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Abstract

The use of Artificial Intelligence (AI) to preserve and promote cultural
heritage has experienced significant growth in recent years. Among the
various areas of cultural heritage, numismatics has emerged as a partic-
ularly promising field where we can develop Al solutions. Numismatics
refers to the study of coins, tokens, paper money, and medals, which play
a critical role in understanding human history and culture. However,
there are still limited resources available to help researchers and collectors
in the identification of coins. This is due to the vast number of coins in cir-
culation, which presents a significant challenge in developing smart tools
for classification tasks. This paper aims to provide a contribution to this
setting. In particular, we start by creating a new dataset called EURO-
Coin, which consists of images showing the side of coins with reliefs and is
designed to facilitate the training and testing of AI models for euro coin
classification. Then, we propose two approaches that leverage Convolu-
tional Neural Networks and self-attention layers to classify the country
and value of the coins. In our experiments, we obtain an accuracy of
86.9% for country classification and an accuracy of 96.4% for value clas-
sification. Finally, we conduct an ablation study to evaluate the impact
of the preprocessing activities and attention layers in our approaches.

Keywords: Cultural Heritage, Numismatics, Convolutional Neural Network,
Deep Learning
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1 Introduction

The use of Artificial Intelligence (AI) technologies to preserve, rediscover, and
promote historical cultural heritage is a multidisciplinary topic of great inter-
est that involves both public institutions and private companies [1-3]. In recent
years, this phenomenon has led to the development of several tools for conserv-
ing and transmitting the cultural heritage of different countries. As an example,
one of the tools developed in the last few years is AI for Cultural Heritage'
by Microsoft, which exploits artificial intelligence to provide effective tools for
people and organizations aiming at the preservation and enrichment of cul-
tural heritage. For instance, the Arts and Humanities Research Council in the
United Kingdom (UK) has funded several projects for allowing online access to
the cultural collections of the UK using innovative Al-based technologies [4].

The protection of artistic and historical heritage is an ethical duty, but it
also has strong economic implications. This was highlighted by the European
Commission, by publishing a recommendation on a common European data
space for cultural heritage, with the aim of accelerating the digitization of
cultural heritage [5].

Among the different areas of cultural heritage, numismatics is one of the
areas that is trying to emerge in this digital transition scenario [6, 7]. Numis-
matics deals with the study and collection of coins, tokens, paper money,
medals, and similar objects, playing an important role in cultural heritage,
since coins and paper money have been and continue to be an integral part
of human history. Coins provide relevant information about a society’s econ-
omy, politics, religion, and art. Through the study of numismatics, historians,
archaeologists, and other researchers can gain insights into the past and
enhance our understanding of cultural heritage [8, 9]. Coins can also serve as a
powerful tool for promoting cultural heritage by inspiring interest and curios-
ity in history, art, and archaeology. However, as in the case of most areas of
collecting, recognizing a coin, appreciating its history, and the journey it has
traveled to be in people’s hands requires considerable knowledge of domain
experts. Nevertheless, there are still few tools able to support people, but also
researchers and collectors (i.e., Numismatists) in the automatic identification
of coins and in the management of new private collections. In fact, the huge
amount of coins in circulation, due to the different types and currencies, makes
the definition of intelligent tools a complex task. In fact, existing tools only
identify the type of currency, such as euro, dollar, pound, or rupee, providing
information that is easily deductible by seeing the coin.

In this study, we address the lack of research on modern coins and Al. To
this end, we propose a new dataset of euro coin images of their relief sides
that differs from existing datasets and allows the research community to work
with modern coins from country and value perspectives. Indeed, while previous
works have focused on classifying coins by their value [10, 11], to the best of
our knowledge our approach is one of the first attempts to classify coins by

Lhttps://www.microsoft.com/en-us/ai/ai-for-cultural- heritage
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the country that minted them. This introduces challenges such as recognizing
similar drawings used for different coin versions and variations in relief designs
over time.

Following related works for the classification of ancient coins, our
approaches include the use of Convolutional Neural Networks [10, 12, 13] and
attention layers [14] for addressing the country and value classification tasks
of modern coins. In this setting, we also introduce the analysis of motifs of the
relief sides of the coins [13—-16] thanks to the application of image filters such as
Sobel or Prewitt. To the best of our knowledge, the analysis of motifs present
in the relief side has not been explored so far in modern coin classification
through machine learning and, as will be clear in the next sections, it retrieves
promising results for both classification tasks. Finally, our approaches consider
the relief side of coins and do not use the front side (which is typically used
in ancient coins classification [14, 17]), as it does not allow the classification
of countries since it is the same for all of them, while the value classification
could be too straightforward due to the presence of clear inscriptions. On the
other hand, the relief side allows for both country and value classification since
each country could have unique drawings for each coin value.

To summarize, the contributions of this paper are:

A new dataset, namely FURO-Coin dataset, containing the images of the

euro coins in circulation. It represents the first dataset containing images

of euro coins on the side with reliefs and has the potential to increase the

development of Al approaches to preserve, organize and transmit a part of

the cultural heritage.

® A new approach for identifying the country of coins through their side with
reliefs. This is a complex task due to both the high number of countries that
adopt the euro as their official currency and the large number of types of
coins in each country having different reliefs minted over time.

® A new approach for identifying the value of coins through the side of the
coin with reliefs. This is a complex task due to both the large number of
types of coins in circulation with different reliefs and to the fact that many
countries have the same reliefs on coins with different values;

e An ablation study for evaluating the classification performances of our

approaches with different preprocessing activities and without the attention

layers.

The rest of the paper is organized as follows: Section 2 surveys relevant
related works and datasets in the literature; Section 3 analyzes and shows the
problem of the euro coin classification in numismatics; Section 4 introduces
the proposed dataset and the procedures for collecting data; Section 5 shows
the experimental evaluation and provides a discussion of results; Conclusions
and future directions are discussed in Section 6.
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2 Related Literature

In this Section, we provide a review of related works and datasets relevant to
the application of Al to numismatics. Specifically, in Section 2.1, we describe
articles regarding the application of Al algorithms to the numismatic scenario,
while in Section 2.2, we report the numismatic datasets for ancient and modern
coins available in the literature.

