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Abstract

This study conducts a comprehensive bibliometric review to map out how Atrtificial Intelli-
gence (Al) has evolved in relation to preserving cultural heritage. The study analysed 341
publications from Scopus/Web of Science (2005-2024) using VOSviewer software; this study
used performance analysis and science mapping (co-citation, co-authorship, and keyword
co-occurrence) according to PRISMA guidelines. There have been three separate stages of
growth: emergence (2005-2010), consolidation (2011-2017), and acceleration (2018-2024).
The first two phases provided the basis for the integration of ecological modeling and immer-
sive technology with today’s Al-based technology. Through thematic analysis, the following
areas of research have emerged: Computer Vision/3D Reconstruction, Deep Learning/Sensor
fusion, and Hyperspectral Material Analysis. Thus, emerging keywords (“physics-informed
machine learning,” “transfer learning”) suggest that there are also domain-specific Al inte-
grations and cross-site generalisation. This review measures how the field has evolved over
time as well as its network of collaborative researchers and changing concepts, with emphasis
on how methods normally developed in one field are being transferred between fields (i.e.,
from ecology). The study includes recommendations for future research based on collected
data, including scalable Al frameworks and ethical guidelines that contribute to advancing
the Sustainable Development Goals (SDGs) with emphasis on Goal 11.4 - to protect cultural
heritage, as well as Goal 4.7 - to promote awareness of cultural heritage through education.

Keywords: Artificial intelligence, Cultural heritage preservation, Bibliometric review,
Physics-informed machine learning, Sustainable development goals, Transfer learning.

1. INTRODUCTION

Al approaches for documenting, analysing, and conserving cultural heritage properties over 20
years from 2005 are growing rapidly. The initial use of these Al methods was concentrated on
using immersive technologies, principally serious games, to engage the public with cultural heritage
information (using services such as real-time graphics, virtual and augmented reality, and also
basic forms of Al interaction) [1]. This evolved into, supervised and unsupervised methods of
learning used for the detection of structural defects on historic monuments via automated estimation
(fashioned from the use of temporal fusion transformers) for the detection of anomalies during a
long-term vibration monitoring campaign [2, 3]. This development illustrates a change in focus
of these applications from purely being based on visualisation (or from purely visualisation-based
applications) to being based on data. Therefore, assisting with informing the implementation of
preventive conservation strategies.

Despite the growing body of application-oriented studies, comprehensive bibliometric analyses that
map the intellectual structure and emerging trends of Al research in cultural heritage preservation
remain lacking. Though narrative reviews have given an overview of the best-known techniques
in terms of visual inspection and structural health monitoring [4], they have not provided any
quantification either of the changes in time, networks of collaboration, or networks of thematic
clustering. Furthermore, no prior research has systematically created a picture of how specific ideas,
such as that of using Convolutional Neural Networks (CNNs) for crack detection, using physics-
informed machine learning to fuse sensors, and using tensor-based methods to classify hyperspectral
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data, have developed and spread through multiple fields. As such, this study conducts an extensive
and systematic review of existing global research in Al applied to preserving cultural heritage. Thus,
providing a thorough overview of trends and status of Al applied to cultural heritage preservation
for use by researchers and others involved in researching these subjects. To accomplish this, the
research pursued the stated research objectives through bibliometric analysis to: (i) analyse patterns
of publication and citation over the prior 20 years and determine which authors, institutions, and
journals produced the most publications and citations, (ii) identify areas of collaborative work and
key publications by mapping co-authorship and citation networks, (iii) find key areas of focus within
the overall field of Al by performing a keyword co-occurrence study to determine dominant subject
areas, and (iv) track the historical development of research frontiers and give recommendations for
pursuing cross-disciplinary projects down the road. In tackling these issues, this study provides a
unique, empirical report for both scholars and stakeholders regarding the continuing effects of Al
on the conservation of cultural heritage.

The results of this research will add to the current body of knowledge by demonstrating the existence
of commonalities in the way cultural heritage has been preserved, revealing the themes and topics
associated with these efforts. The study will create a visual representation of the key authors
and their geographical areas of interest within the realm of Al in cultural heritage preservation,
and provide insight into directions for future research. The information provided will assist both
people and organisations interested in doing research into preserving cultural heritage through Al
technologies. In addition, this research reinforces the global sustainability agenda through two
Sustainable Development Goals (SDGs): 11.4, which promotes the protection of cultural and natural
resources, and 17.6, which encourages collaboration and sharing of ideas for conservation efforts.
Research will benefit from enhanced access to the top global Al researchers in the area of cultural
heritage preservation, as well as direction for selecting the most appropriate journals for publishing
research. This paper contains six more sections: an overview of literature relevant to the study and
the theoretical basis for it, methodology used in conducting the research; trends identified in the
data collected and how they were mapped out; implications of the research findings for both theory
and practice; limitations of the research and future research directions; and conclusions from the
study.

