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ABSTRACT The identification of archaeological ceramics is a relevant topic in the field of cultural heritage,
and the history of archaeological ceramics can be traced back to prehistoric times. At present, there are
two main methods for identifying archaeological ceramics, the empirical method and the technical one.
In practice, these methods are costly or time-consuming. A systematic literature review of thirty-three studies
on the identification of archaeological ceramics using machine learning is presented in this paper, including
the collection process to build the dataset, the image processing of archaeological ceramic images, and the
machine learning algorithms used for the classification. Themain findings show the efficacy of deep learning
for the automatic classification of archaeological ceramics compared to other approaches and highlight
the need for more comprehensive and standardised datasets to further improve the automatic classification
process.

INDEX TERMS Archaeological ceramic identification, archaeological ceramic classification, machine
learning, deep learning, archaeological ceramics dataset.

I. INTRODUCTION
Ceramics refer to a broad category of materials, typically
inorganic and non-metallic, employed by humans for over
10,000 years [1]. It includes pottery, majolica, faience,
terracotta, stone mass, and porcelain [2]. Their remarkable
durability has allowed them to withstand the test of centuries,
preserving awindow into the past and safeguarding the stories
of our ancestors [3]. Consequently, ceramics serve as chrono-
logical markers that are indispensable for reconstructing the
past and comprehending the temporal progression of cultures,
from their emergence to their decline, thereby enriching
our understanding of the human journey through time [4].
Moreover, since they were among the earliest commodities
traded between different regions and cultures, they serve
as invaluable artefacts that unveil intricate trade networks
and interactions between ancient societies [5]. They trace
the paths of cultural exchange, uncover the complexities of
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ancient trade routes, and highlight the interconnections of
diverse civilizations across time and space [3]. For these
reasons, it becomes of fundamental importance to accurately
date and classify ancient ceramics.

Currently, the methods for the identification of archaeolog-
ical ceramics, mainly focused on pottery and porcelain, can
be grouped into two main families [6]. On the one hand, there
is empirical identification [7]. It is a skilled process relying on
the expertise of human analysts, that identify archaeological
ceramics manually. Hence, it is a time-consuming activity,
that often lacks objective constraints leading to inconsistent
classifications. On the other hand, there are scientific
identification methods that encompass techniques such as
X-ray fluorescence analysis, thermoluminescence dating, and
spectral analysis [8]. Thermoluminescence dating may cause
damage to the porcelains themselves, resulting in irreversible
damage [9]. While X-ray fluorescence analysis is a non-
destructive technique [10], it does have some drawbacks
for definitive identification: i) it primarily detects elements
present in the porcelain and it misses subtle details, including
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firing temperature, specific minerals used, or manufacturing
techniques; ii) it hinges on the quality and completeness
of the reference database used about the elemental makeup
of known porcelains; iii) it typically analyzes the surface
composition that can be altered because of weathering,
restoration, or glazing with a different composition. More-
over, it requires expensive equipment, involves complex
identification processes, and is time-consuming.

Hence, the identification of archaeological ceramics,
including pottery and porcelain, faces two key challenges:
it can be time-consuming and it heavily relies on expert
knowledge and experience. This has led researchers to
explore Computer Vision (CV) and Artificial Intelligence
(AI) as potential tools to aid in the identification process.
Thanks to the advancements in these fields [11], [12], [13],
more studies investigated their use for the identification of
archaeological ceramic images in recent years [14], [15],
[16]. Just to cite a few, Wang et al. [17] applied the Support
Vector Machine (SVM) algorithm to design a prototype for
feature extraction and classification of porcelain images.
Instead, Zheng et al. [18] employed a Gaussian colour model
and multi-scale filter bank to extract colour texture features.

This paper presents a systematic literature review on ML
algorithms for archaeological ceramics identification. The
review is based on scientific papers available in the most
prominent digital libraries in the computer science field.
Papers published between 2013 and 2023 were considered.
Following the PRISMA methodology guidelines, 33 papers
were finally analysed in terms of data sets, image processing
methods, and ML algorithms used.

The rest of the paper has the following structure. Section II
presents some literature reviews in the context of archaeo-
logical ceramics. Section III describes the research questions
that motivated this study and the followed methodology.
Section IV then analyses the results of the study and discusses
the main findings. Finally, Section V summarises the study
and presents some future works.

II. BACKGROUND AND RELATED WORK
The application of ML and DL techniques in the field of
archaeological ceramics identification is an interesting area
of research. While our review seeks to provide a comprehen-
sive overview, it is important to acknowledge previous works
that have explored similar themes. Notably, several surveys
and studies have been conducted to examine the intersection
of archaeological analysis and computational techniques.
These existing reviews serve as foundational references,
offering valuable insights and highlighting the progress
made in the application of ML and DL methodologies to
archaeological ceramics identification.