2.1 Related Works

Artificial intelligence has been making significant advancements in recent years
and has been applied in various fields, including healthcare, finance, man-
ufacturing, and many others [18-20]. However, Al has also started to gain
importance in cultural heritage scenarios. For instance, Al is used in enriching
museum experiences [1, 21, 22], where it provides personalized information and
recommendations to visitors and creates more immersive experiences. Another
application regards the detection of fake artwork [2, 3]. Machine Learning algo-
rithms can analyze patterns and features of a painting or sculpture to detect
any anomalies that may suggest a forgery. Al is also being used to preserve
cultural heritage sites [23] and to solve many tasks in the field of numismatics
[6, 7, 24, 25]. For instance, Al algorithms can be trained to identify and ana-
lyze different features of coins to determine their physical condition and assign
them a score [26]. Similarly, predicting the value of a coin [27, 28] and possi-
ble counterfeits [29] are challenging tasks that can benefit from AI. A further
application concerns the classification of ancient and modern coins, which can
help collectors and experts quickly identify and catalog coins [12, 30-33].

According to the literature on the classification of ancient and modern coins
in the numismatic field, two main groups of approaches can be identified: (7)
those using statistical and computer graphics techniques, and (i) those using
machine learning and deep learning models.

As for the former group of approaches, in [34], the authors propose an
improvement of the Histogram of Oriented Gradients (a commonly used
method for object recognition) called Dynamic-HOG. It locates and analyzes
objects in images to define a dynamic window size based on each object’s size.
Dynamic-HOG is used to create a method for coin recognition by focusing
on the characters present in the image. In [15] and in [35], the authors pro-
pose an approach to classify ancient coins based on the motifs present on their
relief sides using a bag-of-visual-words model. The authors also incorporate
specific geometric structures of the motifs present in the coins to improve the
classification rate. In [36], the authors use a multistep approach, where the
first computes a translationally and rotationally invariant descriptor, and the
second computes an illumination-invariant eigenspace that retrieves the prob-
abilities for coin classes for both the obverse and relief sides. In the final step,
the probabilities are combined and a coin is accepted to be of a certain class
if these probabilities are higher than a threshold. In [37], the authors propose
a coin classification method using local texture features for ancient Roman
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coins. Also in [38], the authors introduce an automated system for coin recog-
nition using spatial-appearance relationships. The authors of [39] propose a
classification framework that performs an image-matching task between ref-
erence and input images, and then identifies words present in a coin image.
These two steps are performed on both coin sides and the resulting class prob-
abilities are then combined. [16] presents a method for estimating the visual
similarity between two coin images that is rotation-insensitive. [40] presents a
method for recognizing words in ancient coins images. The authors first select
character candidate locations in the image, then compute the probabilities for
each of the 18 considered characters, and finally check if these are present in
their lexicon. [41] introduces an automatic system based on a set of features
representing characteristics of local image portions. Finally, in [42] the authors
propose a method that computes gradient magnitudes in a coin image, and
extracts rotation-and-flipping-robust patterns present in local portions. Their
solution is then tested on the MUSCLE CIS dataset [43].

As for the latter group of approaches, we can further divide the corre-
sponding articles by the type of coins under consideration, i.e. ancient or
modern coins. In the ancient coin scenario, [44] proposes a framework for the
classification of ancient Roman coins using a hierarchical knowledge struc-
ture and a convolutional neural network classifier. The framework comprises
feature-based identification extracted from image matching and the detection
of points of interest in local image portions. In [17], the authors introduce a
semi-supervised learning model called Graph Transduction Games that uses
both sides of the coins for the classification. In [14], the authors introduce
CoinNet, a model for the classification of ancient Roman coins that recognizes
their motifs like faces, scenes, animals, and buildings. CoinNet is made up of
bilinear pooling, residual convolutional blocks, and attention layers. Moreover,
n [45], the authors leverage convolutional neural network models and trans-
fer learning to classify the images of Greek ancient coins for identifying their
issuing authority. Furthermore, [13] classifies Roman Imperial coins through
a profile face recognition of the Roman emperors, while [9] trains two CNN
models, one that works with a specific label of the Roman Imperial Coinage
on the relief side, and the other that looks at the Roman emperor. In [8], the
authors describe a method using multimodal input to extract and associate
semantic concepts with the correct coin images and then train an AlexNet to
learn the appearance of these concepts in the images. As for the modern coin
scenario, in [10], the authors use a convolutional neural network to classify
euro coins automatically and create a smartphone app so that users can iden-
tify coins by taking a photo with a smartphone. In [12], the authors employ
convolutional neural networks for classifying Indian coins and then investigate
the impact of design parameters, including the dataset size, number of classes,
image quality, and so on. [46] proposes a dense neural network and pattern
averaging method to distinguish the Turkish 1 Lira coin from the 2 euro coin.
[47] presents a coin recognition system based on the alignment of two coins
by searching for a rotation that maximizes the number of collinear gradient
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vectors, which is then used as input to a nearest neighbor classifier. In [11],
the authors propose a coin recognition system that involves a training phase
where the system identifies coin positions in the image, extracts texture fea-
tures, generates dictionaries based on a bag of words approach, and trains a
Support Vector Machine model for each coin class. In the testing phase, the
coin image is classified based on the models obtained previously.

Considering the numismatic and Al scenario described above, our paper
has some similarities and unique contributions. First of all, there is a lack
of research on modern coins, which we address by proposing a new dataset
comprising images of euro coins minted over the years. Our dataset has dis-
tinct characteristics compared to the limited datasets currently available to
the research community as will be clear in the next section. Furthermore, while
some previous works [10, 11] classify coins based on their value, our paper rep-
resents, to the best of our knowledge, the first effort to classify coins according
to the country that minted them. This perspective introduces novel challenges,
such as countries using similar drawings for different coin versions and vari-
ations in relief designs over time. In our approaches, we use Convolutional
Neural Network models as other works [10, 12, 13] due to its effectiveness
in working with images, but we also perform an analysis of motifs typical of
ancient coins works [13-16] thanks to the application of image filters such as
Sobel or Prewitt. We also decided to include attention layers into our model
similar to [14], which were not used before for modern coin classification.
Furthermore, to the best of our knowledge, our approach is one of the first
attempts to classify the countries and the values of the coins from their relief
sides. Lastly, we exclusively work with the relief side of coins and exclude the
use of both sides as in [14, 17]. In the modern coin scenario, the front side of
coins does not allow country classification since it is the same for all countries,
and the value classification could be straightforward due to the clear inscrip-
tions. On the other hand, the relief side enables both classification tasks, as
different countries employ different drawings, and the value inference is not
obvious apriori. Overall, our paper contributes to the field by introducing a
new dataset and proposing country and value classifications of modern coins
using relief side motifs obtained through filters.