2. LITERATURE REVIEW AND THEORETICAL BACKGROUND

2.1 Overview of Al in Cultural Heritage Preservation

Al plays an important role in preserving cultural heritage via multiple uses including documen-
tation; analysing; and helping develop preventative measures to preserve heritage. Many early
projects in digital heritage initially involved building virtual reconstructions and creating interactive
experiences via Al-based algorithms, which were used primarily to enhance content delivery and
user engagement [5]. Al advancements in specific disciplines, such as the EuroMed Conference
on Cultural Heritage, have helped accelerate interdisciplinary domain-building by demonstrating,
through conference proceedings, the use of machine learning (ML) for real-time mapping of dete-
riorated areas in sites deemed World Heritage [6]. Foundational works in this field (for instance
Elith et al (2006). [7]) have predominantly focused on ecology and need to be critically modified to
address issues germane to the heritage-specific aspects of heritage materiality, such as the diversity
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of materials present. Also, recent developments have used a combination of computer vision and
ML to accurately reconstruct and segment the 3D form of stone facades using point cloud data. For
example, some SVD-based approaches are able to automatically “stone-by-stone” segment with a
high degree of accuracy and, thus, require very little manual post-processing as a result [8]. By
using hyperspectral imaging in conjunction with deep convolutional neural networks (DCNNs),
it is possible to identify the underlying composition of materials that may be hiding underneath
the surface layers non-destructively, thus providing a method to conduct pigment analysis and
create stratigraphical maps without the need for physical sampling [9]. The predictive mainte-
nance frameworks utilise the application of temporal-fusion transformers on long-term vibration
and crack monitoring data to provide an opportunity for anomaly detection and risk assessment
prior to structural failure as indicated in [10, 11]. They also provide Al-enhanced methods for
rapidly completing surveys while generating abundant amounts of quantitative data that will assist
with setting conservation priorities and resource allocation.

2.2 Theoretical Frameworks and Concepts

The theoretical foundations of applying Artificial Intelligence (Al) to the field of heritage conser-
vation come from both computational paradigms (the use of computers) and heritage paradigms
(the study of heritage). The types of supervised learning algorithms commonly used in Al to help
detect structural defects such as cracks include CNN that use annotated training sets to help build the
feature hierarchy for identifying structural defects [12, 13]. Applying a combination of unsupervised
and semi-supervised learning (such as clustering of spectral signatures) enables the identification of
latent relationships within large sets of historical data without exhaustively labeling all records [14].
The Physics-Informed Machine Learning (PIML) framework incorporates domain-specific conser-
vation science with data-driven models by including conservation-relevant constraints (for example,
degradation laws) to increase predictive accuracy in sensor-fusion contexts. With regard to studies
on when it is appropriate to apply socio-technical systems theory (STS) to Artificial Intelligence
(AI), the STS theory treats Al tools as one component of a wider ecosystem of conservation ecol-
ogy; where technologies, other stakeholders and institutional practices co-evolve together. Finally,
knowledge mapping concepts derived from bibliometric science, such as co-citation and keyword
co-occurrence analyses provide a methodology for developing intellectual structures and thematic
clusters within the Al to heritage literature [15]. This includes an overarching framework for
understanding the impact of Al on conservation research priorities and collaborative scholarly work,
where cultural heritage is preserved through methods based on Al, supported by an interdisciplinary
theoretical framework. To accomplish this, these theoretical frameworks connect computational
science to the historical and heritage-based study of cultural heritage and provide a means of linking
them together. These theories provide examples of how Al redefines how we document, analyse
and preserve objects and collections as well as how we conduct research collaboration and develop
knowledge infrastructure. There are three primary types of theory that can be utilised in this manner.

2.2.1 Physics-informed machine learning

The paradigm includes using knowledge from experts in the field of conservation science (i.e.,
understanding how material properties degrade over time and knowing structural mechanics) as part
of a data-driven Al algorithm or model. Such algorithms and models could be CNN for detection
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of cracks and unmixing spectra. By incorporating the physical laws associated with the material
degradation that occur as natural processes, the Al algorithms/models would be more effective
than without the physical law constraints when performing predictive tasks, such as sensor fusion
and/or detecting anomalies. The new method is a hybrid, and it supersedes the mono-detailed-based
approaches in that the results correspond with the protection policy [16]. For example, the authors
Falchi et al. (2024) [10], implement temporal fusion transformers to evaluate vibration monitoring
data in conjunction with the stress models of the materials to develop the early evaluation of risks
associated with using that material.

2.2.2 Socio-technical systems (STS) theory

The framework articulates how Al tools are situated within conservation ecologies in which the
use of technology, institutional behaviours, and stakeholders (i.e. conservators, communities, and
policy-makers) has co-evolved. It describes how Al enabled platforms (e.g., augmented reality in
“smart museums”) shape both engagement with and resource allocation to the greater community
but also require collaboration. In addition, the framework supports the assertion that algorithmic
performance and social integration, ethical governance, and institutional readiness are key to the
successful implementation of Al [1, 5]. The study rests most clearly in STS theory given it moves
holistically between technical workflows (e.g., predictive maintenance), human expertise, and in-
stitutional contexts to examine how Al creates new ways of preserving heritage.

