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Abstract

This study develops an ontology-driven framework for the semantic enrichment of the
Ephesus Ancient City within a Heritage Digital Twins (HDT) context. The proposed
approach integrates heterogeneous cultural heritage data into a unified semantic structure,
enabling consistent representation of complex relationships. A domain-specific ontology
is developed, followed by the construction of a knowledge graph in Neo4j to support
structured querying. The framework moves beyond visualization-oriented digital twins by
introducing a knowledge-centered semantic layer intended to support future reasoning
and decision-making capabilities. Rather than constituting a complete digital twins system,
the proposed approach establishes a semantic backbone that can serve as a foundation for
future Heritage Digital Twins implementations. The Ephesus case suggests the practical
applicability of the framework on a complex CH site. The results suggest a scalable and
semantic foundation for developing interoperable Heritage Digital Twins.

Keywords: digital twins; heritage digital twins; ontology; knowledge graph; semantic
enrichment; cultural heritage

1. Introduction

Cultural heritage (CH) assets are constantly under threat from a range of negative
external forces, including natural disasters, the passage of time, human activity, and
environmental factors. In the meantime, these assets bring together knowledge from
multiple domains such as history, architecture, archaeology, and social sciences [1,2]. These
pressures give rise to two primary knowledge management problems, namely, the physical
disappearance of the CH asset itself, and the consequent loss of the knowledge associated
with it. Even when full disappearance is avoided, assets may suffer damage, leading
to incomplete or missing CH knowledge. CH knowledge management solutions can
be approached on two levels to address these challenges. The first solution is physical
knowledge management, which deals with the preservation of the tangible asset, and the
second is virtual knowledge management, which focuses on capturing and sustaining the
knowledge digitally. Supporting this virtual layer is a broad toolkit of digital technologies
that form an integrated ecosystem for virtual CH knowledge management, enabling the
documentation, reconstruction, and long-term accessibility of cultural heritage assets even
when the physical originals are lost or deteriorated (Figure 1). Recent advances in digital
technologies have accelerated the collection of CH data from different sources, including
3D models, archival records, and textual content [3,4]. However, this data often remains
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scattered across disconnected platforms. Differences in formats, standards, and terminology
limit interoperability and reuse [5]. As a result, managing CH knowledge in an integrated
and sustainable way is still a major challenge [6].
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Figure 1. Problems, solutions and tools in cultural heritage knowledge management.

Ontologies, which can help to structure domain knowledge and define relationships
between concepts in a machine-readable way, have been widely used to address these
issues [7,8]. In CH research, ontology-based approaches support the integration of interdis-
ciplinary data and improve semantic interoperability [9,10]. At the same time, Knowledge
Graphs (KGs) extend this capability by connecting data through semantic relationships.
This allows more advanced querying and knowledge sharing [11]. Existing KG applications
often lack domain-specific depth or rely on loosely connected data sources [12].

Recent studies on Heritage Digital Twins (HDTs) highlight a similar limitation. Digital
Twins connect physical assets with their digital representations through data and mod-
els [13] and public engagement [14,15]. However, many HDT applications do not include a
strong semantic layer. This limits their ability to support interoperability, reasoning, and
intelligent interaction [16]. A structured and semantically enriched knowledge base is
still missing.

The literature shows that ontology development, semantic enrichment, and knowl-
edge graph construction are often studied separately. Some studies focus on ontology
design, while others explore enrichment techniques or KG creation [17,18]. However, there
is limited work that connects these steps into a single workflow. In particular, the transfor-
mation from ontology to a fully enriched CH knowledge graph remains underexplored.
This gap becomes more critical when considering applications such as HDTs, which require
integrated and continuously evolving knowledge structures.

This study proposes an integrated semantic framework that connects ontology de-
velopment, semantic enrichment, and knowledge graph construction within a unified
workflow. The proposed approach does not aim to deliver a fully operational digital twins
system. Instead, it provides a semantic foundation that enables the structured integration of
knowledge, supporting the future development of Heritage Digital Twins. The framework
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is evidenced to be a prototype through its development using Ephesus as a case and is
positioned as a semantic foundation for Heritage Digital Twins [19,20].

The rest of the paper is organized as follows. Section 2 reviews the literature and
defines the research gap. Section 3 presents the methodology. Section 4 reports the results.
Section 5 discusses the findings. Section 6 concludes the paper.

2. Related Works

This section reviews the literature across four thematic areas that underpin the present
study, namely cultural heritage ontologies, knowledge graphs in cultural heritage, semantic
enrichment approaches, and digital twins in cultural heritage. The review identifies the
current state of research, highlights emerging directions, and establishes the gaps that
motivate this work.