2.2 Related Datasets

As we introduce a new dataset called EURO-Coin, we report the other numis-
matic datasets that can be found in the literature. Since the availability of
datasets is fundamental for the research community, we considered only the
ones that are publicly available. The results of this research are reported in
Table 1.

The datasets present in Table 1 can be divided into two groups: the one
regarding ancient coins (such as Roman coins dating back to the republican or
imperial period) and the one concerning modern coins (such as euro or rupee).

As for the ancient coins, [16] introduced RRC-60 (1), a dataset of Roman
Republican coins from the Museum of Fine Arts in Vienna, which contains
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Dataset Brief description Articles Objective # of images
RRC-60 (1) Roman Republican cons | [13, 16, 17, 37, 30, 44] | Matching, Classification, Segmontation 3900
RRC-60 (2) Roman Republican coins [17] Classification 6000

RRCD Roman Republican coins [14, 44] Classification 18285
AnCoins-12 Greek coins [45] Classification 565
MUSCLE CIS [43] Euro coins [11, 42, 47] Classification 60000

Table 1: Datasets available for ancient and modern coins

3900 images representing 515 different coin types. However, only for 237 of
them, there are more than three images available. The authors of [16] suggest
grouping them into 60 classes according to a taxonomy of Roman Republican
coins [48] in order to create a coin classifier algorithm. Afterward, the authors
of [17] extend RRC-60 (1) thanks to the integration of new images from popular
websites?, and obtain a new dataset of 6000 images and 60 classes [48]. Then,
they develop a classification algorithm for both RRC-60 (1) and RRC-60 (2).
In [14], the authors propose a dataset comprising 18285 images corresponding
to 228 different motif classes. Images are collected from the Vienna Museum of
Fine Arts, the British Museum, and popular websites. Then, the authors use a
deep learning model to classify the ancient Roman Republican coins through
their motifs. Besides Roman coins, [45] introduces a dataset called AnCoins-12
that contains 565 images of 12 different classes of Greek ancient coins from the
area of ancient Thrace. The authors of [45] use a convolutional neural network
model to identify the issuing authority of those coins.

As for the modern coins, very few datasets are publicly available and used
by the articles in the literature. To the best of our knowledge, only [43] pro-
posed a dataset of euro coins, which was used for the MUSCLE Coin Images
Seibersdorf Benchmark Competition in 2006. This dataset contains 60000
images of euro coins corresponding to 12 European countries. It contains both
front and relief sides and hundreds of coin classes depending on the coin types
and motifs. With respect to MUSCLE CIS, our dataset contains more coun-
tries (12 against 23), and the images of coins minted over the years. MUSCLE
CIS is used in [11] for a coin recognition system based on the training of a
Support Vector Machine model for each class. [47] leverages MUSCLE CIS for
classifying coins based on the image alignment and on a nearest neighbor clas-
sifier. Finally, in [42] the authors compute gradient magnitudes and extract
robust patterns from MUSCLE CIS coin images for their classification.

In conclusion, there are some datasets available for the classification and
recognition of ancient coins, but the literature lacks datasets concerning mod-
ern coins. For this reason, we decided to introduce EURO-Coin, which contains
the euro coins minted by European countries over the years. As will be
explained in the next sections, EURO-Coin is in line with the other datasets
in terms of the number of images and classes and provides labels of the coun-
try and value of a coin, which allows the researcher to perform classification
and segmentation tasks along these two perspectives.

2such as acsearch.info and numismatics.org/crro/
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3 Euro coins classification in numismatics

The classification of euro coins for numismatic experts is a very challenging
task due to the large number of different coin series in circulation, issued in
different European Union countries (i.e., Member States). Each coin series can
have numerous variations, such as different legends, mint marks, symbols, and
designs, making classification a challenge even for numismatic experts. Fur-
thermore, the problem of classifying euro coins has been further complicated
by the issue of commemorative coins coined in limited editions, which has sig-
nificantly increased the number of coins in circulation. In fact, actually, there
are eight different types of euro coins in circulation among all Member States:
1 cent, 2 cents, 5 cents, 10 cents, 20 cents, 50 cents, 1 euro, and 2 euros.
Each Member State has its own version of coins, with one side representing
European unity and the other side featuring a national design. This means
that there are currently over 120 different variants of euro coins in circulation.
Figure 1 shows an example of 1 euro coin currently in circulation in 12 EU
countries issued in 2002.

Fig. 1: An extract of 1 euro coins issued in 2002.

Other than the number of different variants, it is necessary to consider that
some countries have changed the reliefs on the coins over time, such as the
Netherlands, Vatican City, and Belgium, or that some states mint multiple
coins every year with different mint marks, such as German euro coins that
have the letters “A”, “D”, “F”, “G”, or “J” for identifying the mint that
minted the coin (see Figure 2).

Fig. 2: An extract of 1 cent coins with “A”, “D” ] “F” “G”, and “J”.
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Despite the challenging problem, in this paper, we aim to address two
different issues related to the classification of euro coins: identifying the value
of a coin and the state member that has issued it considering the side with
reliefs of the coin.

Identifying the countries that minted a coin based on its relief is an
extremely complex task since many countries issue coins with images of histor-
ical characters or symbolic figures, which can be shared by multiple countries
or even different eras. Furthermore, the artistic styles of the reliefs can be sim-
ilar among countries, making it difficult to distinguish between them. In some
cases, the presence of a mint mark or an abbreviation, such as in the case of
Germany, can help identify the issuer of the coin. However, these indicators
are not always present, and in some cases, they can be difficult to interpret
without specialized knowledge.