2.2.3 Knowledge mapping and bibliometric science

Drawing from the field of scientometrics, the theory here utilises co-citation analysis, keyword
co-occurrence measures and bibliographic coupling of literature to plot intellectual networks and
thematic clusters in Al-heritage research. It positions the proliferation of eminent works (e.g.,
ecological modelling [ 7] through different disciplines to how new concepts (e.g., “transfer learning”)
can coalesce into research fronts [15]. This networked structure allows the systematic tracking of
the evolution of a field, collaboration constellations, and areas of investigation. Similar bibliometric
approaches have been applied to map the evolution of digital cultural heritage research more broadly
[17, 18]. The findings in the bibliometric study showing co-authorship clusters and the utilisation of
Al in stakeholder-driven scenarios align with the socio-technical implications of using Al in heritage
preservation. This theory also positions where both ethical and collaborative arrangements emerge
as significant factors in the maturing of the field.

3. METHODOLOGY

3.1 Bibliometric Analysis Approach

This study utilised a quantitative bibliometric review framework to capture the intellectual space
and emerging trends in the application of Al for cultural heritage that spans the last two decades
(2005-2024). Bibliometric analysis offers a distinct, systematic, and replicative method for drawing
patterns from scientific literature, such as trends in publication, collaboration among authors, co-
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citation structure, and thematic development [19]. This study examines how the review process
can be utilised to find the latest research trends and gaps across different disciplines, including how
applied Al methodology in developing heritage studies can contribute to developing new research
to explore the relationship between heritage and applied Al The research’s methodological steps for
both performance metrics (e.g., publishing trends; the number of publications by author; where there
are many publications from an institution) and science mapping (i.e., co-author networks; keyword
co-occurrence networks; bibliographic coupling) are assessed using VOSviewer software, which
provides graphical plots of collaborator networks and major thematic clusterings for Performance
& Science Map metrics. The PRISMA guidelines for a systematic review were followed and both
the Web of Science (WoS) database and Scopus database were used to find as many sources as
possible (FIGURE 1).

3.2 Data Collection and Processing

Data were obtained from both the Scopus and Web of Science Core Collection databases between the
period of January 2005 and December 2024 and combined two different search terms: 1) Al-related
terms, such as Al, ML or deep learning, and 2) cultural heritage-related terms, such as museums,
monuments, and preservation. A total of 563 documents were retrieved, with 478 from Scopus and
85 from WoS databases.

Table 1: Database extraction parameters with inclusion and exclusion criteria

Parameter  Details Inclusion criteria Exclusion
criteria

Database Scopus and Web of Science -
Keywords  (“artificial intelligence” OR “Al” OR “machine Keywords aligned
learning” OR “deep learning”) AND (“cultural ~ with Al applications

heritage” OR “national heritage” OR for cultural heritage
“preservation” OR “conservation”) AND preservation
“museums” OR “monuments”)
Fields All fields - -
Time frame 2005-2024 Publications from  Publications
2005 onwards before 2005
Language  English only English language Non-English
only publications
Document  All articles - -
Type
Initial search 563 documents (as of 9 May 2025) Scopus (478), WOS -
found (85)
Documents 341 documents Relevant documents Irrelevant
after filters on Al applications in documents
cultural heritage or duplicates
preservation
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Figure 1: PRISMA flow diagram of the identification procedure for the sample papers

Non-English publications were removed because of differences in terms of how terminology is
indexed for each language within the scope of Al, therefore creating inconsistencies in the analysis
of keywords co-occurring together. Future research should incorporate databases in multiple lan-
guages. After excluding non-English publications, documents that fall outside of the date range,
duplicates, and unusable records, 201 publications were removed and another 21 records were
deemed unretrieveable, 341 total publications were, therefore, preserved for this analysis, see TA-
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BLE 1. We only included articles that appeared in peer-reviewed journals, conference proceedings,
and/or reviews that connected Al to cultural heritage areas. The metadata of these articles (title,
abstract, authors, author affiliations, keywords, citation info, references) were exported as both
.csv and .bib files, then cleaned, consolidated, and deduplicated in RStudio and Excel before being
processed with VOSviewer & Biblioshiny. The thorough removal of irrelevant or low-quality
articles was conducted during this filtering process and provided a solid base for the bibliometric
review. The search strategy was intended to identify literature on both how Al processes tangible
heritage and how Al can serve as a method for preserving it. However, we recognise that by
limiting our search to terms pertaining only to tangible heritage preservation, we may have missed
relevant research associated with intangible heritage, archival studies, or specific Al subfields such
as Generative Adversarial Networks (GANSs). As this limitation is to systematic reviews, we believe
the comprehensiveness of the journal coverage in Scopus and WoS limits this potential limitation
and provides a strong backbone to the intellectual framework of the study.