2.1. Cultural Heritage Ontologies

Cultural heritage (CH) ontologies provide structured representations of heritage
knowledge by defining entities, relationships, and constraints that support interoperability
across heterogeneous datasets. Recent studies move beyond schema definition toward
extensibility and context-awareness. These approaches attempt to capture layered his-
torical interpretations, uncertain temporal boundaries, and incomplete archaeological
records [21,22]. Domain-specific extensions are increasingly introduced to represent ar-
chitectural components, conservation processes, and material properties. Despite these
advances, a key limitation lies in reusability and cross-domain scalability. Many ontology
implementations remain project-specific, making it difficult to transfer knowledge models
across different CH sites or integrate them into broader digital systems. This highlights
the need for ontology designs that balance domain specificity with interoperability and
long-term adaptability.

2.2. Knowledge Graphs in Cultural Heritage

Knowledge graphs (KGs) extend ontologies by enabling flexible, graph-based data
structures that support large-scale integration across diverse datasets. In the CH domain,
KGs are increasingly used to connect archival records, 3D models, and historical narratives,
improving data discoverability and semantic querying capabilities [23]. Graph databases
such as Neo4j have become widely adopted due to their ability to efficiently model com-
plex relationships. These systems enable multi-hop queries and richer contextual analysis
compared to traditional data models [24]. However, a major challenge lies in semantic con-
sistency and alignment across heterogeneous sources. When integrating multiple datasets,
inconsistencies in terminology, structure, and granularity often emerge. Existing alignment
techniques remain insufficient for resolving these discrepancies in complex cultural heritage
contexts, limiting the reliability and interpretability of resulting knowledge graphs.

2.3. Semantic Enrichment Approaches

Semantic enrichment aims to transform raw or unstructured data into meaningful,
machine-readable information. In cultural heritage, this process enables the integration
of textual, geometric, and contextual data into a unified semantic framework. Early ap-
proaches relied on manual annotation, which ensured high accuracy but required significant
expert effort. Recent research has shifted toward automated and semi-automated methods
using natural language processing (NLP) and machine learning techniques. Named entity
recognition and relation extraction are widely applied to process archival texts and histori-
cal documentation [25]. Another important research direction focuses on linking geometric
data, such as HBIM models and point clouds, with semantic representations. However, a
key limitation remains in handling domain-specific ambiguity and interpretive uncertainty.
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Cultural heritage data often involves contested interpretations, incomplete records, and
context-dependent meanings, which automated enrichment methods struggle to capture
reliably without expert validation.

2.4. Digital Twins in Cultural Heritage

Digital twins (DTs) in cultural heritage aim to create dynamic, data-driven representa-
tions of physical assets. These systems integrate geometry, semantics, and real-time data
streams. They support monitoring, conservation, and decision-making. Recent literature
shows rapid growth in this area. Recent studies explore DT applications in buildings
and infrastructure systems. These works highlight the potential of DTs to improve asset
management and risk assessment. Despite this progress, many implementations remain at
an early stage. Most systems focus on visualization and data integration. They do not fully
exploit predictive analytics or autonomous decision-making. This limitation aligns with the
lower maturity levels of digital twins. Another critical issue concerns semantic integration.
Many DT frameworks lack a robust semantic backbone. Data from sensors, models, and
archives often remain loosely connected. Without a strong semantic layer, interoperability
and scalability suffer [26]. Recent studies begin to address this gap [27]. Researchers pro-
pose combining ontologies and knowledge graphs with DT architectures. This integration
supports better data alignment and enables more advanced reasoning [28,29]. However,
practical implementations are still limited. In addition, most DT models do not capture the
complexity of heritage environments. They often simplify temporal dynamics and ignore
uncertainties in historical data.

2.5. Research Gaps and Positioning

A comparative analysis of representative studies published between 2022 and 2026
reveals a consistent pattern across the literature (Figure 2). There are four principal com-
ponents examined, namely: ontology development, knowledge graph construction, NLP-
based semantic enrichment, and Heritage Digital Twins integration. Cultural heritage
ontologies often struggle with scalability beyond project-specific implementations, knowl-
edge graphs face challenges in maintaining semantic consistency across heterogeneous
sources, and semantic enrichment approaches encounter difficulties in handling interpre-
tive ambiguity inherent in multidisciplinary heritage data. Collectively, these limitations
result in systems that remain fragmented, difficult to generalize, and limited in their abil-
ity to support integrated, continuously evolving digital environments such as Heritage
Digital Twins.