Cumbajin et al. [19] presented a systematic literature
review on deep learning for industrial surface defect detection
of several materials, including ceramics. Such a review
considered only the use of convolutional neural networks.
Our paper differentiates itself by focusing exclusively on the
identification and classification of archaeological ceramics,

employing a variety of ML and DL algorithms tailored
to the unique characteristics of archaeological data. While
the industrial review proposes a new taxonomy for surface
defect detection, our work seeks to develop and refine
methodologies specifically for archaeological ceramics.

Zhang et al. [20] proposed a review on the use of ML the
discovery of high-entropy ceramics. High-entropy materials,
known for their versatile platform and superior structural
and functional properties, present a vast phase space that
complicates efficient design through traditional methods. The
review highlights how ML accelerates the discovery and
optimization of high-entropy ceramics. The paper discusses
the entire ML pipeline from data collection and feature
engineering to model refinement and performance predic-
tion improvement. In contrast, our review delves into the
application of ML algorithms for archaeological ceramics,
which, unlike high-entropy ceramics, involves the analysis of
artifacts with historical and cultural significance.

Di Angelo et al. in [21] conducted a comprehensive
review of automatic methods for analyzing archaeological
pottery sherds, encompassing the state-of-the-art up to the
end of 2021. They provided a critical analysis of the most
significant advancements in pottery analysis, classification,
and reconstruction from a 3D discrete manifold model.
In contrast to this review, our paper do not focus on 3Dmodels
but mainly on images.

Ming et al. [22] provided a review of the application
of virtual reality (VR) technology in the conservation
and restoration of archaeological ceramics. However, this
review does not cover the application of ML algorithms for
the identification of archaeological ceramics, although the
existing review on VR technology is not directly related to
ML, it still can provide future research directions in the
field of archaeological ceramics, such as integration of ML
algorithms with VR for the identification of archaeological
ceramics.

III. METHODS
This section presents the research questions that motivated
this research, describes the PRISMA methodology and how
the data were collected and processed.

A. RESEARCH QUESTIONS
The main research question that drove this study is:

RQ: What are the main findings derived from the
application of machine learning for the identification of
archaeological ceramics?

In particular, this work aims to answer the following
questions to shed light on three main aspects:

• RQ1: Which are the main datasets employed in the
identification of archaeological ceramics?

• RQ2: What are the findings about the image processing
of archaeological ceramics for its identification?

• RQ3: What are the main ML algorithms used in the
identification of archaeological ceramics?
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RQ1 will mainly be centred around ceramic type (pottery
and porcelain), country, period, pattern or type, sample
count, and data source. RQ2 will focus on different image
processing methods and their frequency and tendency.
Finally, RQ3 will mainly analyze ML or Deep Learning
(DL) algorithms, including their distribution and tendency.
Specific analyses and discussions of these three research
questions will be presented in Section IV.

B. PRISMA METHODOLOGY
Systematic reviews aim to identify all research addressing a
specific and well-defined question to provide a balanced and
unbiased literature summary [23]. A systematic review takes
advantage of a rigorous and transparent methodology, often
outlined in a protocol, to identify, evaluate, and synthesize
relevant research studies. The search for relevant studies
is often carried out across various databases and sources.
Finally, the studies are evaluated and the main findings are
synthesized to provide a comprehensive overview.

In this work, we took advantage PRISMA (Preferred
Reporting Items for Systematic reviews and Meta-Analyses)
methodology [24], [25]. PRISMA provides a framework for
the conduct of systematic reviews and future analyses in
the field of research. It ensures transparency, reproducibility
and decrease of bias in the review process and including
an organized and complete approach to the organisation and
presenting of systematic reviews.

C. DATA COLLECTION AND PROCESSING
We checked published English-language articles or materials
that are available on the web through noticeable digital
libraries and databases in the field of computer science.
They include ACM Digital Library, IEEE Xplore, Scopus,
ScienceDirect, SpringerLink, and CNKI. In addition to them,
Google Scholar was used to supplement the search to
minimise the risk of exclusion.

The following search keywords (Boolean logic) were
entered into the six databases: (‘‘computer vision’’ OR
‘‘artificial intelligence’’ OR ‘‘machine learning’’ OR ‘‘deep
learning’’) AND (‘‘archaeological ceramic’’ OR ‘‘ancient
ceramic’’ OR ‘‘porcelain’’) AND (‘‘identification’’ OR
‘‘classification’’ OR ‘‘recognition’’). The search options were
title, abstract and keywords for the Scopus database.

We included any conference or journal paper concerning
computer vision and machine learning for the identification
of archaeological ceramics that have been published during
the last ten years (i.e., between 2013 and 2023). To ensure
both quality and accuracy, only peer-reviewed journal articles
for which the full text is available have been included. The
other inclusion and exclusion criteria are listed in Table 1.
It is important to notice that ML algorithms and general
computer vision approaches must be employed to identify or
classify archaeological ceramics and not for other tasks such
as reconstruction or restoration. Moreover, we are interested
in finding research articles and not other literature reviews.