On the other hand, identifying the value of a coin based on relief alone
adds new complexity to the problem. Coins often have the same design or
picture, regardless of value, making it difficult to distinguish between them.
For example, several countries, including Belgium, Malta, and Luxembourg,
have the image of a common face or object on most coins, regardless of their
value. To the best of our knowledge, we are one of the first to face the problem
of recognizing the value of a euro coin from the relief side.

Numismatic experts generally use specialized catalogs to identify the dif-
ferent variants of each coin versions, as well as key indicators that aid in their
identification. However, manual identification is time-consuming and requires
specialized knowledge, hence it is necessary to explore the use of technologies
related to artificial intelligence and machine learning to design and develop
automated systems for euro coin classification. These approaches would allow
to analyze a large number of coin images and automatically identify differ-
ent variants, helping numismatic experts classify coins in a more efficient and
accurate way.

In the following sections, we will discuss new approaches designed to deal
with these problems, which are based on our EURO-Coin dataset created
thanks to a numismatic expert.

4 Proposed Solution

In this Section, we describe the numismatic scenario and the classification
tasks we address. Specifically, in Section 4.1 we propose a generic model to
describe the numismatic scenario. In Section 4.2, we outline the dataset for our
scope and its statistics. In Section 4.3, we report the considered preprocessing
activities for our dataset, and in Section 4.4 we describe our Convolutional
Neural Network architecture to address the country and value classification
tasks.
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4.1 Model Definition

In this paper, we aim to classify images of coins in the numismatic context. To
achieve this, we need a model to represent the entire scenario. Let us consider
a dataset D of images, where each d € D represents a coin. Each d is an
RGB image of specific width wg and height hg, and can also contain some
background noises depending on the creator of that image. For this specific
study, we are only interested in the images of the relief sides of the coins, and
only in the modern coins coined in Europe countries.

Therefore, every relief of the coins, represented by an image in d € D,
is minted in a particular country s; and has an associated current value vy.
We denote the set of countries of all the coins corresponding to the images
in D as S and the set of all possible values of these coins as V. Starting
from this setting, we are able to identify two possible classification tasks: (i)
country classification, and (%) value classification. The country classification
task involves identifying the country s4 of each coin d based on the side with
relief of the coins, while the value classification task involves predicting the
current value v, of d.

Considering the definition of D, the cardinality of S and V are greater
than 2, therefore we are not dealing with a binary classification task but with
a multiclass classification task. In the former case, we have |S| labels while |V
labels in the latter.

In order to standardize the images d € D, we can define a set of trans-
formation functions T'. The set T' could contain any function typical of image
preprocessing, such as cropping, resizing, and filtering. The objective of T is
twofold. The first concerns the standardization of the width and height of
the images of D to ws and hg in order to obtain a uniform input for the
machine learning model. The second regards the extraction of relevant features
to improve the classification performance.

To predict the country and value of the features in dataset D, a machine
learning model C' capable of multiclass classification is required. While any
classification model could be used, we have chosen to use a Convolutional
Neural Network as our C' due to its success in handling complex image clas-
sification tasks [9, 10, 14]. The training of our C' consists of the minimization
of the cross-entropy loss. Let 4 be the softmax output of C obtained from an
image d whose true label is a one-hot encoding y4 of the S. The cross-entropy
loss for a sample is defined as:

IS| Vi
Lops ==Y Y4, -108(a;) Loy ==Y ya, -10g(Ja,) (1)
i=1 =1

where Lo, corresponds to the cross-entropy loss for the country classi-
fication task, while Log, corresponds to the cross-entropy loss for the value
classification task.

In order to evaluate the performance of M, we leverage four common met-
rics in the machine learning field, which are Accuracy, Precision, Recall, and
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F1-Score. These metrics are defined in terms of the number of true positives
(i.e., TP), false positives (i.e., FP), true negatives (i.e., TN), and false negatives
(i.e., FN) that the model generates when making predictions. The formulas to
calculate them are the following:

y B TP+ TN
CUraY = TP T FPY TN + FN
b TP
recision = TP+FP
TP
Recall = ———
= TPYFN

Fl— Score — 2. Precision - Recall

Precision + Recall

The Accuracy measures the proportion of correct predictions made by the
model over all the predictions. Precision evaluates the proportion of true pos-
itives out of all the predicted positives, while Recall measures the proportion
of true positives out of all the actual positives. Finally, F1-Score is the har-
monic mean of precision and recall that provides a balance between them. In
order to properly estimate the classification performances of our models, these
metrics are computed on a testing set that is not used for the training.

4.2 EURO-Coin dataset

One of the main challenges in defining an approach for coin classification con-
cerns the creation of ad-hoc datasets to be used in predictive processes. In
fact, most of the datasets proposed in the literature contain images of coins
that are not euro and/or collect images of euro coins from the value side (e.g.,
1c, 2¢, 5¢, 10c, 20c, 50c, 1€, 2€).

This makes all datasets not suitable for our study since our aim is to
provide an approach for classifying euro coins from the relief side. To the best
of our knowledge, there are no datasets containing images of euro coins of the
Member States from the side with relief. To this end, we have created a new
dataset, named EURO-Coin dataset®, by using some of the best-known search
engines for extracting images from the web.

The process of creating a dataset of coin images opens different challenges
and issues. In particular, to create a dataset of coin images, it is important to
consider the potential challenges that can arise:

® Coin variability: Coins can vary in size, shape, color, lighting, and other
factors. All these factors can make it difficult to standardize the images for
the dataset, which can make it more challenging to train artificial intelligence
models to recognize the coins;

¢ Image quality: Coin images can be of low quality or blurry, which can
make it difficult to extract important features of the coins;

3The dataset is publicly available on https://github.com/cciro94/EuroCoinDataset.
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* Amount of data: To create a representative dataset of coins, it is necessary
to acquire a large number of coin images. However, it is not always easy to
collect a large number of coin images under different conditions. In addition,
creating a large dataset requires a lot of time and resources;

e Data labeling: Labeling coin images takes time and skills, since it is neces-
sary to accurately identify the coin represented in each image, also involving
a domain expert in the labeling step.

