN, have been employed for metal constructions
9, 10].

Hence, the current paper attempts to fill the gap in three aspects. First of
all, there appear to be no papers related to the computational analysis of the
distinct degradation process of heritage assets, which happens over centuries,
in the presence of many environmental, chemical and biological factors of the
archaeological site and where the objects have different, historical age-related
technological properties. Secondly, the consideration of corrosion should be
made with respect to all its various compounds for a metal. Moreover, thirdly,
the methodology should prove generalization ability in dealing with corrosion
products of other metals.

3.4. Methodology

The approach proposed in the current study is the second phase of a bi-
partite framework for a compositional and deterioration assessment of metal
heritage artefacts. The first stage of the framework consisted of a DL model
for the approximation of the elemental composition of an artefact as an im-
mediate alternative to XRF [11], [12].

Phase I of the computational investigation of the initial state of an ex-
cavated archaeological object implied training the deep neural network with
microscope images and the attached XRF estimation of the percentage of
selected chemical elements. The DL architecture was trained on objects of
Fe and Cu, as those most commonly found in excavation sites. The pattern
recognition task was formulated as a multi-output regression problem, with



Macroscopical | Microscopical Material XRF DL
Fe 1.85 3.03

Cu 61.73 64.91

Fe 96.26 93.89
Cu 0.03 2.64
Fe 4.19 3.40

Cu 38.06 41.55

Fe 94.30 90.61

Cu 0.12 0.16

Figure 2: Four samples shown at the macroscopical and microscopical levels, together with
the XRF estimations (ground truth) for iron and copper and the values determined by the
DL model (also in percentage) in the last column.

the input given by the microscope images and the output by the approxi-
mated percentage of the two appointed chemical elements. Once the model
learnt the association, it approximated by itself the elemental nature of new
artefacts. Additionally, a slack window of error between the DL estimation
and the XRF ground truth was allowed in computing the test accuracy, since
the XRF value is itself an approximation that is sensitive to the place of
radiation. Some examples of the closeness between the percentage values
estimated by the DL and the XRF are given in Figure 2.

As phase I of the framework is finished, the predominant metal has al-
ready been computationally determined in phase I. In the case of Fe, a
threshold of 60% is indicative of the nature of the piece, while, for Cu, a
value above 30% can already designate an alloy of this metal.

In phase II, the corrosion products of the defining metal will be deter-
mined on the surface of the object, as seen from a microscope image. Two
models had been trained to recognize the corrosion compounds specific to
each of the two metals. Recall that FeO, FeyO3, FeSO, and FeCls are
searched for in the case of Fe and CuO, CuO, CuCl and (CuOH)2CO3
will be identified for Cu.

The training of the models for corrosion product detection assumes that



there is a data set of microscope images where the area of every compound
is manually delineated and labeled accordingly by human experts. These an-
notated training samples are given to a DL model for semantic segmentation
that learns the shapes of interest and their characteristics. On a new micro-
scope image, the trained architecture is then able to outline the location and
type of the corrosion products.

There are several DL architectures for semantic segmentation. In the
present framework, we opted for a U-Net [13], which is acknowledged for
its performance in such tasks. Its construction has a spatial contraction
path and an expansion turn. In the contraction stage, the network uses
convolution and max pooling for downsampling, while doubling the kernel
depth. In the expansion stage, there is upsampling and convolution, plus
concatenation with features from the contraction stage, while halving the
kernel depth. Within our particular implementation, we opted for ResNet50
as encoder and decoder, since this proved to be convenient both with respect
to the quality of results and running time.

A depiction of the entire framework is given in Figure 3. In phase I, the DL
architecture had been trained on microscope images with the XRF estimation
on a central point of radiation of the objects and is able to differentiate
between F'e and C'u pieces on its own. The framework therefore firstly gives
the metal of the asset and its concentration. The U-Net model that had been
trained for the semantic segmentation of the corrosion compounds specific to
the resulting metal is appointed accordingly. The framework thus secondly
outputs the corrosion spots and the corresponding products.

4. Calculation

Once the semantic segmentation tasks were formulated for each of the
two metals under study, the chosen DL (U-Net) architecture was tailored
for their specificity. However, before running the model, several different
implications related to the performance measures and class balance had to
be considered.