4. RESULTS AND DISCUSSION

4.1 Overview of Publication Trends

The analytic evaluation of documents that are collected for this study suggests that there are three
distinct phases of output for Al-heritage between 2005 and 2024. The classifications are in three
phases; emergence (2005-2010), consolidation (2011-2017), and acceleration (2017-2024). Three
criteria were used for classification; (1) annual publication volume (i.e., annual inflection analysis
was conducted; i.e., inflection year was located at approximately 2011 and 2018); (2) Patterns of
citation accumulation where average citations per document increased steadily after 2011; and (3)
Theme shifts as shown by keyword co- occurrence which showed an increase of ML keywords
beginning in 2011 to 2018 and then rapidly increasing keyword usage of deep learning from 2011
- 2018. First, during the emergence phase (2005—2010), annual publications were sparse, with
seminal works such as Elith et al. (2006) garnering 7,386 citations (388.7 per year) and effectively
laying the groundwork for machine-learning approaches in environmental modelling (TABLE 2).
Second, the consolidation phase (2011-2017) steadily increased as interdisciplinary teams began
applying virtual-reality and serious-games frameworks (Anderson et al., 2010; 294 citations) to
engage broader heritage audiences. Finally, the acceleration phase (2018-2024) witnessed ex-
ponential growth, more than half of all corpus documents were published after 2018, driven by
advances in deep-learning architectures for image segmentation and non-invasive material analysis
(Mishra, 2021; 176 citations) (TABLE 2). This acceleration phase (2018-2024) aligns with SDG 9.b
(Industrial diversity through technology), as hyperspectral CNN applications enable non-invasive
compliance with SDG 11.4. This acceleration phase aligns with SDG 9.b (industrial diversity
through technology), as evidenced by the application of temporal fusion transformers for predictive
maintenance, enabling cost-effective structural health monitoring. The use of Hyperspectral CNN
applications also allows for Non-Invasive compliance towards achieving SDG 11.4 [10]. The two
databases are well balanced, with 478 total records being contributed from Scopus and 85 total
records from Web of Science (Database overall combined had 341 total records after filtering).
Journal Articles were dominant (91%), followed by Conference Proceedings (9%). Citation ac-
cumulation closely tracks publication volume: average citations per paper rose from fewer than 5
in 2006 to over 30 by 2022, indicating the increasing impact and level of interest in the field. In
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addition to looking at this type of data at the level of individual articles, the authors identified the top
authors (most prolific) by: number of articles, total number of citations, and average citations per
year as a way to show which authors are making the biggest impact on the development of thoughts
and ideas within the field.

Table 2: Leading authors with citation impact (2005-2024)

Authors Authors (name/year) Number of Citation Citations/Year
[7] Elith et al. (2006) 7386 388.7
[1] Anderson et al. (2010) 294 19.6
[2] Mishra (2021) 176 44.0
[20] Suetal. (2019) 86 14.3
[21] Pisoni et al. (2021) 86 21.5
[22] Menze et al. (2006) 79 4.2
[23] Diaz-Rodriguez et al. (2022) 76 253
[24] Ortiz & Ortiz (2016) 76 8.4
[25] Mennett et al. (2014) 72 6.5
[26] Wu et al. (2022) 68 22.7
[27] Proietti et al. (2015) 66 6.6
[28] Hatir et al. (2020) 62 12.4
[29] Dal Falco & Vassos (2017) 60 7.5
[30] Malinverni et al. (2019) 58 9.7
[31] Kulkarni et al. (2019) 56 9.3

Table 3: Leading authors by publication output and their citation impact (2005-2024)

Author Number of publications Total citations Average citations per year
Moropoulou A. 8 312 34.7
Doulamis A. 6 287 47.8
Karoglou M. 5 198 28.3
Delegou E. 5 176 25.1
Doulamis N. 4 245 61.3
Mishra M. 4 189 473

4.2 Co-citation Analysis

The clusters created by co-citation mapping identify the body of literature that provided the basis
for the development of Al technologies used for the preservation and enhancement of cultural
heritage. FIGURE 2, shows the current state of the co-authorship network for Al-cultural her-
itage research (2005-2024) and demonstrates the collaborative nature of this research area. The
network demonstrates three main clusters, as well as potentially a fourth cluster: Cluster A - Red
Cluster (Left): related to ecological modelling methodologies, with researchers such as Salakidis
Antonis, Chaspis Anastasia, and Alexadridou Athanasia. The dense internal connections within this
cluster indicate how closely linked the collaborators are to each other even though they began their
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Figure 2: Co-authorship network of Al-cultural heritage research (2005-2024)