Figure 3 provides an overview of the process for creating the EURO-Coin
dataset. As we can see, the process has been divided into two steps, automatic
extraction and manual classification, respectively. The automatic extraction
step aims to collect images of coins from the web through some of the most
known web search engines, such as Google, Bing, and Baidu. Although there
exist several other web search engines, we choose to limit our analysis only to
these, so as to reduce the number of duplicate images extracted from them.
This first step required defining a module capable of automatically connect-
ing to each web search engine and composing queries for searching images
according to all countries and all coin values. Specifically, we have defined two
different types of queries to extract coin images from search engines that start
by considering a coin value [v] and a country [s]. For each query, we defined a
template of the sentence that has been automatically filled from the module
for composing queries with both the coin value and the country to search for.
In particular, the first query defined for our study was ¢1 = “Images of the [v]
euro cent coin [s]” while the second query was g2 = “[v] euro cent coin [s]”.
It is important to notice that, similar to the limitation of the number of web
search engines involved in our study, we have considered only two different
types of queries in order to avoid extracting a large set of duplicate images.
Both modules for creating queries and extracting information exploit a par-
allelization paradigm capable of performing multiple searches simultaneously.
This strategy allowed the image extraction to be performed efficiently, despite
the large number of queries made. In fact, if we consider the number of Euro-
pean countries using the Euro, the different coin values, the different search
engines considered, and the queries defined, we can see that the number of
searches performed is extremely large. Therefore, the parallelization paradigm
allowed us to significantly speed up the extraction of images from the web.
Also, to extract good quality images for our dataset, we configured search
engines to only extract images with dimensions of at least 100px in both width
and height. This has been made possible thanks to the configuration settings
of each search engine, which can be easily customized through the parameters
of their APIs.

After the automatic extraction step, we collected several sets of images for
each country and coin value. Although the image search and storing strategy
provided us with a preliminary division of the images for each country and
value, it was necessary to proceed with a step of manual selection and removal
of any outliers. To this end, we have requested a domain expert, i.e., a numis-
matic, to manually filter and label the images in the dataset. In our study, the
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Fig. 3: Dataset creation and classification processes.

domain expert is one of the authors that has twenty years of experience in the
collection and classification of euro coins.

The manual classification step of the domain expert has been divided into
three different activities: i) the selection of images related to the coins of the
member states and the consequent removal of the incorrect ones (e.g., extracted
incorrectly from search engines or duplicate images); ¢4) manual cropping of
images when they contained more than one coin, and i:) coin labeling and
dataset definition. During the selection and labeling steps, the domain expert
removed photos of coins in which the reliefs on the coins were unclear, such
as those taken at particular angles or where the reliefs of the coin were not
fully visible. After the manual classification step, we obtained the images of
our EURO-Coin dataset, whose statistics are reported in Table 2.

Regarding the quality of these images, the expert manually cropped many
of the images extracted from the web, since they showed different coins or had
a very large background that could harm the classification task. The statistics
on the quality of the images after the manual classification step are shown in
Figure 4. As we can see, the dimensions of the images in pixels, i.e. height
and width (blue and red bars, respectively), are almost always the same for
all percentiles, which means that all the images tend to have an aspect ratio
close to 1:1. Moreover, most of the images have dimensions larger than 300
pixels, which is already visible from the 25th percentile of each coin value.
Only less than 1% of the images for each coin are smaller than 100 pixels. This
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1c | 2¢ | 5c | 10c | 20¢ | 50c | 1€ | 2¢ | Total per
country
Andorra 42 | 46 | 71 | 43 | 49 | 57 | 60 | 220 588
Austria 83 | 64 | 76 | 72 | 49 | 57 | 73 | 94 568
Belgium 86 | 29 | 99 | 98 | 112 | 61 | 78 | 144 707
Cyprus 13 23 38 40 25 28 84 107 358
Estonia 58 | 44 | 45 | 41 | 44 | 30 | 61 | 102 125
Finland 40 | 38 | 61 | 36 | 72 | 58 | 99 | 201 614
France 34 | 57 | 67 | 52 | 59 | 73 | 57 | 128 527
Germany 163 | 131 60 163 80 62 90 178 927
Greece 121 | 52 | 58 | 63 | 69 | 59 | 117 | 169 708
Treland 56 | 65 | 50 | 83 | 76 | 45 | 66 | 124 565
Ttaly 121 | 36 | 67 | 59 | 72 | 79 | 70 | 119 623
Latvia 71 | 30 | 45 | 17 | 21 | 45 | 91 | 232 552
Lithuania 94 | 15 | 25 | 28 | 35 | 3L | 90 | 181 199
Luxembourg || 43 | 20 | 35 | 3L | 52 | 35 | 90 | 173 188
Malta 74 | 52 | 64 | 76 | 83 | 79 | 76 | 154 658
Monaco 4 | 3 | 33 | 48 | 57 | 47 | 110 | 107 419
Netherlands || 35 | 32 | 64 | 76 | 72 | 69 | 62 | 166 576
Portugal 55 | 57 | 69 | 80 | 40 | 37 | 101 | 132 571
Sant Marino || 47 | 56 | 57 | 60 | 62 | 77 | 109 | 114 582
Slovakia 34 | 26 | 21 | 20 | 19 | 32 | 39 | 156 347
Slovenia 56 | 45 | 42 | 50 | 52 | 45 | 65 | 136 101
Spain 23 | 41 | 46 | 48 | 52 | 55 | 97 | 174 536
Vatican City || 52 | 30 | 34 | 58 | 50 | 91 | 62 | 172 549
Total per 1424 | 1001 | 1227 | 1342 | 1302 | 1252 | 1847 | 3483 || 12878
Value

Table 2: Statistics about coin images in the EURO-Coin dataset.

is mainly due to the fact that the manual cropping step of many of the figures
has led to the reduction of the dimensions of some images in order to remove
noisy elements or to isolate coins when others were contained. This especially
happened in countries where the spread of coins is rarer, such as Andorra, San
Marino, Monaco, and Vatican City, since it is often difficult to find images of
single coins.

Then, we analyzed the aspect ratio of the images in order to set up the
preprocessing task and thus to uniform the input to our deep learning model.
To this end, we computed the aspect ratio of the images in our dataset and
reported the corresponding results in Table 3.