TABLE 1. Inclusion and exclusion criteria.

The papers were searched by following four steps:
i) collection, ii) screening, iii) eligibility, and iv) information
extraction. A summary of the papers selected and excluded
at each step of the PRISMA review process is reported in
Figure 1. Firstly, we collected all the papers that corresponded
to the search criteria. Secondly, the dataset with the most
results was Google Scholar with 997 papers. The duplicated
records removed (i.e., 56 papers) were found in Scopus, ACM
Digital Library, IEEEExplore, ScienceDirect, Springer Link,
and CNKI, and were also found on Google Scholar. From the
remaining 1814 papers, we excluded the following ones:

• 1032 papers because: i) the language of the paper is not
English, and ii) the title indicates that the paper is not
focused on the identification of archaeological ceramics
using computer vision techniques.

• 721 papers because at the abstract level, they were
not focused on archaeological ceramics but modern
ceramics.

• 18 papers because they were not focused on identifica-
tion and classification but on other different tasks.

• 10 papers because they were not focused on images of
archaeological ceramics.

Finally, thirty-three papers meeting the standard were
eventually retained (listed in Table 11 in Appendix), labelled
ID1-ID33 sequentially.

D. CRITICAL ASSESSMENT
Besides the selection process described in the
Subsection III-C, an assessment of the quality criteria was
also performed. The results are presented in Table 2, which
has one column for each research question (RQ1, RQ2,
and RQ3) and as many rows as articles. For each article
resulting from the selection process, we assessed whether
they included an answer to the different research questions
(number 1 in the table), or not (number 0 in the table).

Regarding the RQ1, which focuses on the dataset, most of
the papers well described the data details of the study, while
three studies, namely ID5 [26], ID10 [27], and ID17 [28] did
not provide adequate information. With regard to the RQ2,
out of thirty-three papers, only ID13 [29] did not evidently
describe the image processing methods used. Regarding the
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FIGURE 1. Literature selection process following the PRISMA methodology.

RQ3, five studies lacked a clear description of the ML
algorithm for the identification of ceramics. In conclusion,
twenty-six studies provide enough information to answer all
the research questions while the minority of studies (i.e.,
five ones) obtain a score of two out of three, and two
studies ID10 [27] and ID17 [28] obtain a score of one out of
three.

E. EXTRACTION OF RELEVANT FIELDS
Finally, the last step of our methodology is to elicit and
summarize relevant information from the selected articles.
This was done manually by reading the full texts of
the selected articles. The elicited information includes the
answers to the research questions of the article. The complete

list of fields elicited from the articles is provided in Table 3.
Three fields that were manually compiled in response to the
different research questions.

IV. FINDINGS AND DISCUSSION
This Section presents an initial quantitative analysis regard-
ing the retrieved papers and then the answers to the three
research questions are discussed in isolation, in the following
subsections.

A. QUANTITATIVE ANALYSIS
In this Section, we provide a quantitative analysis of various
attributes of the retrieved papers, including the countries of
origin of the datasets used in these studies.

100170 VOLUME 12, 2024



Z. Ling et al.: Findings on Machine Learning for Identification of Archaeological Ceramics

TABLE 2. Critical assessment results of the reviewed studies.

TABLE 3. Information extracted from the papers included in the
systematic literature review.

As mentioned before, the research process retrieved
thirty-three relevant studies. These studies employed datasets
from twelve different countries across five continents. Table 4
shows the distribution of datasets used in these studies,
classified by the country in which the datasets were collected.
The country presenting the most datasets was China (n= 16),

TABLE 4. Number of datasets from each article per country.

TABLE 5. Information about the Journals.

followed by the United States of America (USA) (n= 5), and
two datasets from France and Greece respectively.

Of the thirty-three papers, ten of them were published in
proceedings of computer sciences conferences. The others
were all published in journals. Table 5 lists the different jour-
nals and their publishers. In contrast to the conference papers,
the journals that published such articles are not exclusively
computer science journals but range from archaeology to
cultural heritage computing.

B. DATASETS FOR ARCHAEOLOGICAL CERAMICS
IDENTIFICATION
This Section answers the first research question RQ1,
‘‘Which are the main datasets employed in the identification
of archaeological ceramics?’’. The answer includes six main
aspects of the selected dataset: ceramic type (porcelain and
pottery), country, period, pattern or type, sample count, and
data source. Table 6 presents the dataset employed in each
paper. As expected, the mass of them (30 out of 33 ones, that
is 90.9%) clearly designated the dataset used. For the other
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three papers (9.0%), ID5, ID10, and ID17, the label ‘‘N/A’’ is
used, since theyweremainly focused on the image processing
methods [26], [27].