There are three specific gaps identified in the literature. The first concerns technical
integration. Studies that develop strong ontological models [5,30] achieve robust compli-
ance with existing ontologies but do not connect their models to NLP-based enrichment
pipelines or to knowledge graph databases. Conversely, studies that apply NLP to heritage
texts operate independently of ontological standards and produce outputs that are not
interoperable with existing systems. Studies that implement knowledge graphs in Neo4j
or GraphDB rarely pair their graph structures with a formally specified domain ontology
aligned to international standards. The result is a set of technically capable but discon-
nected contributions, none of which demonstrates an end-to-end workflow from ontology
to enriched knowledge graph to digital twins foundation.

The second gap concerns CH application. The most technically advanced recent frame-
works, including [29], remain at a conceptual level without CH-specific implementation
and do not apply their methods to heritage contexts. Felicetti and Niccolucci [30] ground its
work in the documentation of individual artworks, which does not expose the challenges
of integrating heterogeneous, temporally stratified, and institutionally distributed data
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that characterise large CH sites. As Huggett [31] has argued, automated enrichment tools
applied without domain-expert validation risk standardising interpretive decisions.
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Figure 2. Positioning of the study within the existing literature.

The third gap concerns data source transparency and reliability. A recurring limitation
in existing enrichment studies is the use of general web sources, encyclopaedic databases, or
unspecified text corpora as input to NLP pipelines. Conflation of institutionally validated
and unverified sources introduces factual uncertainty into the resulting knowledge graphs,
particularly for CH where the archaeological record is complex, contested, or incompletely
digitised. Heath [32] points to the need for more explicit data modelling decisions in
heritage knowledge graph construction, noting that even well-structured field data requires
transparent semantic choices during graph conversion. This study responds to this concern
by restricting textual inputs to verified web-based sources and publications to ensure
annotation consistency.

In the broader perspective of Heritage Digital Twins research, recent developments
confirm the direction this study has taken. The work in [30] identifies the combination of
ontologies and Al as the defining characteristic of a new generation of Heritage Digital
Twins capable of both reasoning and knowledge accumulation. This study seeks to address
this gap specifically in the CH domain. The present contribution positions itself at the
convergence of these emerging directions. Therefore, this study aims to address these gaps
by developing a domain-specific ontology for Ephesus, integrates an NLP-based semantic
enrichment pipeline validated against expert-reviewed sources, constructs a knowledge
graph in Neo4j representing the heritage data, and positions this integrated semantic layer
as the foundation for Heritage Digital Twins.

Building on the identified gaps, this study makes four main contributions (Figure 2).
First, it develops a domain-specific CH ontology, capable of representing the complex,
multi-layered structure of a CH. Second, it introduces a semantic enrichment pipeline
using an NLP-based approach. Third, it constructs a CHKG implemented in Neo4j from
this enriched data, enabling structured querying and multi-hop semantic reasoning. The
end output is a prototype to demonstrate the system as a platform to be evolutionarily
improved. Finally, it positions the integrated ontology—-knowledge graph framework
as a semantic backbone for Heritage Digital Twins. Rather than delivering a complete
digital twins implementation, the study focuses on establishing the underlying knowledge
infrastructure required for future, more advanced HDT systems.
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e It develops an Cultural Heritage Ontology that brings together knowledge from
multiple domains;

e Itintroduces a semantic enrichment pipeline that integrates structured and unstruc-
tured data;

e It constructs a Cultural Heritage Knowledge Graph (CHKG) populated from this
enriched data, that aims to support interoperability and enhance knowledge sharing
through a structured semantic approach;

e It positions the ontology—KG framework as a semantic foundation for Heritage Digi-
tal Twins.

Current research streams in cultural heritage ontologies, knowledge graphs, seman-
tic enrichment, and digital twins remain largely fragmented. This study addresses the
identified gaps by integrating these domains into an integrated semantic framework that
connects ontology development, semantic enrichment, and knowledge graph construction
within a unified workflow (Figure 2). This in turn provides a semantic foundation that
enables the structured integration of knowledge, supporting the future development of
Heritage Digital Twins.

The following research questions are sought to be addressed in this study.

RQ1. How can a domain-specific ontology be structured to represent the complex
knowledge of a CH?

RQ2. How can ontology-based knowledge be transformed into a knowledge graph to
support scalable and flexible semantic relationships?

RQ3. What semantic enrichment strategies can effectively integrate CH data sources
within a unified framework?

RQ4. How can the integration of ontology, knowledge graph, and semantic enrichment
contribute to the development of semantically enriched digital twins for cultural heritage?