work with biodiversity research and eventually applied statistical learning techniques for structural
health monitoring. Cluster B - The core of the second cluster (the green cluster) are immersive
and interactive digital-heritage frameworks. The researchers of this cluster include Moropoulou
Antonia, Karoglou Maria, and Delegou Ekaterini. This cluster is also connected to the red and blue
clusters by a strong link, with a high co-citation strength between serious games institutes located
at Coventry and Bournemouth. Cluster C - Blue Cluster (Right): This cluster represents research
articles published after 2018 that are concerned with using deep CNNs to detect cracks, and with
hyperspectral images. Researchers in this cluster include Doulamis Anastasios, Doulamis Nikolaos,
and Chrysogonos Nikolaos. The blue cluster has a moderate number of links to each of the other
clusters, but is internally well-connected. Cluster D - Yellow Cluster (All the way to the Right) has
a smaller amount of nodes that are less connected than the other three clusters. Nodes within this
cluster are more loosely connected than they are in any of the other clusters, suggesting that there
are fewer co-authorships between researchers within this cluster. Centrality for Elith et al.(2006)
[7] and Anderson (2010) et al. [1], has a larger distance between them, meaning that they fill the
gap between early statistical methods for explaining data and today’s data analytics based upon deep
learning models. Between 2019 and 2022, citation-link density reaches its highest level, indicating
that cross-referencing in the fields of computer vision and Al and heritage has increased. Further-
more, the co-citation structure shows that while the domains of knowledge are moving toward more
specialised subdomains (like physics-informed models for preventive conservation), they have their
origins in the foundations of traditional supervised learning and ecological modelling. A cluster of
computer vision and 3D reconstruction (Cluster C) is the most visible category of the documentation
of cultural heritage due purely to the inherently visual nature of its documentation. In this cluster,
there is still a high reliance on image-based assessment for Al implementation, as it continues to
be one of the primary means of implementing Al. The high number of co-citation links between
the two clusters of A and C indicate that the original ecological modeling techniques [7] have

10



https://www.oajaiml.com/ | June 2026 Advances in Artificial Intelligence and Machine Learning

been modified effectively to create structural health monitoring models, even with the considerable
disparity between the data sets (ecological vs built heritage). Image-based assessment may prove
to be the easiest way for Al to be used in heritage. However, this demonstrates that there are also
problems regarding technology in terms of fully incorporating other complicated forms of data, such
as, historical data and information obtained through environmental sensors, so that they can be used
to make conservation decisions.

south korea

italy
switzerlandhongkong france 4
@ ' chile i o .
unite@ates " e romania bulgaria
peru greece

1 VOSviewer

g=

Figure 3: Co-authorship citations timeline (2010-2024)
Colour gradient: blue (2010) — red (2024). Emerging clusters (e.g., deep learning)
dominate post-2018.

FIGURE 3, provides an overview of major contributing countries in this domain of study. The
United States, South Korea, Italy, France, Greece, Spain, Serbia, Romania, Bulgaria, Switzerland,
Hong Kong, Peru, and Chile are the most prominent nations identified. The United States and
Italy are especially strong nodes in the network, indicating that these two countries may have made
substantial contributions to this domain either through their volume of research produced or through
their collaboration networks. According to the caption, after 2018, various new cluster groups,
such as the deep learning cluster group, emerged, exhibiting dominance as new cluster groups. The
earlier years of cluster analysis show an increasing number of clusters using cooler colours (e.g.,
blue), whereas subsequent years showed the increasing use of warmer colours (e.g., red) to show that
there were substantial increases in both research activity and collaboration around these new cluster
groups. The clustering of countries such as Italy, South Korea, and France located in the centre
of the network suggest they are influential in these newer fields of research, perhaps progressing
advancement in the use of Al applications such as deep learning in the preservation of cultural

11
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heritage. On the other hand, the countries such as Serbia, Romania, and Bulgaria, which are located
on the edges and/or periphery, may have fewer collaborations or contributions, possibly indicating
forums, or not fully developed research and communities.

Node size = publication volume, edge thickness = collaboration strength. Cluster A (blue): Ecolog-
ical modelling institutions; Cluster B (green): Immersive technology hubs; Cluster C (red): Deep
learning groups.

Regarding the geographical distribution, it is noteworthy that China, despite its substantial overall
investment in Al research, does not appear as a dominant node in the country co-authorship network
(Figure 3). There are multiple reasons as to why China’s representation in this study is insufficient:
(1) a large amount of Chinese Al and heritage research is published in Chinese journals that are not
indexed in Scopus or Web of Science; (2) Chinese work in the area of cultural heritage typically
lays more emphasis on digitizing collections for museum visiting and Smart Tourism applications,
which may not contain terminology that would be reflected in this search; and (3) historically,
the cultural/heritage preservation community has been focused on Europe, with many conservation
organisations, major globally recognised World Heritage Sites and collaboration between many
European nations being focused on the European continent. Consequently, the present analysis
may underrepresent the full extent of Chinese contributions, a limitation that future studies should
address by incorporating regional and multilingual databases.

4.3 Keyword Analysis

FIGURE 4, presents the clusters of keyword analysis. In the centre of the network is the largest
node, “cultural heritage,” in medium green, which implies a consistent and central placement in the
domain and a peak around approximately 2015-2016. Surrounding the central node is a temporal
evolution of emphasis of research focus, divided into distinct periods and themes.