From Table 3, we noted that the 90.25% of the images had a standard 1:1
aspect ratio, while the remaining 9.75% had a different ratio. Therefore, we
modified the last set of images to obtain a dataset having the same aspect ratio
of 1:1. Finally, we point out that the whole process of creating the EURO-Coin
dataset took about 15 days to complete.

4.3 Image Preprocessing

The process of creating the dataset has already foreseen some preliminary
operations of preprocessing on the images, such as cropping. Although these
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Fig. 4: Statistics about the quality of the images in the FEURO-Coin dataset.

operations have partially improved the images, it was necessary to use further
preprocessing and filtering techniques on the images to make them suitable for
deep learning models. To this end, we have chosen to use some filters on the
images with the aim of emphasizing the reliefs of the coins and preparing the
images for the training and testing steps.

In our experimental evaluation, we have chosen to test Sobel, Laplace,
Uniform, and Prewitt filters to detect edges in order to improve the exposure
of the reliefs on the coins. Figure 5 shows an example of filters applied on the
image of 10 cents.

The Sobel filter uses a 3 x 3 or 5 x 5 convolution matrix to calculate the
luminosity derivative at each point in the image, which is often used for image
segmentation [49]. Specifically, there are two Sobel matrices, one for detecting
horizontal edges and the other for vertical edges. Applying this filter provides
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Aspect 1c 2c 5¢ 10c | 20c | 50c 1€ 2€ Total per

aspect
04 512 - 1 - - - - 2 1 2
05| 1:2 - 5 13 5 1 6 7 15 55
06| 59 1 2 1 5 1 6 36 | 37 98
07| 23 21 7 5 17 | 18 9 26 | 13 116
08| 34 28 | 13 | 28 | 26 | 34 | 32 | 91 | o1 343
09| 6:7 || 110 | 40 | 55 | 69 | 67 | 45 | 119 | 126 640
10| L:1 |[ 1252 | 933 | 1122 | 1220 | 1175 | 1154 | 1566 | 3200 11622
Total per || 4 o) | 1001 | 1227 | 1342 | 1302 | 1252 | 1847 | 3483 12878
Value

Table 3: Statistics about the aspect ratio of coin images in the dataset.

two images, each representing the horizontal or vertical edges of the original
image. Figure 5b shows an example of Sobel filter applied on the image of 10
cents.

The Laplace filter uses a 3 x 3 or 5 x5 convolution matrix to highlight image
details. This filter calculates the second derivative of the image luminosity and
is generally used to detect edges, improve image sharpness, and emphasize
texture features. Figure 5c shows an example of Laplace filter applied on the
image of 10 cents.

The Uniform filter is mainly used to reduce image noise and imperfections.
This filter calculates the average of the surrounding pixels for each pixel in
the image, creating a more uniform and homogeneous image. It is generally
used to improve image quality and prepare it for subsequent computer vision
processing. Figure 5d shows an example of Uniform filter applied on the image
of 10 cents.

Finally, the Prewitt filter uses a 3 x 3 convolution matrix to calculate the
luminosity derivative of the image and detect edges. This filter is similar to the
Sobel filter and is used to detect edges in an image and improve its sharpness
[49]. Figure 5e shows an example of Prewitt filter applied on the image of 10
cents. Generally, it is used in combination with other filters to improve image
quality and detect edges.

In our study, we evaluate the effectiveness of these filters individually or in
combination with others, with the aim of improving image quality and more
accurately detecting edges and reliefs.

4.4 Network Architecture

The EURO-Coin dataset is used to train a Convolutional Neural Network
which consists of four blocks: the first two contain two convolutional layers;
the third is a self-attention layer; the last block consists of one linear layer.
In particular, this model accepts images having three channels and a spe-
cific dimension of 128 x 128. Then, we have a two sequence of two convolution
layers consisting of 8 filters each one with a kernel size equal to 3. On the out-
put of the second convolutional layer, we compute a ReLLU activation function
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(b) Sobel filter. (c) Laplace filter.

(a) Original coin. (d) Uniform filter.  (e) Prewitt filter.

Fig. 5: Example of filters applied on the image of 10 Portuguese cents.

and then apply a max pooling with a window 2 x 2 to reduce the image size
and keep only the most important features.

We use two other convolutional layers with 16 filters each one with a kernel
size equal to 3. As in the previous case, we compute a ReLU activation function
and a max pooling with a window 2 x 2. After this computation, we have a
self-attention layer with an embedding dimension for each input token of 16,
and with a multi-head attention of 4 heads.

For each image, we obtain a feature vector that is the input to a linear
layer and a softmax activation function. The output dimension of this last
layer depends on the classification task. In the country case, the output is 23
(|S] = 23), while in the value case, the output is 8 (|V| = 8). Except for the
last layer dimension, we have used the same CNN model for both classification
tasks. The network architecture is reported in Figure 6.

INPUT BLOCK A1 BLOCK A2 BLOCK A3 BLOCK B1

EURO-Coin dataset

CONV2D CONV2D ATTENTION

MAXPOOLING MAXPOOLING LAYER OUTPUT

Fig. 6: Architecture of our Convolutional Neural Network
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5 Experimental Evaluation

In this Section, we outline the experimental evaluation performed to address
the country and value classification tasks of coins from their relief sides. In par-
ticular, in Section 5.1, we provide details about the experimental settings for
our evaluation. In Section 5.2, we describe the results achieved in the two clas-
sification tasks, and in Section 5.3 we perform an ablation study to understand
the impact of our preprocessing activities on the model performance.

5.1 Experimental Settings

The experimental evaluation was conducted using the EURO-Coin dataset
introduced in Section 4.2. For the identification of the country through the
currency, 23 classes were identified (i.e., one for each country that uses the euro
as the current currency), while for the task for value identification, 8 classes
were identified (i.e., one for each type of coin: 2 euros, 1 euro, 50 cents, 20
cents, 10 cents, 5 cents, 2 cents, and 1 cent).

To evaluate the classification performances of our models, we decided to
split the dataset into training and testing sets. Our EURO-Coin dataset con-
tains 12878 images and many examples for each country and value class, thus
representing the scenario thoroughly. Therefore, we decided to make a strati-
fied 80/20 training/test split, where 80% of images are used for training and
the remaining 20% are for estimating the classification performances. In the
ablation study, we keep the same training/test split for all the experiments.