3. Methodology

This section presents the methodology developed to address the research questions
defined in Section 2. The methodology is structured into four stages, described in this
section. The proposed methodology follows a layered architecture to support Heritage
Digital Twins development. At the core, a domain-specific ontology is designed to de-
fine the semantic schema of cultural heritage entities and relationships. This ontology
serves as the foundational layer for structuring heterogeneous data. Building upon this
layer, semantic enrichment processes are applied to link and augment data with external
knowledge sources. Finally, a knowledge graph is constructed as the semantic knowledge
population layer, instantiating the ontology with enriched data and enabling advanced
querying and interoperability. This layered approach ensures that the ontology functions
as a semantic backbone.

The process of ontology development encompassed distinct stages, including goal and
scope definition, information gathering, initial structuring, formalization and evaluation.
These sequential steps were executed to ensure the systematic construction of the CH
Ontology (Figures 3 and 4).

3.1. Overall Framework

This study follows a structured workflow that combines ontology development, se-
mantic enrichment, and knowledge graph construction within a unified framework. The
process moves from domain understanding to system implementation. Each step directly
addresses the research questions defined in Section 2.
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The framework includes five main stages. First, the scope of the cultural heritage
domain is defined based on the cultural heritage asset. Second, domain knowledge is
collected from multiple sources, including verified web-based sources and publications.
Third, an ontology is designed and formalized. Fourth, semantic enrichment techniques
are applied to integrate heterogeneous datasets. Finally, the enriched data is transformed
into a knowledge graph and connected to the heritage digital twins structure. The work-
flow avoids isolated modelling steps. Instead, it treats ontology, enrichment, and graph
construction as interdependent processes. This integrated approach reflects recent shifts
in semantic digital twins research [29]. It also supports extensible data integration. The
framework is designed as a semantic backbone. It does not implement a full digital twins
system, but instead supports the structured representation and integration of knowledge
required for future HDT development.

3.2. Cultural Heritage Ontology Development

The ontology development process follows a domain-driven approach. It builds on
established semantic standards while adapting them to the specific characteristics of the
CH asset. The process includes five steps: scope definition, knowledge acquisition, class
design, property definition, and implementation. Consistent with established ontology
engineering methodology [8], the process is treated as necessarily iterative: the evolving
ontology is revisited and refined at each stage, with earlier decisions revised as new domain
knowledge or modelling requirements emerge.

3.2.1. Scope Definition

The expert panel that guided the ontology development consisted of five domain
specialists with complementary expertise. The panel included: (i) an archaeologist from
Aydin Adnan Menderes University with fieldwork experience at Ionian period sites in
western Turkey; (ii) an art and architecture historian; (iii) an architect; (iv) a civil engineer
with expertise in Heritage Building Information Modelling (HBIM); and (v) a computer
engineer specialized in semantic web technologies and ontology engineering. Expert con-
sultations were conducted in two rounds, the first of which was an initial interview phase
for concept elicitation, and the second as a subsequent review phase in which panelists
evaluated the first version of the ontology. The scope focuses on representing the archi-
tectural, archaeological, and contextual elements of the CH asset. The model captures
both tangible and intangible components. These include structures, artifacts, historical
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events, and conservation activities. The ontology is developed in English, which serves
as the working language for all class labels, property names, and definitions. English was
selected to maximize international accessibility and to ensure compatibility with major
heritage ontology standards, which are also expressed in English [22]. The scope remains
intentionally bounded. Overly detailed classifications are avoided. This decision improves
usability and reduces model complexity. Recent studies emphasize the importance of
controlled scope in ontology design, especially for heritage systems with high data vari-
ability [21,22]. Following this approach, the ontology targets key entities and relationships.
A set of competency questions was formulated to operationalize the scope [33]. These
questions define the types of queries the knowledge base must be capable of answering.
Competency questions are presented in detail in Section 4.

3.2.2. Domain Knowledge Acquisition

Domain knowledge is collected from multiple sources. The process combines manual
review with structured data extraction. The primary data sources used for the ontology
data fusion are verified as (i) scholarly publications; (ii) web-based sources. Key concepts
and relationships are identified through iterative analysis. Terminology is aligned across
sources to reduce semantic inconsistencies. This step ensures that the ontology reflects both
academic knowledge and site-specific characteristics.

3.2.3. Class and Hierarchy Design

The class structure defines the core entities of the ontology. These include classes
such as Building, Artifact, Material, Historical Event, and Conservation Activity. The hierarchy
organises these classes into logical relationships. The hierarchy remains modular. This
allows future extensions without restructuring the entire model. Clear class definitions
improve consistency across datasets. They also support semantic queries and reasoning.
Recent studies show that well-structured hierarchies play a key role in interoperability [24].