As already anticipated, in the field of archaeology,
ceramics include pottery, majolica, faience, terracotta, stone
mass, and porcelain [2]. In the selected studies, the datasets
mainly contain two categories, pottery and porcelain, which
are distinguished in Table 6 by the labels ‘‘Pottery’’ and
‘‘Porcelain’’. If the type of ceramic is not specified, we used
the label ‘‘Ceramic’’. For the other characteristics (Period,
Pattern Types, Sample Count, Data Source), they are set to
N/A if in the original paper such information is not specified.
More detailed information about the dataset is listed in
Table 12 in the Appendix V.

1) TYPE, COUNTRY, AND PERIOD OF CERAMICS
These datasets mainly contain two different categories of
ceramics, porcelain and pottery. They cover a wide range
of periods (from the Neolithic period to the early 19th
century). The datasets belong to 12 countries, including the
United States of America, China, France, Greece, Egypt,
Honduras, Italy, Japan, Korea, New Zealand, South Africa,
and Thailand.

Porcelain is a special type of ceramic, that originated
in China during the Tang dynasty (ca.1332 to 1043 aBP)
[2]. Among thirty papers, sixteen papers selected Chinese
porcelains as the dataset, ranging from Tang to Song
(ca.990 to 671 aBP), Yuan (ca.679 to 582 aBP), Ming
(ca.582 to 306 aBP), and Qing (ca.306 to 38 aBP) dynasty.
Figure 4 shows the distribution of dynasties in the porcelain
datasets. Two papers focused on only one dynasty for the
identification of porcelains. ID1 [30] classified the porcelains
from the Yaozhou kiln of the Song dynasty while ID21 [45]
identified the washer-type porcelains from the Ming dynasty.
Meanwhile, seven papers discussed two or more dynasties
for the identification of porcelains. ID3 [32] discussed the
porcelain ewers from the Tang, Song, and Yuan dynasties,
Figure 2 shows the samples of dataset in ID3. ID4 [33]
classified porcelains with four different patterns from Ming
and Qing dynasties, ID8 [36] identified porcelain shards
from Yuan, Ming, and Qing dynasties, Figure 3 shows the
samples of dataset of ID8, and ID11 [38] classified two
types of porcelain vases from Ming and Qing dynasties.
Moreover, ID13 [29] identified different types of porcelain
from Song, Yuan, Ming, and Qing dynasties, ID20 [44]
classified porcelains with Banana leaf patterns from Yuan,
Ming, and Qing dynasties, and ID28 discussed porcelain jars
from Tang, Song, Yuan, and Ming dynasties.

Different dynasties have different styles, and of course, the
style of the porcelain depends on the kiln, so the shape of
the porcelain, the colour, and its pattern will have different
characteristics depending on the style. The Ming dynasty is
the most studied dynasty with seven papers focused on it. The
reasons are two-fold. Firstly, such a dynasty has the largest
number of preserved porcelain samples, and, secondly, it is
the second flourishing period in the development of Chinese

FIGURE 2. Samples of typical chinese porcelain ewers in ID3 [32].

FIGURE 3. Samples of archaeological porcelain pieces in ID8 [36].

porcelain, which is valuable for research. Meanwhile, the
Tang, Song, and Yuan dynasties had not been studied as
much in comparison, which also provides a direction for
future research, it can be expanded by focusing on the three
less studied dynasties to broaden the scope of research.
In addition, almost all of the selected papers focus on only
one feature of porcelain, such as different types of porcelain
from the same dynasty [38], or different patterns of porcelain
from the same dynasty [34], or the study of the same
type of porcelain from different dynasties [32]. No research
integrates these features, such as different types of porcelain
from different dynasties with different patterns, to expand
the depth of the study of porcelain, which is also one of the
directions that can be researched in the future.

Pottery is another type of ceramics, eleven papers indicate
that their chosen datasets were potteries, from Japan, Italy, the
United States of America, Honduras, France, Egypt, South
Africa, and Greece, ranging from the Early Neolithic period
(ca. 7850 to 7450 aBP) to the early 19th century (ca. 175 to
125 aBP). Although from different countries, each paper
selected only pottery samples from a single period to be
studied and classified. One case is under the same period
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TABLE 6. Dataset of the reviewed studies.

for pottery with different patterns, such as ID19 [43], which
investigated potteries with coiling and spiral patchwork, ID14
[40] that focused on TWW pottery sherds with decorative
patterns, Figure 5 shows the samples of dataset in ID14. The

other case regards the same period but focuses on different
types of pottery, such as ID9 [37] where the authors classified
potteries of different vessel profiles. At the same time, most
of the datasets are focused on pottery sherds, which is one
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FIGURE 4. Distribution of the dynasties in the porcelain datasets.

FIGURE 5. Samples of TWW sherds in ID14 [40].

of the dilemmas faced by archaeological pottery. The manual
classification of a large number of sherds is a time-consuming
activity [7]. Hence, the main objective of the researchers is
to reduce the time of pottery classification and improve the
consistency of results.