The network was trained using a Stochastic Gradient Descent optimizer
with a mini-batch size of 32. We use Reduce Learning Rate on Plateau to
monitor training performances at each epoch and automatically reduce the
learning rate when performance does not improve for a certain number of
consecutive epochs. This strategy enables the neural network to better fit the
data and avoid getting stuck in the local minima of the loss function.

We used the functions of the scipy library for multidimensional image pro-
cessing, and its package scipy.ndimage, which contains several functions and
filters for multidimensional image processing. The images have been trans-
formed through the transform method, which enables to combine multiple
transformations to be applied to an image. Moreover, each image has been
transformed by applying a resize to 128 x 128 and then converted into a tensor.

The CNN has been implemented using Python version 3.9 and with the
support of PyTorch 1.13.1 and CUDA 11.9. All the experiments have been
executed on a workstation with an Intel i7 CPU at 2.30 GHz, 6-core, and
32GB of memory, equipped with a GPU NVIDIA 3070 GPU with 8GB of
RAM dedicated.

5.2 Evaluation

As for the country classification task, our dataset consists of 12878 images of
the side with reliefs of coins divided into 23 classes. We first split the dataset
into training and test, and then preprocess the training images by resizing
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them to ws = 128 and hy = 128 and applying a Sobel filter for edge detection
(i.e., T = {Resize, Sobel}). Then, we train our CNN model in order to predict
the countries that coined them. Finally, the classification metrics of our CNN
model are computed on the testing images that are preprocessed as those of
training, and the corresponding results are reported in Table 4.

Accuracy | Precision || Recall | F1-Score
0.869 0.871 0.869 0.870

Table 4: Performance of our CNN model in the country classification task.

From the analysis of Table 4, we observe that our CNN model achieves good
performances. Indeed, we obtain an Accuracy of 0.869, a Precision of 0.871,
a Recall of 0.869, and an F1-Score of 0.870. These results are promising also
due to the fact that we are facing a multi-class classification problem with 23
classes that is not trivial. Indeed, some countries could have the same design
for a coin or could have changed the relief over the years having therefore
more than one drawing for each class. We can conclude that our model can
identify interesting patterns useful to predict the country of each coin. In
order to better investigate the performance of our model, we report the related
confusion matrix in Figure 7.

Andorra 0 0 0 1 0 0 0 0 0 0 1 1 0 0 1 0 0 0 1 0 0 2
Austia 0 oo o o 0 1 2 o0 1 1 0 0 0 O O 0O 0 O0 0 0 1
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cyous 0 o o MM o o o0 0 O O 0 O O O 0 ©0 O 0 ©0 0 0 1 0 0
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France 1 0 0 0 0 1 1 0 0 0o 0 1 1 1 o o o 1 0 1 1 0 50
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Fig. 7: Confusion matrix of the country classification task
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In Figure 7, we note that our model is able to classify more than the
majority of the coins for each country. Indeed, the diagonal of the confusion
matrix is the one reporting the highest values. However, we can also observe
that in some cases, the model misclassifies some images, which could be due to
several factors. For instance, think of Belgium, Netherlands, and Monaco have
coined similar coins over the years. Another example regards the 1€ coins of
the Netherlands and Luxembourg that are also very similar.

As for the value classification task, we have 12878 images divided into 8
classes. Similar to the previous task, we split the dataset into training and
testing. Then, we resize the training images to ws = 128 and hy = 128 and
apply Sobel filters for edge detection (i.e., T' = {Resize, Sobel}). Our CNN
model is trained on the preprocessed training images in order to predict the
value of the coins. The classification performances of our CNN model are
computed on the testing images, and the obtained results are reported in Table
D.

Accuracy | Precision Recall | F1-Score
0.964 0.964 0.964 0.964

Table 5: Performance of our CNN model in the value classification task.

From the analysis of Table 5, we observe that our CNN model achieves an
Accuracy of 0.964, a Precision of 0.964, a Recall of 0.964, and an F1-Score
of 0.964. Even in this case, our model obtains interesting performance in this
multiclass classification task. We compute the corresponding confusion matrix
in Figure 8.

From Figure 8, we observe that our model is capable of identifying the right
classes for the majority of coins. However, there is an interesting pattern in
the cases in which the model does not classify correctly. Indeed, there are two
squares in the confusion matrix that corresponds to classes that are similar
to one another, which are (i) 1-cent, 2-cent, 5-cent, and (i) 10-cent, 20-cent,
50-cent. These groups of coins contain images that have similar patterns due
to some decisions of the country that minted them. For instance, Malta and
Luxembourg have similar drawings printed on the 1-cent, 2-cent, and 5-cent,
while Belgium typically uses similar patterns for all those coins.

Finally, we point out two interesting aspects of our CNN model. The first
regards the fact that we used edge detection filters to classify images. In this
way, we are able to remove part of the background in the images, and highlight
the patterns of the drawings present on the sides with relief of the coins. As
will be clear in Section 5.3, the natural images are not suitable for training the
CNN even if they contain color features. Indeed, we show that the extraction
of the patterns from the drawings of the coins is fundamental for the coun-
try and value classification tasks. The second interesting aspect concerns the
architecture of the CNN for these two tasks. In fact, we have employed the
same CNN model and the same filter for both cases. This result highlights the
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Fig. 8: Confusion matrix of the value classification task.

fact that the same CNN architecture can perform well in these two tasks that
have completely different objectives.

5.3 Ablation study

In this section, we conduct an ablation study to assess the impact of different
preprocessing activities on the performance of our CNN model in the country
and value classification tasks. As in the previous case, we use a stratified 80/20
training/test split and keep the same resulting image sets for all the exper-
iments in the ablation study. We train our CNN model using the images in
the training set that have been preprocessed with a variety of edge detection
and noise reduction filters, including the Sobel, Laplace, and Prewitt filters
for edge detection and the Uniform filter for noise reduction, and then mea-
sure the corresponding performance metrics on the images in the testing set
preprocessed as the training ones [50]. Through this analysis, we aim to deter-
mine the effectiveness of the filters and identify the most suitable filter(s) for
optimizing the classification accuracy of our model. Furthermore, we tested
our CNN model with and without the self-attention layer.