3.2.4. Property Definition

Properties define the relationships between classes. Both object properties and data
properties are included. Object properties capture semantic relationships such as located_in,
constructed_by, and associated_with. Data properties describe attributes such as material
type, construction date, and condition state. Property definitions follow a clear naming
convention. Each property has a defined domain and range. This structure reduces
ambiguity and supports automated reasoning. Special attention is given to temporal and
spatial properties. These aspects are critical in cultural heritage contexts. They allow the
model to represent historical changes and spatial relationships more accurately.

3.2.5. Mapping with CIDOC CRM

CIDOC CRM (ISO 21127) [34] is the internationally accepted conceptual reference
model for cultural heritage documentation. The proposed ontology was aligned with
the CIDOC CRM (ISO 21127) to improve semantic interoperability and facilitate inte-
gration with existing cultural heritage knowledge bases. Rather than replacing CIDOC
CRM, the proposed ontology extends and specializes its concepts to represent the domain-
specific knowledge requirements of the Ephesus Ancient City. CIDOC CRM is deliberately
generic, providing domain-agnostic classes for cross-institutional (museums-archives-
archaeological sites) interoperability but no domain-specific vocabulary. This study adds
the domain-specific classes while aligning its related core classes back to CIDOC CRM
(Table 1), keeping the resulting knowledge graph interoperable rather than a closed schema.
For Ephesus, this dual structure is what makes the ontology operational. CIDOC CRM

”

alignment alone would classify the Library of Celsus as an “E22 Human-Made Object,
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but the domain extension lets the graph represent it as a building of marble, dated to the

Roman period, with a recorded condition state and linked excavation activity for granu-

larity. Broader domain vocabulary (styles, hazards, conservation values) is captured via

E55 Type hierarchies, CIDOC CRM’s own recommended mechanism for controlled sub-

vocabularies. While developed for Ephesus, the core-class structure is deliberately generic

to Hellenistic-Roman urban heritage rather than site-specific, and is intended to extend

to other Ionian coast cities (e.g., Miletus, Priene, Didyma) sharing comparable building

typologies, materials, and periods, without requiring changes to the core schema. Table 1

presents the alignment between the core classes of the proposed ontology and their closest

CIDOC CRM equivalents. This mapping ensures semantic compatibility.

Table 1. CIDOC CRM Mapping.

Ontology Class CIDOC CRM Mapping Mapping Rationale
Uncontested general superclass covering any
heritage_asset E18 Physical Thing tangible entity; parents cultural_heritage and

its subtypes.

building

E22 Human-Made Object

Per CIDOC CRM's own reference examples (the
Colosseum, the Forth Railway Bridge), large
immovable structures with discrete physical
boundaries are classified as E22.

architectural_component

E22 Human-Made Object

A structural part of a building (wall, roof,
superstructure/substructure) is itself a discrete
human-made physical object.

artifact

E22 Human-Made Object

Direct correspondence to E22’s scope notes for
movable human-made objects.

material

E57 Material

Dedicated, one-to-one CIDOC CRM class for
material types.

historical_event

E5 Event

Matches E5’s general, non-agentive
spatiotemporal occurrence scope.

conservation_activity

E11 Modification

E11’s scope notes explicitly names “the preventive
treatment or restoration of an object for
conservation.”

excavation_activity

E7 Activity

Excavation is an intentional action carried out by
an actor, matching E7’s general definition.

historical_period

E4 Period

E4 is defined precisely as a set of phenomena
limited in space and time exhibiting common
characteristics—the standard CIDOC CRM class
for historical eras.

place

E53 Place

Direct correspondence to E53’s definition as an
extent in space.

spatial_region

E53 Place

Maps to the same CIDOC CRM class as Place;
internally modeled as a physiographic sub-extent
(e.g., coastal, valley, upland type) related to Place
via a part-whole relationship, since CIDOC CRM
does not subdivide E53 further.

person

E21 Person

One-to-one correspondence for
real-world individuals.

archaeologist

E21 Person, role-typed via E55
Type

A professional role, not a distinct actor class; the
individual is E21 Person, the role is an E55
Type qualifier.
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Table 1. Cont.

Ontology Class CIDOC CRM Mapping Mapping Rationale
oreanization E74 Grou Museums, universities, and heritage authorities

& p are social groupings, matching E74’s scope exactly.
inscription E34 Inscription ziill(ﬁt;i’cg;ig::_bmlt CIDOC CRM class for
documentation E31 Document Reports, excavation records, and publications fall

directly within E31’s scope.

digital model

Standard practice in digital heritage literature for
E73 Information Object representing digital /informational content objects
(including HBIM models).

image

Dedicated, purpose-built CIDOC CRM class for

E38 Image visual documentation.

condition_state

Dedicated, purpose-built CIDOC CRM class;

E3 Condition State .
no ambiguity.

time_span

Dedicated, purpose-built CIDOC CRM class for

E52 Time-Span temporal extents.