4.3.1 Early Period (2010-2015, Dark Blue to Green Shades)

» Keywords like “museums”, “digital heritage”, and “virtual museum” show up in darker hues
(e.g., dark blue) because they were more prominent in the early 2010s (about 2010-2012),
and they represent early ambitions in digitisation and virtual technologies relative to cultural
heritage.

* “Photogrammetry” and “3D reconstruction”, also in medium to light blue hues, signify even
the early use of 3D technologies to digitise objects and historical sites.

4.3.2 Mid-Period (2015-2020, Green to Light Green Shades):
» The period between 2015 and 2018 saw a marked increase in the usage of commonly un-
derstood terminology (green, closer to the centre node) in reference to “machine learning”

and “Al”. This suggests that researchers engaged in the study of cultural heritage are now
beginning to implement Al technology into their work.

12
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Figure 4: Keyword co-occurrence timeline (2010-2024)

* “Deep learning” (shown in light green), 2018-2020, indicates the adoption of more complex
and advanced Al frameworks.

* Other terms indicated include other social media (light green), and “crowdsourcing” type
approaches, which imply public engagement and contributions with social media.

4.3.3 Recent Period (Post-2020, Yellow to Light Yellow Shades):

* The terms “preventive conservation” and “museum guide” (brightly highlighted in yellow) are
most recently reflected in the years 2022 through 2024 and indicate an evolution from theo-
retical concepts regarding Al towards practical applications; i.e. conservation methodologies
as well as enhancements to improving the museum experience for visitors.

* Classification, also in a yellow shade, points to the use of Al for data categorisation and
analysis in cultural heritage contexts.

The caption emphasises that emerging terms like “physics-informed ML” and “transfer learning”
dominate post-2020. However, this could also mean that these were not popular enough to be shown
at all or may simply be part of a larger number of Terms that will not be visible to users when they
view FIGURE 4. Even though the use of more advanced Al technologies is significant, the emer-
gence of the use of new advanced technologies is readily apparent by looking at the associated terms
of ML and deep learning, both of which provide a foundation for these advanced Al approaches.
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It is logical to assume that the terms physics-informed ML and transfer learning will have similar
usage with the previously discussed Al associated terms within the yellow shaded area and area
of the post 2020 timeline, as both are playing a role in helping define emerging frontiers in the
field of Al technology. Temporal overlay analysis has shown emerging keywords such as “deep
learning” and “sensor fusion” have exceeded instances of historical keywords (e.g., “virtual reality”
and “serious games”) since 2018. The keyword “transfer learning” is used to meet the goals set forth
by Sustainable Development Goal 17.6 (multidisciplinary knowledge sharing) by allowing for the
transfer of models across institutions, which Kulkarni et al. (2019) [31], confirmed, while also
using the keyword “physics-informed machine learning” to help meet SDG 9.b through domain-
based innovation. In the last couple of years, new terms like ‘transfer learning’ and ‘physics-
informed machine learning’ have surfaced to indicate an increase in models that consider prior
information regarding the field and generalise across different sites. The two core clusters do
not contain any terms, for example, ‘digital twin’, ’federated learning’, indicating they are both
early-stage methods with little empirical evidence in heritage applications. This subordinate status
has both a disadvantage and an advantage: current acceptance is low, but the ideas beneath it
represent areas of high potential for scientific discovery and future advancement by supporting the
distributed use of Al in particular ways, including through the use of a single Al service that does not
compromise privacy at distributed heritage locations. Core Al methodologies (e.g., Convolutional
Neural Networks, clustering) have the most Thematic Density (TD). Emerging subjects, such as
federated learning and digital twin frameworks, are found on the network’s border as potential
directions for research.

Emerging terms (e.g., “physics-informed ML,” “transfer learning”’) dominate post-2020.

S. IMPLICATIONS TO THEORY AND PRACTICE

5.1 Theoretical Implications
5.1.1 Contributions to existing theories

Utilizing bibliometric mapping, it has been demonstrated that the traditional supervised learning
methods/concepts created through ecological modelling (previously used in the field of ecology)
have also been adapted to the area of cultural heritage conservation. For instance, “provide the
statistical basis for today’s conceptual basis of CNNs for use in detecting cracks and evaluation of
type of damage.” The transfer of knowledge from one profession to another, as opposed to from an
academic to a non-academic setting, partially supports the SDG17. However, the potential for the
development of augmented realities will be restricted by the lack of global sharing of Institutional
barriers between disciplines. In addition, [1] provides evidence of how using socio-technical sys-
tems as frameworks will support platforms for user engagement with their cultural heritage, paving
the way for future applications of augmented reality-based systems. Using co-citation analysis of
the strength of the association between traditional models and contemporary deep learning research,
we found empirical evidence of the transfer of theories between different areas and support for
the concept that research methodologies from one area improve via interdisciplinary exchange of
information.
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5.1.2 New insights and perspectives