The remaining six papers, which do not specify the type
of ceramics, from Thailand, Korea, New Zealand, and the
United States of America and do not specify the period of the
dataset, but focus mainly on ceramic patterns, such as ID12
[39], that classified ceramics with seven types of patterns
from Sukhothai kiln, Figure 6 shows the samples of dataset
in ID12.

2) DATA SOURCE AND SAMPLE COUNT OF CERAMIC
The size of the dataset ranges from tens of samples to
thousands of samples, depending on the preservation of the
ceramics. For example, in ID2 [31], the number of samples
preserved from this period was insufficient and therefore

FIGURE 6. Samples of CMC sukhothai ceramics dataset in ID12 [39].

the labelled data was insufficient, and self-built experimental
data had to be used for the study. ID20 [44] has a similar
situation with a limited number of available porcelain with
banana leaf patterns. Therefore, the dataset size was only
230 samples. Having larger datasets enables the use of
powerful algorithms, such as deep learning models, which
typically yield superior results. The richness and volume of
data allow these algorithms to learn more complex patterns
and representations, thereby improving their accuracy and
generalization capabilities.

As shown in Table 6 (column Data Source), the majority
of the data were collected from the museum collection,
which includes both images photographed in the museum
and images downloaded from the museum’s website, as well
as datasets obtained from archaeological excavation sites.
Additionally, a small number of datasets were obtained
through web crawling (ID4, ID7 and ID16). The diverse
methods of data collection ensure a broad and varied dataset,
enriching the training material for the models. However, the
quality of these datasets, as well as the trustworthiness of the
labels of the images, is crucial. For instance, images obtained
from official museum sources are likely to have accurate and
reliable labels due to the expertise and meticulous documen-
tation practices of museum professionals. Conversely, images
from non-official museum websites or those collected via
web crawling might have less reliable labels. This variability
in label accuracy can significantly impact the training of
machine learning models. Accurate labels are essential for
the models to learn correctly, as they guide the algorithms in
understanding and categorizing the images. Inaccurate labels
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can lead to incorrect learning, reducing the effectiveness
and accuracy of the trained models. Therefore, ensuring
the reliability of the labels, especially in self-built datasets,
is vital for developing robust and effective machine learning
models.

3) DATA SCARCITY AND FUTURE DIRECTIONS
While ML algorithms have emerged as a promising tool
for archaeologists, offering the potential to streamline the
identification of archaeological ceramics, they still have
to face a significant hurdle, data scarcity. In fact, to be
truly effective, machine learning algorithms require a robust
dataset of well-documented ceramic artefacts. This data
should include detailed information on the origin, type,
composition, and visual characteristics of each ceramic piece.
Unfortunately, such comprehensive datasets are often scarce
in archaeology.

Several factors contribute to data scarcity. On the one hand,
archaeological excavations are often resource-intensive, and
not all recovered ceramics receive in-depth analysis due
to time and budget constraints. However, even if museums
possess this data, several challenges remain. In fact, this
information often exists in data silos, not readily transformed
into usable datasets for training ML algorithms. Cataloguing
and documenting ceramics can be a time-consuming and
resource-intensive process. Many museums lack the staff or
funding to create comprehensive, digital datasets for their
entire collections. Finally, even if museums have digitized
data, they might not readily share it for free due to concerns
about ownership and potential commercial use.

To partially address this challenge, there are several
initiatives to establish standardized recording practices for
archaeological ceramics, with the aim of building and sharing
open-access databases of ceramic data. Finally, the recent
advancements in multimodal Large Language Models able
to generate images from text inputs could be exploited
to generate synthetic data to augment the size of the
datasets [57].

C. IMAGE PROCESSING FOR ARCHAEOLOGICAL
CERAMICS IDENTIFICATION
This Section aims to answer the second research question
RQ2, ‘‘What are the findings about the image processing
of archaeological ceramics for its identification?’’. Image
processing is the process of transforming an image into a
digital form and performing certain operations to get some
useful information from it [58]. It encompasses a variety of
techniques applied to digital images, typically in a sequential
order, such as image enhancement, image segmentation,
and feature extraction. Table 7 reports on image processing
methods of the reviewed studies. Among all the thirty-three
papers reviewed, thirty-two (97%) of them employed image
processing methods for tasks such as feature extraction [30]
and image segmentation [34] of archaeological ceramics.
The remaining paper, ID33 [55], did not provide specific
information on any image processing method.

1) OVERVIEW OF IMAGE PROCESSING METHODS
Image processing is crucial in the classification of ancient
ceramic images and in the reviewed studies, including three
main image processing approaches: feature extraction, image
segmentation, and image enhancement.

Regarding feature extraction, an image feature is a
primitive attribute of an image. Some features are natural
and they are defined by the visual appearance of an image,
while others are artificial features that result from specific
manipulations of an image. Natural features include the
luminance of a region of pixels and gray-scale textural
regions [59]. Image amplitude histograms and spatial fre-
quency spectra are examples of artificial features. Image
features are important in the isolation of regions of common
property within an image (image segmentation) and the
subsequent identification or labelling of such regions (image
classification).