4.1. Quality measures

The quality of the semantic segmentation results is measured based on
several facets. For both types of material, there are 5 different classes, start-
ing with the clean material (Fe or C'u), which is largely represented in both
cases, meaning that more than 90% of the surfaces within the microscopical
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Data class | Classified as C' (pos) | Classified otherwise (neg)

C' (pos) tp fn
Rest of classes (neg) fp tn

Table 1: The meaning of true positive (tp), false negative (fn), true negative (tn) and
false positive (fp) for a class C in a multi-class problem.

images represent the clean material, as seen in Figure 1 for Fe and Cu. In
both situations, there are 4 other classes that have a low overall appearance
in the data set. Some classes are not represented at all in a large part of
images and, in the images where they are present, they have a very small
number of pixels, i.e. between 0.85% and 4.98%. Consequently, it is impor-
tant to evaluate the quality of the outputs through various means [14]. We
will further describe the used measures and the formulas used to calculate
them.

We deal with a multi-class problem, hence we will refer to each class in
turn versus the rest when computing measures like precision, recall, F1-score
or Jaccard index. Accordingly, for a class C', assessments like true positive
(tp), false negative (fn), true negative (tn) and false positive (fp) will refer
to the specific class C' against the other classes altogether. The manner in
which they are defined for class C' in a multi-class problem is expressed in
Table 1. Considering we have a class Cy, ¢ € {1, 2, ..., n}, where there are n
classes (the corrosion compounds plus no corrosion), we will further refer its
corresponding measures by tp;, fn;, tn; and fp;, respectively.

Within the image segmentation task, we will verify the correctness of the
results at the level of the pixels in the images. Thus, every pixel is seen as a
sample that may be assigned to a class correctly or not. The ground truth is
given by the annotations of human experts. We then compute each measure
at the level of an image and then we average the obtained results for all the
images in the validation or test sets accordingly.

The precision for a class C; represents the number of correctly classified
samples (pixels, in our case) divided by the number of samples labeled by
the models as C;. Equation (1) shows how it is computed in the binary clas-
sification. In our specific image segmentation problem, i.e. as we deal with
a multi-class problem, the precision for one class C; is computed similarly,
that is fp; refers to all the pixels that are assigned by the model to class
C;, while they correspond in reality to another class. The precision value for
a class C; deteriorates when the model wrongly assigned class C; to pixels
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from a larger area than it should.

tp;
b tpi + fpi @
Recall of a certain class C; reflects the effectiveness of the model to identify
the pixels that belong to that class. Its formula is given in (2) and computes
the number of correctly classified pixels in class C; (as found by the classifier)
divided by the number of all pixels that belong in reality to class ;. The
recall measures the amount of relevant pixels that are retrieved for the class,
that is how much of the targeted pixels are actually correctly identified.

tp;
Ri=——71— 2
tpi + fn @
The Fl-score achieves a combination between the precision and recall of
a model into a single metric by calculating their harmonic mean. Its formula
is given in equation (3).

Pl = oo 3)
P+ R,

The Jaccard index is described by equation (4) and it is generally defined
as the intersection over union when it is used for evaluating the similarity and
diversity of sample sets. For image segmentation, this is better described as
the ratio between the overlapping area of the target and the predicted zones,
and the area of reunion of the two.

tpi
Gy )

All the above quality measures are generally defined for binary classi-
fication, but they can be formulated for multi-class as well if the score is
computed for each individual class in turn and the tp, tn, fp and fn are
defined as in Table 1. Nevertheless, measures can also evaluate the model
overall [14], e.g. by considering weights for the different classes that are pro-
portional to the quantity of items in each class. Equation (5) illustrates the
manner of calculating the weighted precision for the multi-class problem: n
denotes the number of classes of the problem, | C; | represents the number
of samples from class C; and P; is the precision from class C; defined as in
Eq. (1). Similarly to the weighted precision, measures like weighted recall,
F1-score or Jaccard index can be defined. The overall accuracy is computed
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by dividing the samples that are correctly classified over the total amount of
samples. These weighted values will be the ones that will be reported in the
experiments of section 5.

S|P,
p=t (5)
>0

=1

4.2. Calculation of weights for classes

In the standard U-Net approach for image segmentation, each class is
treated equally. However, when classes are highly imbalanced, it may hap-
pen that the model often misses the items of the less represented ones and
favors the ones that are more extensively present. Since class imbalance is
a trait of the current task, as seen from Figure 1, besides the standard U-
Net implementation, we also experimented with using specifically tailored
weights for all the classes as described in [15] and using the implementation
in [16].

Within the image segmentation experiments, we split each of the two
data sets into training, validation and test sets. The weights for the classes
are in each case computed based on the distribution of the classes from the
training data.