In addition to verifying known transfers, this review illustrates the emergence of new theoretical
constructs. The emergence of the keyword “Physics-informed machine learning” as a popular term
(FIGURE 4) displays the trend toward incorporating specific constraints relevant to conservation
(e.g., material deterioration laws) into Al architectures. Combining conservation science with Al
frameworks to support SDG 9.b (technological innovation) is a significant aspect of this frame-
work as it challenges the purely data-driven approach and proposes an epistemological balance
between statistical and domain-based knowledge to develop sustainable solutions through collab-
orative action. The emergence of “transfer learning” as a key concept marks the acceptance of
the generalisability of models across different heritage sites and, therefore, requires reconsideration
of conservation theory in relation to context dependence. This changing landscape supports SDG
4.7 (education relating to cultural heritage) as training modules can now be easily adapted (e.g.,
ICCROM-Getty Al workshops for conservators). As such, these insights create a basis for a more
nuanced theoretical framework where an Al model can be viewed as a collaborator in hypothesis
generation rather than solely as a tool that performs tasks automatically.

5.2 Practical Implications
5.2.1 Applications and benefits of cultural heritage preservation

There is clear evidence that deep learning and sensor-fusion research has improved outcomes for
stakeholders involved in cultural heritage preservation. For example, both predictive maintenance
solutions that cluster around the words “temporal fusion transformer” (TFT) and “anomaly detec-
tion” (AD) allow practitioners to identify structural faults at an earlier date, resulting in reduced costs
for inspections and fewer instances of irreversible damage (see FIGURE 4). With the combined
use of hyperspectral imaging and CNNs, pigment analysis can be carried out non-invasively with
minimal disruption to the integrity of the artifact. The resulting high-resolution material map will
provide invaluable information for conservation planning purposes. FIGURE 3, illustrates how
there is a strong collaborative relationship between engineering and heritage science institutions
based upon a co-authorship citation network, which provides assurance that these applications of Al
have been rigorously tested against conservation situations in real life. Thus, Al-assisted workflows
drive resource allocation decisions directed to address those vulnerabilities that may peak. Al-
assisted predictive maintenance has resulted in reductions of inspection costs between 30-50% [10].
For example using Al-assisted vibration monitoring at the Leaning Tower of Pisa [32] with high
reliability and low cost [33], allows for the potential to scale these technologies across UNESCO
World Heritage sites and reallocate resources for community-led Sustainable Development Goal
(SDG) 11.4 initiatives.

5.2.2 Recommendations for practitioners

To leverage these advances, heritage professionals should:
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1) Create a hybrid Al framework which includes physical-based constraints such as material
degradation laws so that model outputs can be related to principles of conservation science
and Goal 11.4 of the UN SDGs.

2) Work together with other disciplines to form consortiums of professionals who use computer
vision and conservation scientists in order to collaboratively create datasets and validation
processes; these types of collaborative efforts mirror those identified in co-authorship clusters
with the intent of advancing SDG 17.6.

3) Fund development of transfer learning projects that develop and distribute pre-trained models
across locations to address data shortages, improve model robustness for scalable solutions to
meet SDG 11.4 objectives.

4) Place emphasis on explainability in the choice of Al technologies by using Al tools with
interpretable architectures so that stakeholders can trust and feel comfortable with regulatory
compliance requirements.

Practitioners can therefore take advantage of the power of Al to improve their business processes
and create new conservation processess based on predictive, data-informed decisions.

5.2.3 Societal and ethical dimensions

Societal and ethical dimensions of the deployment opportunities for Al use include: (1) Working
collaboratively with datasets from the local community (ie, indigenous peoples) who co-create
conservation models for monuments. The purpose of this is to lessen bias and improve SDG
16.7. A good example of this is when Maori communities in New Zealand co-created models with
Te Papa Museum to protect taonga (sacred objects) through the development of data sovereignty
agreements that comply with the guidelines defined by UNESCO. This complies with SDG 16.7.
Hence, algorithmic bias was reduced [5]; (2) Providing a framework for explainability of anomaly
detection systems increases stakeholders’ trust. Example is the use of LIME (Local Interpretable
Model-Agnostic Explanations) to assess the results and use of an anomaly detection (ADTC)); (3)
Lastly, establishing protocols for data sovereignty allows participants to own their cultural heritage
data.

Thus, the bibliometric findings of this study directly support SDG alignment. For instance, the
emergence of "transfer learning’ as a thematic cluster (Section 4.3) demonstrates a research focus on
cross-institutional model sharing, which is a prerequisite for the global knowledge sharing promoted
by SDG 17.6. Similarly, the growth of the ’hyperspectral material analysis’ cluster substantiates
the development of non-invasive techniques that directly enable the monitoring and safeguarding
actions called for in SDG 11.4.
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6. LIMITATIONS AND FUTURE RESEARCH DIRECTIONS

6.1 Research Limitations
6.1.1 Methodological limitations

This review incorporates quantitative bibliometric methods, performance analysis, and science map-
ping with co-citation and co-authorship networks providing a framework to identify structural rela-
tionships among publications. This however, could potentially be missing informal collaborations,
or cross-disciplinary conversations that are taking place outside of indexed journals. VOSviewer
was used to conduct these methods because it has strong capabilities to depict trends, but it does not
capture the qualitative richness of some conceptual evolutions or the practitioner’s stories in heritage
conservation. Additionally, using PRISMA-style filtering ensures rigour but may have excluded
relevant gray literature and emerging conference outputs not yet indexed. Hence, potentially biasing
the observed thematic clusters toward well-established research fronts.