Segmentation of an image involves dividing or separating
the image into regions with similar attributes. The most basic
attribute for segmentation is image luminance amplitude for
a monochrome image and colour components for a colour
image. Image edges and texture are also useful attributes for
segmentation [60].
Image enhancement is a collection of techniques designed

to improve the visual appearance of an image. For example,
an image enhancement system might use high-frequency
filtering to emphasize the edges of objects in an image [59].
In this application, the image enhancement processor would
emphasize salient features of the original image and simplify
the processing task of data extraction.

2) FOCUS ON FEATURE EXTRACTION, IMAGE
SEGMENTATION, AND IMAGE ENHANCEMENT
Depending on the objectives of the papers, different image
processing methods are used. Primarily, they regard feature
extraction, image segmentation, image pre-processing, image
enhancement, colour space transformation, and image regis-
tration. Figure 7 shows the frequency of image processing
tasks in the reviewed literature. In some studies, there is not
a single task, but a combination of them.

Thirty papers (93.7%) employed a feature extraction
method, highlighting the central role of feature extraction
in machine learning applications [30]. Different studies took
advantage of several feature extraction methods accord-
ing to different ceramic types (pottery and porcelain).
Figure 8 shows the distribution of feature extraction methods
in reviewed papers. These methods include traditional
approaches, such as GVF and LBP to measure the counter
of porcelains (ID3 [32]), GLCM to extract texture features,
and HSV to extract color features (ID7 [35]), Tamura
texture feature (ID21 [45]). In addition to traditional feature
extraction methods, there are shallow ML-based methods.
ID27 [51] applied Kernel mean shift clustering to extract
features (color, texture, and shape) of porcelain images. Both
ID30 [14] and ID31 [54] used BoVW to extract features
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TABLE 7. Image processing of the reviewed studies.
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FIGURE 7. Frequency of image processing tasks in reviewed literature.

FIGURE 8. Distribution of feature extraction methods in reviewed papers.

from pottery images. Finally, thirteen papers employed deep
neural networks for feature extraction including VAE model
[37] and CNN model such as ResNet [36], AlexNet [39],
VGG16 [42]), etc. From Figure 8, it can be seen that the CNN
model for feature extraction is the most used method since
DL has proven to be effective in feature extraction [30] and
CNN represents the state-of-the-art in many image-related
tasks [61].

Ten papers employed image segmentation techniques.
Figure 9 shows the distribution of such methods. ID1 [30]
used Otsu’s method for image segmentation of porcelains,
ID3 [32] applied SLIC-Ncut algorithm to segment porcelain
ewers. Finally, ID6 [34] used four CNN models to segment
porcelain patterns while ID15 [41] employed Mask R-CNN
for ceramics segmentation.

Finally, three papers employed image enhancement tech-
niques. ID8 [36] used FCutMix which is an image enhance-
ment method based on DL, ID12 [39] and ID18 [7] used
traditional enhancement methods including random rotation,
horizontal and vertical flipping. Two papers indicated image
registration such as Chamfer matching algorithm [46] and

FIGURE 9. Distribution of image segmentation methods in reviewed
papers.

template matching algorithm [48] for matching the pottery
sherds or patterns. The other two papers (ID26 [50] and ID29
[53]) discussed color space transformation to convert RGB
color format to HSV color format.

3) EVOLVING LANDSCAPE OF IMAGE PROCESSING
METHODS
The previous Subsection highlighted that CNNs are the
most used algorithms for both feature extraction and image
segmentation. Figure 10 shows the evolving trend in the use
of CNNs for these two tasks. Especcially from 2021, CNNs
became the dominant method for image processing in the
field of archaeological ceramic images.

Such a shift in terms of popularity from traditional
image processing methods (LBP, GLCM, Tamura texture
feature, etc.) and traditionalML-basedmethods (Kernalmean
shift clustering) to DL ones, reflects the same behaviour
that can be observed in other research areas based on
image analysis. In fact, traditional approaches rely on
well-defined features of ceramics, and manual feature design
is considered time-consuming and inflexible. On the other
hand, DL overcome this limitation of handcrafted feature
processing [30].

Although CNN’s feature extraction method improves the
accuracy of extraction, feature extraction of ancient ceramics
still faces some challenges, including the inconsistency
of surface quality and the complexity and diversity of
texture [26]. A promising research direction that could
be exploited regards the use of Transformers for feature
extraction.

In fact, parallel to what is happening in computer
vision [62], Transformers could also be exploited in image
analysis of archaeological ceramics. These models excel at
capturing long-range dependencies within data [63], a crucial
aspect for analyzing complex visual details in ceramics.
Unlike traditional methods that focus on local features, trans-
formers can identify subtle relationships between different
parts of the image, potentially revealing characteristics like
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FIGURE 10. Trend of CNN model methods in feature extraction and image
segmentation.

decorative patterns, specific glazing techniques, or even signs
of wear and tear. This deeper understanding of the image
could lead to a more accurate identification of ceramic
origins, types, and potential historical context. Furthermore,
transformers can be trained on diverse datasets encompassing
a wide range of ceramics, potentially overcoming limitations
caused by data scarcity in this field.