5. Results

One question that emerges from the image segmentation application is
whether the calculated weights would lead to better results. In order to
provide an answer to this, each setup is used for both data sets and all the
measurements described in subsection 4.1 are used. This way, the benefits
and the downsides of using class weights will be outlined.

As described in subsection 3.2, the data sets are split into training, vali-
dation and test sets. Figure 4 shows the manner in which the images are split
between the validation and the test set. The top row shows the iron data set
and the bottom row points to the copper one. The left plots show in per-
centages how many of the images of the corresponding split actually contain
any pixel of that class. The right plots indicate the mean occurrences, also in
percentages, of the actual pixels of these classes, as they appear only in the
images where the class is present, i.e. in the images that are considered for
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Figure 4: Occurrence of pixels in the validation and test data sets for iron (top row) and
copper (bottom row). Left plots indicate the percentage of images in which pixels of the
specific class appear. Right plots show the average percentage of the pixels of that class
computed only for images where the classes are represented.

creating the plots on the left side of the figure. These plots can be compared
with the overall spread in the data set in Figure 1 to observe that the class
distribution was maintained to a proper extent within the splits.

Table 2 indicates the validation and test results for the weighted measures,
while table 3 dissects the results for each class in turn. The results are shown
both for the case when no specific weights are calculated for the classes and
when these are used. The findings are further discussed in the subsequent
section.

Figure 5 illustrates a copper test sample in which the original image can
be observed together with the human expert manual annotation and with
the image segmentation determined by the model with and without using
calculated weights for the classes.
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Material Set Weights | Precision Recall ~F1  Jaccard Accuracy
validation yes 0.929 0.606 0.703  0.563 0.606
Iron no 0.914 0.933 0.906  0.865 0.919
test yes 0.945 0.596 0.696  0.557 0.596
no 0.934 0.941 0.929  0.894 0.929
validation yes 0.960 0.830 0.886  0.812 0.835
Copper no 0.950 0.962 0.949  0.929 0.959
test yes 0.975 0.872  0.912  0.855 0.871
no 0.973 0.987 0.977  0.965 0.976

Table 2: Weighted overall results presented as ratios for the two materials for validation
and test sets, with or without using weights for the classes.

Original image Without weights With weights

Figure 5: Copper sample from the test set and the results of the model without and with
weights for the classes.
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Material Set Weights Class Precision Recall F1  Jaccard
Fe 0.99 0.60 0.73 0.59
Fey03 0.28 0.72 0.36 0.25
yes FeSO, 0.22 0.67  0.29 0.20
FeCls 0.08 0.71  0.15 0.08
validation FeO 0.19 0.54 0.24 0.14
Fe 0.92 0.99 0.96 0.92
FeqO3 0.68 0.21  0.28 0.19
no FeSOy 0.65 0.13  0.17 0.11
FeCls 0.50 0.04  0.06 0.03
Iron FeO 0.61 0.05  0.08 0.05
Fe 0.99 0.58  0.72 0.58
Feq03 0.13 0.84 0.20 0.12
yes FeSOy 0.13 0.77 0.21 0.12
FeCls 0.12 0.49 0.18 0.11
test FeO 0.16 0.52 0.21 0.12
Fe 0.95 0.97  0.96 0.93
FeqO3 0.43 0.35 0.24 0.14
no FeSOy 0.20 0.03  0.05 0.03
FeCl; 0.56 0.08 0.14 0.08
FeO 0.75 0.07  0.12 0.07
Cu 0.99 0.84 0.90 0.83
CuCl 0.13 0.67  0.19 0.12
yes (CuOH)2COs3 0.16 0.69 0.24 0.15
CuO 0.15 0.73 0.23 0.14
validation Cuy0 0.36 0.64 0.39 0.27
Cu 0.96 0.99  0.98 0.96
CuCl 0.45 0.03  0.05 0.03
no (CuOH)2COs 0.23 0.01  0.01 0.01
CuO 0.53 0.12  0.17 0.11
Copper Cuy0 0.57 0.23  0.28 0.20
Cu 0.99 0.88 0.93 0.87
CuCl 0.19 0.26  0.12 0.07
yes (CuOH)2COs3 0.35 0.54 0.33 0.21
CuO 0.13 0.59 0.14 0.08
test Cuy0 0.40 0.58 0.35 0.23
Cu 0.98 1.00  0.99 0.98
CuCl 0.00 0.00  0.00 0.00
no (CuOH)2COs3 0.84 0.16  0.20 0.12
CuO 0.45 0.11 0.16 0.10
Cuy0 0.83 0.20 0.29 0.18

Table 3: Results for the two materials, for each class in turn, when weights are computed
for the classes (yes for the specific column) and without using special attention for the
class imbalance (Weights with no). Results are shown for both, validation and test sets.
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6. Discussion

By comparing the results from the validation set with the ones on the test
set, on corresponding circumstances, a positive observation is that the model
does not overfit. The remark is based on the fact that the results on the
test sets generally have better results than the ones from the validation or if
otherwise, they have very close values. For this purpose, it is straightforward
to compare the results from Table 2. The trend is kept for all the used
measures. The only case where the test outputs are not better than the
validation ones is for the iron data set, when using weights but, in this case,
the results are almost identical.