3.2.6. Implementation

The ontology is implemented using a graph-based approach. A Neo4j database is used
to represent classes as nodes and relationships as edges. This structure supports flexible
data modelling and efficient querying. The implementation process includes schema
translation, data mapping, and graph population. Ontology elements are converted into
graph structures while preserving semantic meaning. Graph databases provide advantages
over traditional relational systems. They handle complex relationships more effectively
and support scalable data integration. Recent studies confirm the growing use of Neo4j in
semantic heritage applications [35].

3.3. Ontology Evaluation

The ontology is evaluated using competency questions and consistency checks. Com-
petency questions test whether the model can answer relevant domain queries. These
queries reflect real-world use cases, such as identifying relationships between structures,
materials, and historical events. Consistency checks ensure logical coherence within the
ontology. They verify class hierarchies, property definitions, and relationship constraints.
Evaluation also includes a qualitative comparison with existing CH ontologies. This step
highlights improvements in contextual representation and integration capability. Similar
evaluation strategies are widely used in recent ontology studies [22,23].

3.4. Semantic Enrichment Pipeline and Knowledge Graph Population

The semantic enrichment pipeline transforms raw textual input data into structured,
ontology-aligned knowledge that can be directly populated into the Cultural Heritage
Knowledge Graph (CHKG). The pipeline follows a four-step sequential architecture
adapted from [36] and is depicted in Figure 5: (1) Coreference Resolution, (2) Named
Entity Linking, (3) Relationship Extraction, and (4) Knowledge Graph population. Each
step operates on the output of the previous stage, progressively increasing the semantic
precision and structural consistency of the data. To ensure factual reliability throughout, all
textual inputs were restricted to verified scholarly publications and institutionally validated
web-based sources, including excavation reports and peer-reviewed studies pertaining to
the Ephesus archaeological site.
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Figure 5. Semantic Enrichment of CH Ontology Steps for CH Knowledge Graph [36].

Step 1: Coreference Resolution. The first stage of the pipeline addresses the problem
of co-referential expressions in heritage texts, where a single real-world entity is referred to
by multiple surface forms across a document. In archaeological and historical sources, it is
common for a monument such as the Library of Celsus to be referred to interchangeably
as “the Library,” “the building,” “it,” or “the structure” within the same passage. With-
out resolving these references to a single canonical entity, downstream entity extraction
would generate duplicate or fragmented nodes in the knowledge graph, undermining
semantic coherence. Coreference resolution was applied to each input document prior to
further processing, using a rule-based approach supplemented by contextual heuristics
tailored to the domain-specific linguistic patterns observed in CH texts. Pronoun chains,
nominal anaphors, and abbreviated references were all mapped to their antecedent entity
mention. The output of this stage is a set of coreference-resolved documents in which each
distinct real-world entity is consistently represented by a single, unambiguous surface
form throughout the text. This normalization ensures that all subsequent processing stages
operate on a consistent and deduplicated entity representation, reducing noise in both
entity linking and relationship extraction.

Step 2: Named Entity Linking. The second stage performs named entity recognition
(NER) and entity linking (NEL) on the coreference-resolved text. A domain-adapted NER
model was applied to identify and classify entity mentions into the core types defined
by the CH ontology: architectural structures (e.g., the Great Theatre, the State Agora),
archaeological artefacts (e.g., inscriptions, statuary), historical periods (e.g., Hellenistic
Period, Roman Imperial Period), spatial locations (e.g., Ionia, the Aegean coast), persons
and actors (e.g., the Austrian Archaeological Institute), and heritage events (e.g., UNESCO
inscription, excavation campaigns). NER alone produces surface-level entity spans but
does not associate them with ontology classes or external knowledge bases. Entity linking
resolves this by mapping each detected mention to a specific node in the ontology or, where
applicable, to an external identifier [25,37]. Canonical entities were linked to DBpedia and
Wikidata identifiers where available, providing external interoperability. These external
links serve only as identifier references and do not substitute for the verified source texts
used for factual content extraction in Step 1. Entities without external equivalents were
assigned ontology-internal identifiers following the naming conventions established during
ontology development (Section 3.2). The output of this stage is an annotated corpus in
which each entity mention carries a class assignment and a unique identifier, forming the
node set from which the knowledge graph will be constructed. Because these ontology
classes are themselves aligned with CIDOC CRM (Section 3.2.5), each entity mention is
implicitly assigned a CIDOC CRM-compatible type at this stage, rather than through a
separate downstream mapping step. Manual validation by domain experts was applied at
this stage to verify the correctness of entity—class assignments, particularly for ambiguous
or polysemous terms common in heritage contexts.