D. ML ALGORITHMS FOR THE IDENTIFICATION OF
ARCHAEOLOGICAL CERAMICS
This Section answers the third and final research question
RQ3, ‘‘What are the main ML algorithms used in the
identification of archaeological ceramics?’’. The algorithms
employed for the identification of archaeological ceram-
ics mainly consist of classification and object detection
algorithms [64]. Table 8 reports on the various ML
algorithms employed. Among thirty-three papers, twenty-
eight (84.8 %) of them use ML algorithms. Among
these twenty-eight papers employing ML algorithms, seven-
teen of them (60.7%) used DL algorithms to identify
archaeological ceramics, using various CNN architectures:
VGG16, ResNet50, DenseNet121, InceptionV3, GoogLeNet,
and AlexNet [38], [40], [42], [43]. The papers employing
traditionalML algorithms to classify archaeological ceramics
took advantage of SVM, KNN, and SOM [49], [50], [53].
The remaining ones (15.1%), instead, are primarily

focused on datasets and image processing methods of the
archaeological ceramics and did not conduct experiments for
the classification or identification of archaeological ceramics.

1) APPLICATION OF ML ALGORITHMS IN ARCHAEOLOGICAL
CERAMIC IMAGES
Figure 11 shows the distribution of applications based on
ML/DL algorithms in reviewed papers. Among twenty-eight
papers, twenty-five of them applied ML/DL algorithms to
image classification, three of them focused solely on image
segmentation, and two of them discussed image processing
and object detection respectively. It is worth noting that

FIGURE 11. Distribution of applications in reviewed papers.

some papers have more than one application, but combine
image segmentation with another application. Anyway, these
distributions highlight that the problem of archaeological
ceramic identification is often modelled and tackled as a
classification one.

Fourteen studies employed a DL algorithm, such as
VAE [37] and CNN like VGG [31], ResNet [33], Efficient-
Net [31],MobileNet [33], GoogleNet [39], etc., while thirteen
studies took advantage of an ML algorithm, including [53],
SVM [49], SOM [50], KNN [53], etc.

Although there is a similar amount of reviewed literature
based on ML and DL, they were used in different periods.
Figure 12 shows the tendency of ML/DL algorithms for
image classification. There’s a notable increase in the use
of DL algorithms starting around 2022, as indicated by
the sharp upward line, while ML algorithms trend line
shows fluctuations over the years, with peaks and troughs,
indicating variable usage or effectiveness during that period.
It is interesting to notice that after 2021, ML algorithms
are mainly used as baseline models for comparison. Hence,
we can conclude that DL algorithms for the classification of
archaeological ceramic images have been the dominant trend
in the last three years.

Finally, the only paper about object detection is also based
on the DL algorithm. It combines object detection with image
segmentation, proposing a new tool to allow users to analyze
the visual elements of ceramics using their smartphones and
devised a method to extract representative colors of ceramics
for object detection.

2) PERFORMANCE EVALUATION
The performance evaluation of algorithms for image classifi-
cation, image segmentation, and object detection is mainly
based on evaluation metrics including accuracy, precision,
recall, and F1 score [41].

With regard to image classification, the papers based on
CNNs architectures perform differently on various datasets.
In the reviewed literature, the performance evaluation of the
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TABLE 8. ML algorithms of the reviewed studies.
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FIGURE 12. Tendency of ML/DL algorithms on image classification.

TABLE 9. Accuracy of DL algorithms on image classification.

models is mainly based on accuracy. Table 9 reports the
accuracy of DL algorithms in the classification of ancient
ceramics. It can be seen that the classification accuracy is
more than 70% in both pottery and porcelain, and the accu-
racy of ID1, ID4, ID11, ID18, and ID19 even exceeds 90%.

TABLE 10. Accuracy of ML algorithms on image classification.

The achieved results are in line with the state-of-the-art image
classification using deep learning algorithms.

Table 10 reports the accuracy of ML algorithms in image
classification. Seven papers employed SVM and achieved
accuracy higher than 70%. In ID13 and ID19, ML and DL
algorithms were applied separately to image classification
to compare the results. They showed that the accuracy of
DL algorithms was higher than the on achieved by ML
algorithms. Although SVM has achieved good classification
results as an ML algorithm, for example on pottery shards,
its performance was still inferior to that of the DL algorithm
on the same dataset [43]. Therefore, the choice of the
DL algorithm as an image classification of archaeological
ceramics appears to be a natural choice.