6.1.2 Data limitations

Data were drawn exclusively from Scopus and Web of Science, yielding an initial 563 records before
filtering to 341 documents. This method excludes regional journals that do not have indexation and
publications in languages other than English. Thus, introducing bias by restructuring language and
region in the field of study. 21 unretrievable records were eliminated from analysis as well as 38
duplicates or irrelevant entries, thus possibly excluding valuable methodological contributions from
niche studies. Citation counts reflect coverage of the database and may not be equivalent across
platforms, resulting in differences in impact measurement. Citation counts may disproportionately
reflect seminal cross-disciplinary works (e.g., Elith et al., 2006: 388.7 citations/year) versus recent
domain-specific studies (e.g., Mishra, 2021: 44 citations/year). Because the cutoff date for our
review period is December 2024, the vast majority of the 2025 publications will not be included in
this review, making our review less current with respect to identifying emerging trends. Since this
review does not include non-indexed literature, core trends are likely well established and strong
because leading journals are included in our search. Future bibliometric research must also be able to
include additional databases such as arXiv preprints and ProQuest theses in order to fully understand
innovations such as GANs used for the restoration of artifacts, and to achieve the goal of balancing
rigor in method development with capturing emergent knowledge.

7. FUTURE RESEARCH DIRECTIONS

Analysis of keywords indicates an increase in interest in physics-informed machine learning and
transfer learning. This demonstrates a theoretical shift towards incorporating constraints from con-
servation science and improving model generalisability across different sites. Digital twin frame-
work and federated learning are two peripheral nodes that show potential for scalable privacy-
hyperspectral analysis and anomaly detection; the blurring lines between computer science and
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conservation science present rich opportunities for hybrid methodologies. Future directions for
research should be:

1) evidence-based research should combine qualitatively rich case studies and bibliometric data
to provide helpful context for the adoption of Al tools in heritage institutions, based upon
bibliometric research [34] in parallel fields.

2) additional data sources for Al tools in heritage institutions, e.g., regionally and/or non-English-
based repositories, should be utilised to address existing language- and indexing-related biases
in bibliometric analysis.

3) definitive benchmark standards that measure model performance in conservation tasks to
promote cross-study comparability among Al-based tool applications shall be establish.

4) ethical and socio-cultural aspects of Al deployment in heritage contexts, including how this
project will promote community engagement and data sovereignty should be explored towards
the consideration of the frameworks relating to SDG16.7 (participatory decision making).

5) national digital heritage policies that mandate the integration of Al into funding cycles for
conservation (SDG 17.6) should be created.

6) accredited micro-credentials (for example, Al for Heritage Professionals) that will address
skill shortages (SDG 4.7) should be developed.

7) post-2024 outputs that reflect new research agendas should be tracked.

8) the trade-offs between the accuracy of Al models vs sustainability in terms of energy con-
sumption (e.g., through energy-efficient modeling techniques such as pruning models or using
federated learning techniques) should be examined.

These recommendations will support UN SDGs and broaden AI’s influence on Heritage Conserva-
tion.

8. CONCLUSION

The bibliometric review of Al-heritage publications (2005-2024) identified three phases of growth:
the emergence phase (approximately 2005); the consolidation phase (approximately 2010); and
the acceleration phase (approximately 2016-2024). Fundamental clusters developed through co-
citation analysis have provided a basis for recommending the modern application of Al in cultural
heritage preservation [1, 7]. The keyword analysis of co-occurrences uncovered significant themes
in computer vision and 3D reconstruction, deep learning and sensor fusion, and hyperspectral mate-
rials analysis. At the frontier are emerging topics such as “physics-informed machine learning” and
“transfer learning.” There are clear trends among researchers (i.e., leading scientists and institutions)
suggesting the increasing multi-disciplinary collaborative and rapid maturity of the field. Building
on knowledge gained from performance metrics and the science-mapping of Al-based applica-
tions, this research demonstrates new ways to understand how ecological and gaming-based uses
of Al can be applied to heritage conservation, offering new approaches to predictive maintenance
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or understanding how best to perform non-invasive analyses. While the databases used for this
study have limitations because of the coverage they provide and their language bias, the underlying
conceptual structure has retained its integrity. Future research should increase the diversity of
databases to encompass both regional and non-English sources; provide additional qualitative case
study data; and prepare and use uniform benchmarks. In this paper, Al is viewed as a driver for
SDGs with emphasis on SDG 11.4 (heritage preservation), SDG 4.7 (heritage education), and SDG
17.6 (knowledge sharing), based on the need for ethical partnering and respect for data sovereignty
and community involvement.
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