As for the country classification task, we report the obtained results from
our ablation study in Table 6.

From the analysis of Table 6, we observe that the best performance in terms
of Accuracy, Precision, Recall, and F1-Score is achieved with the attention
layer and the application of the Sobel filter. The other edge detection filters
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Filter(s) Accuracy | Precision | Recall | F1-Score
Natural 0.067 0.009 0.067 0.016
. Sobel 0.739 0.740 0.739 0.738
4 Laplace 0.534 0.604 0.534 0.540
= ,S Uniform 0.063 0.040 0.063 0.034
2 g Prewitt 0.453 0.723 0.453 0.477
e Sobel + Laplace 0.700 0.703 0.700 0.700
B g Sobel + Prewitt 0.640 0.680 0.640 0.643
bt Sobel + Uniform 0.578 0.708 0.578 0.600
< Sobel + Prewitt + Laplace 0.394 0.394 0.394 0.431
Sobel 4+ Uniform + Laplace | 0.590 0.714 0.590 0.612
Sobel 4+ Uniform + Prewitt | 0.368 0.663 0.368 0.387
Filter(s) Accuracy | Precision | Recall | F1-Score
Natural 0.139 0.142 0.132 0.150
. Sobel 0.869 0.871 0.869 0.870
& Laplace 0.553 0.637 0.570 0.602
,S Uniform 0.142 0.118 0.324 0.132
< o |[ Prewitt 0.178 0.17 0.17 0.17
§ 2 |[ Sobel + Laplace 0.721 0.721 0.766 0.745
g Sobel + Prewitt 0.722 0.722 0.722 0.722
bt Sobel + Uniform 0.443 0.429 0.500 0.450
< Sobel + Prewitt 4+ Laplace 0.450 0.443 0.466 0.447
Sobel 4+ Uniform + Laplace | 0.451 0.429 0.317 0.432
Sobel + Uniform + Prewitt | 0.203 0.202 0.212 0.210

Table 6: Ablation study on the country classification task.

obtain lower results, such as the Laplace or the Prewitt. Neither the sequen-
tial application of two or three detection filters (such as Sobel + Laplace,
Sobel + Prewitt, or Sobel + Uniform + Laplace) reaches the same perfor-
mance as the Sobel case. It is interesting to note that all the metrics are very
low in the Natural case, where the images are only resized. The CNN fails
to identify interesting patterns for the classification, which affects its perfor-
mance. Finally, we note that the usage of an attention layer increases all the
classification metrics in most of the cases.

Afterward, we conducted the same ablation study for the value classifica-
tion task, and the corresponding results are reported in Table 7.

From the analysis of Table 7, we observe that our CNN model achieves
the highest classification accuracy with the attention layer and the application
of Sobel filter. The Sobel filter is performing well also without the attention
layer, but this last allows us to obtain higher results. In contrast, the single
application of the Uniform and Prewitt filters did not improve much the clas-
sification performances compared to the Natural case. Finally, we note that
while the Natural case resulted in higher classification accuracy in the value
prediction task with respect to the country prediction, also in this case the
application of edge detection filters allows our model to identify useful patterns
and significantly improve performance across all evaluation metrics.
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Filter(s) Accuracy | Precision | Recall | F1-Score
Natural 0.445 0.269 0.316 0.259
. Sobel 0.796 0.786 0.771 0.777
4 Laplace 0.532 0.512 0.416 0.359
= ,S Uniform 0.308 0.268 0.175 0.110
2 g Prewitt 0.478 0.534 0.397 0.415
e Sobel + Laplace 0.818 0.810 0.789 0.796
3 g Sobel + Prewitt 0.817 0.803 0.798 0.800
5 |[ Sobel + Uniform 0.550 0.576 0.471 0.487
< Sobel + Prewitt + Laplace 0.823 0.804 0.801 0.802
Sobel + Uniform + Laplace | 0.565 0.595 0.500 0.512
Sobel + Uniform + Prewitt | 0.769 0.773 0.738 0.748
Filter(s) Accuracy | Precision | Recall | F1-Score
Natural 0.460 0.455 0.460 0.405
o Sobel 0.964 0.964 0.964 0.964
& Laplace 0.363 0.384 0.415 0.357
& |[ Uniform 0.244 0.242 0.326 0.259
£ o |[ Prewitt 0.179 0.194 0.239 0.189
2 £ | Sobel + Laplace 0.941 0.942 0.941 0.941
$ || Sobel + Prewitt 0.959 0.959 0.959 0.959
bt Sobel + Uniform 0.922 0.923 0.922 0.922
< Sobel + Prewitt + Laplace 0.930 0.932 0.930 0.930
Sobel 4+ Uniform + Laplace | 0.962 0.962 0.962 0.962
Sobel + Uniform + Prewitt | 0.962 0.962 0.962 0.962

Table 7: Ablation study on the value classification task.

6 Conclusion

In this paper, we have presented two approaches that exploit Convolutional
Neural Networks to automatically identify the country and value of euro coins
from the side with reliefs. These approaches aim to provide a useful tool for
amateur and expert numismatists to improve the time-consuming processes of
manual coin identification through AI approaches. As we have previously dis-
cussed, these approaches have proven to be efficient on the euro coins minted
by the Member States of the European Union, but are easily generalizable to
other coin classification scenarios. In order to prove the validity of our propos-
als, we have tested them on the new EURO-Coin dataset, by applying different
manual and automatic preprocessing steps on the coins with the aim to improve
the classification performances. Finally, we have conducted an ablation study
to identify the most important preprocessing activities to be applied in our
approaches.

In the future, we plan to extend this work in several directions. For instance,
we can consider an ensemble of multiple Convolutional Neural Network mod-
els to make predictions. Each model can be trained with a slightly different
architecture or hyperparameters, and the predictions can be combined using
a weighted average or other ensemble methods. Finally, we plan to test our
approaches to other coin types of different continents using the side with reliefs.
This could involve retraining the model with additional data or fine-tuning the
existing model to classify the new types of coins.
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