E. LIMITATIONS OF THIS REVIEW
To address the traditional limitations of systematic reviews,
we followed the PRISMA methodology in this work.
However, this approach still presents several limitations.
Firstly, the review process was highly selective, focusing
only on scientific articles published in journals or conference
proceedings from reputable databases to ensure high-quality
content. Secondly, the study of citations or reference analysis
was deliberately excluded in order to keep the paper more
concise and focused. However, future research efforts aimed
at a more comprehensive overview could expand the range
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TABLE 11. Details of the reviewed studies.

of review sources and employ knowledge graphs to visually
describe developing tendencies and research hot spots in the
application of machine learning algorithms to archaeological
ceramics identification in a more sophisticated way. Thirdly,
this literature also had unaddressed research areas, first was
integration with other technologies, the potential integration
of DL algorithms with other technologies such as 3D
scanning and VR for more comprehensive analysis of archae-
ological ceramics, second was cross-cultural comparative
studies, investigating how DL algorithms can be used to
the identification of archaeological ceramics across different
cultures and historical periods more effectively. Finally, since
this research began at the beginning of 2024, it includes
reviewed studies that have been published during the last
ten years (i.e., between 2013 and 2023). The limitation of
this timeframe indicates that future works could combine
studies from 2024 and subsequent years, which will have
the potential to provide deeper insights and more varied
applications for the review of archaeological ceramics.

V. CONCLUSION
The purpose of this paper is to examine the trends of machine
learning in the identification of archaeological ceramics.
Specifically, it focuses on the application of ML and DL

algorithms between 2013 and 2023, on several types of
ceramic (pottery and porcelain). It investigates several aspects
such as the available datasets, the image processing methods,
and ML or DL algorithms.

In terms of the application of ML algorithms to the
image classification of ceramic images, papers from 2013 to
2020 tend to use traditional ML algorithms such as SVM
and KNN. However, there is a general shift towards the
use of DL based on CNN models for classification in
papers from 2020 to 2023. In fact, based on the con-
clusions drawn from these papers, DL algorithms have
made significant breakthroughs in many tasks due to their
powerful automatic feature extraction capabilities. Among
CNNmodels, VGG16, MobileNet and ResNet have achieved
good performance on archaeological ceramic images and
higher accuracy compared to traditional ML algorithms such
as SVM and KNN. This indicates that DL algorithms such
as CNN models will be the main trend in the future for
archaeological ceramic classification applications.

Various studies demonstrated the technical potential of
DL for the identification of archaeological ceramics. The
manual classification of a large number of pottery sherds
is a time-consuming activity and empirical identification
methods of porcelains often lack objective constraints. The
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TABLE 12. Dataset details of the reviewed studies.
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image classification based on DL provides support for the
classification of archaeological ceramics. This review and its
conclusions should be seen as a first step in the analysis of
machine learning for ceramic identification in the sector.

Overall, the use of machine learning algorithms in
archaeological ceramics classification complements tradi-
tional methods by offering efficiency, accuracy, and new
avenues for data analysis and interpretation. By combining
the strengths of both approaches, researchers can gain deeper
insights into past civilizations and cultural practices. The
efficiency of these algorithms can speed up the classification
process allowing archaeologists to analyze larger datasets and
automate repetitive tasks, such as sorting and categorizing
artifacts based on specific attributes. This automation frees
up archaeologists’ time to focus on higher-level analysis
and interpretation. Moreover, machine learning algorithms
can uncover hidden relationships or correlations within
ceramic datasets that may not be apparent through traditional
methods. By analyzing these insights, archaeologists can gain
a deeper understanding of cultural practices, trade networks,
and historical contexts.

ABBREVIATIONS
AI: Artificial Intelligence.
BoVW: Bag of Visual Words.
CNN: Convolutional Neural Network.
DANet: Dual Attention Network.
DL: Deep Learning.
FCN: Fully Convolutional Network.
FFCNet: Feature Fusion Convolutional Network.
GLCM: Gray Level Co-occurrence Matrix.
GVF: Gradient Vector Flow Field.
HOG: Histogram of Oriented Gradient.
HRNet: High-Resolution Network.
HSI: Hue, Saturation, Intensity.
HSV: Hue, Saturation, Value.
KNN: K Nearest Neighbor.
LBP: Local Binary Patterns.
ML: Machine Learning.
PCA: Principal Component Analysis.
PSPNet: Pyramid Scene Parsing Network.
PRISMA: Preferred Reporting Items for Systematic

Reviews and Meta-Analyse.
ResNet: Residual Neural Network.
RGB: Red, Green, and Blue.
RPN: Region Proposal Networks.
SOM: Self-Organizing Map.
SSD: Single Shot Detection.
SVM: Support Vector Machine.
TWW: Tusayan White Ware.
VAE: Variational Autoencoder.
VGG: Visual Geometry Group.
VR: Virtual Reality.
Wndchrm: Compound hierarchy of algorithms repre-

senting morphology.
YOLO: You Only Look Once.

APPENDIX
See Tables 11 and 12.
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