A direct comparison between the results obtained when using or not
weights for the classes can be seen in the same Table 2. Of course, the
values should be compared separately for each metal data set and even sep-
arately for each split in turn. Besides precision, all the other measures also
indicate the fact that the quality of the outputs clearly deteriorates when
weights are employed.

For a better grasp of the meaning of these outputs, we switch to Table
3 where results are presented per class. We observe here that the precision
for the clean material, either F'e or Cu, is better when the weights are used.
On the other hand, for the other classes that are less represented in the data
sets, vice versa happens. Moreover, similar to the results in Table 2, recall,
F1 and Jaccard illustrate the opposite of precision: the results for Fe and
Cu improve when weights are not used and the ones for the other classes
worsen in this same case.

Figure 5 illustrates what actually happens for one image when class
weights are used or not. Obviously, the expert annotations are the same
for both cases, with and without weights. The background is clearly bet-
ter determined when no weights are used for the classes (a pixel-level ac-
curacy of 99.83%) than when they are employed (88.53%). On the other
hand, the main class delineated by the human expert, CusO, represented in
light blue, is better identified when weights are used (95.73% as opposed to
59.14%). Moreover, when the calculated weights are considered, 62.3% of the
(CuOH)2COs is also identified, while in the other case this is not found at
all. Nevertheless, the overall accuracy of this image is 94.58% when weights
are not used and 89.01% when they are used.

The conclusion regarding the usage of the class weights or not is that
the importance of the less represented classes increases indeed when they are
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used, leading to a better recall for them. The model-predicted regions for
these classes are enlarged, and it often happens that some regions that are
not identified at all by the model without weights are found when the weights
are considered. This is proved not only for the sample in Figure 5, but also by
comparing the recall values for the same material, set and class, when weights
are used or not, e.g. FeyO3 of 0.72 vs 0.21 for validation or of 0.84 vs 0.35
for the test set or, if we take the least represented class from copper, CuC',
0.67 vs 0.03 for validation and 0.26 vs 0 for the test set. However, the regions
are overestimated and the background is obviously affected, which leads to
a significant loss in its recall (for classes F'e and C'u). The precision, on the
other hand, evaluates for a class the proportion of the correctly classified
pixels from the number of samples labeled by the models as belonging to
that class, and here the overestimation is naturally penalized, as, for the less
represented classes, this measure indicates that weights should not be used.
F1 score evaluates a combination of precision and recall and is points overall
that, without the specific class weights, the background is better identified
and the corrosion classes are slightly better found; the differences are not as
obvious as they are for precision and recall, respectively. The Jaccard index
shows a similar trend to the F1 score.

The classes that are least identified by the U-Net model are FeCl3 and
FeO for the iron data set. The classes actually represent the compounds that
are also least represented in the data set, not only in the number of images
where such regions occur but especially in the size of the regions, as observed
in Figures 1 and 4. For the copper data set, the most problematic class
is CuCl, which is indeed the least represented both in terms of presence
in images and with respect to the size of the regions. This indicates that
the model did not have enough training examples to accurately learn the
characteristics of these classes and, in order to overcome this problem, the
data set needs to be enlarged.

7. Conclusions

The target of the current study was to analyze the potential of a deep
learning computational assistant for the chemical assessment of archaeolog-
ical artefacts before restoration. Microscope images of metal objects of iron
and copper constitution were presented to the models. The framework first
determines the main metal composition and subsequently delineates and
names the corrosion compounds present at the surface of the object. This
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automatic tool can serve as a rapid, effective support for an on-site inspection
of the degradation state of an excavated object.

Although the results are already promising, a larger representation in
pixel amount of the corrosion products throughout an additional higher num-
ber of images will lead to better recognition. The next steps will also use
uncertainty quantification approaches [17, 18] to the semantic segmentation
process to increase confidence in the outcome of the artificial intelligence
models. Another path that will be followed is that not just one, but two
experts delineate the same images, such as to compare the inter-observer
versus observer-computer variability.
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