Step 3: Relationship Extraction. The third stage identifies semantic relationships be-
tween the linked entity pairs produced by Step 2. Relationship extraction was performed
using a rule-based approach grounded in syntactic dependency patterns, consistent with the
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method described by [38]. Dependency parse trees were generated for each sentence, and
predefined syntactic templates were matched against verb—argument structures to identify
candidate relations between entity pairs. For example, the sentence “The Library of Celsus
was constructed during the Roman period using marble” yields three candidate triples:
(Library_of Celsus, constructed_during, Roman_Period), (Library_of_Celsus, has_material,
Marble), and, through ontology inference based on transitivity, (Library_of_Celsus, be-
longs_to, RomanArchitecture). Each candidate triple was evaluated against the property
definitions established in the ontology (Section 3.2.4): the subject entity must fall within
the domain of the candidate property, and the object entity must fall within its range.
Triples that violated domain or range constraints were flagged for manual review rather
than automatically discarded, preserving potentially valid relationships that may reflect
ontology gaps. Approved triples were aligned with the corresponding ontology object or
data properties, using the canonical property names defined during ontology development.
This alignment step ensures that all extracted relationships are expressed in a vocabulary
consistent with the ontology schema, enabling direct graph population without additional
transformation. The output of this stage is a set of validated semantic triples of the form
(subject entity, property, object entity), constituting the edge set of the knowledge graph.

Step 4: Knowledge Graph Population. The fourth and final stage of the pipeline
transforms the enriched and validated triple set into a populated knowledge graph. En-
tities identified and linked in Step 2 are instantiated as typed nodes within the Neo4j
graph database, with each node assigned the ontology class label established during entity
linking and populated with data property values (e.g., construction date, condition state,
material type) derived from the extraction process. Relationships validated in Step 3 are
instantiated as directed, labelled edges connecting the corresponding node pairs, following
the node-label and edge-type schema established in Section 3.2.6. The resulting graph
is queried using Cypher to evaluate the competency questions. The complete pipeline
operates as a semi-automated workflow: NLP-based extraction stages (Steps 1-3) are ex-
ecuted algorithmically, while a manual validation layer is applied at the entity linking
and relationship approval stages to ensure factual accuracy and domain consistency. This
hybrid approach balances the scalability requirements of large-scale CH data process-
ing with the interpretive rigour demanded by the complexity and contested nature of
archaeological knowledge [31]. To support reproducibility, Table 2 reports the scale and
validation outcomes of the pipeline to date. Coreference resolution, named entity linking,
and relationship extraction (Steps 1-3) were executed using an LLM-based agent pipeline,
in which each stage applied the rule-based heuristics and syntactic-dependency patterns
described above through a dedicated, prompted agent step rather than a conventional NLP
library. Each stage’s output was validated before being passed to the next. Across the
39 source documents processed, the pipeline yielded 1623 triples spanning 471 instances
and 21 classes in the graph; entity resolution reduced 1423 candidate entity mentions to
1356 unique entities (4.71% pre-deduplication redundancy), and a relevance filter retained
590 of 1423 candidates as relevant to the Ephesus case, reflecting the intentionally broad
scope of the expanded source corpus. This reflects the corpus processed at the time of
writing and will be updated as source-document coverage expands. The output of the
four-step pipeline is a populated Cultural Heritage Knowledge Graph in which nodes rep-
resent ontology-aligned entities (e.g., buildings, artefacts, historical periods, conservation
activities, spatial locations) and edges represent semantically typed relationships between
them (e.g., constructed_during, has_material, found_in, carried_out_by).
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Table 2. Semantic enrichment pipeline: scale and validation summary.

Pipeline Stage

Input Scale Manual/Automated Validation Outcome

Coreference Resolution

Named Entity Linking

39 verified source documents -
Entity resolution reduced 1423 candidate entities to
1723 candidate entity mentions 1356 unique (67 duplicates; 4.71%
pre-dedup redundancy).
Relevance filter retained 590 of 1423 candidates as
relevant to the Ephesus case study (833 discarded as

Relationship Extraction 11,392 candidate triples tangential to the target site or period); consolidated
graph contains 1623 triples across 471 instances and
21 classes.
4. Results
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ontology has been developed to provide a comprehensive semantic representation by
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for domain knowledge (Figure 6). The use of the ontology enabled responding to queries
and promoted the dissemination of reusable information. To ensure its effectiveness, the
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Figure 6. The Conceptual Cultural Heritage Ontology Approach.

4.1. Developed Cultural Heritage Ontology

The study produced a domain-specific ontology for ancient city buildings as CH assets.
The model captures architectural elements, archaeological artifacts, historical events, and
conservation activities in a unified structure. The final structure includes clearly defined
classes and hierarchical relations. Core classes such as Building, Artifact, Material, and
Historical Event form the backbone of the model. These classes support both descriptive
and relational knowledge representation. Temporal and spatial aspects can explicitly be
included. This allows the ontology to represent historical layering and support update-
ready platforms for monitoring future site conditions [21,22]. The resulting ontology is
modular. New classes can be added without changing the core structure. This design has
the potential to improve long-term usability in digital heritage systems.
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4.2. Semantic Enrichment Results

The semantic enrichment pipeline successfully integrated datasets into the ontology
structure. Textual sources and spatial records were processed and linked through semantic
mappings. NLP-based extraction identified key entities and relationships from verified
archaeological sources, specifically excavation reports and scholarly publications about the
CH asset (Figure 7). These entities were aligned with ontology classes. Only trusted web
sources and peer-reviewed and institutionally validated documents were used to support
factual accuracy. This process reduced ambiguity and contributed to data consistency.
Similar results have been reported in recent NLP-driven heritage studies. Architectural
elements were enriched with semantic attributes such as material type, condition state,
and historical phase. This integration has the potential to improve the interpretability of
spatial data. The enrichment process also revealed inconsistencies across data sources.
These inconsistencies were resolved through manual validation and rule-based alignment.
This hybrid approach is designed to support both accuracy and scalability. Overall, the
enriched dataset became semantically consistent and machine-readable. It formed a reliable
foundation for knowledge graph construction and digital twins integration.

Text example: Ephesus was one of the twelve cities of the lonian League. It served as a major commercial
and administrative centre of the Roman province of Asia. The city is situated on the Aegean coast of present-
day Turkiye, near the mouth of the Caystros River. Among its most significant monuments are the Temple of
Artemis, the Library of Celsus, the Great Theatre, and the State Agora. Ephesus was included in the UNESCO
World Heritage List in 2015 as part of the Ephesus archaeological site (UNESCO, 2015). Excavations have
been conducted continuously by the Austrian Archaeological Institute since 1895 except from brief
interruptions due to world wars.

Figure 7. Sample text used for semantic enrichment.

The same expert panel, in its second round, reviewed the first version of the ontology
seen in Figure 8. Panelists were asked to assess the ontology for completeness, correctness,
and domain coverage during the second round. Rather than scoring independently and
reconciling differences afterward, panelists assessed the ontology through a consensus-
based approach [39]. The panel reviewed each class and relationship jointly in real time,
and disagreements, where they arose, were resolved through discussion until a shared
view was reached. The revisions agreed upon were incorporated directly into the ontology
before finalization (Figure 9). As this procedure did not produce documented preliminary
judgments per panelist separately, formal inter-rater agreement statistics could not be
computed. This is noted as a limitation in Section 5.6.

4.3. Cultural Heritage Knowledge Graph

The enriched ontology data was transformed into a knowledge graph using a Neo4;j-
based implementation. Entities were represented as nodes, while relationships formed
the edges of the graph structure. The graph integrated multiple data sources into a single
interconnected network. This allowed complex relationships between structures, artifacts,
and historical events to be queried efficiently. Query tests showed that the knowledge
graph supports multi-hop reasoning. Relationships between architectural phases, materials,
and spatial locations were retrieved without loss of semantic meaning. This confirms the
suitability of graph-based models for cultural heritage applications [24,35].
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Figure 9. Developed Cultural Heritage Ontology—Class and Relationship Structure.

The final knowledge graph serves as the semantic backbone of the proposed semantic
framework for future Heritage Digital Twins developments. It facilitates structured data
access, contextual interpretation, and future scalability toward extensible updates. Despite
these strengths, the system remains dependent on data completeness. Missing historical
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records still affect certain query paths. This limitation is common in heritage digitalization
efforts and has been widely reported in recent studies. The resulting knowledge graph
serves as the semantic backbone of a potential digital twins environment. It enables
structured data access, contextual interpretation, and scalability, forming a foundation
upon which future dynamic and real-time digital twins functionalities can be developed.

4.4. Competency-Based Ontology Evaluation

The ontology was evaluated using competency questions and structural consistency
checks (Table 3 and Figure 10). The competency questions tested whether the model can
answer realistic domain queries related to CH assets. Five representative competency
questions were formulated to reflect core use cases (Table 3). All five questions were
successfully answered through Cypher queries executed against the Neo4j implementation
of the ontology. This capability is not intended to demonstrate completeness, consistency,
or scalability of the ontology, which remain open validation dimensions (Section 5.6).
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Figure 10. Conceptual Framework for Future Heritage Digital Twins Development.

Queries CQ1 through CQ3 tested entity-level retrieval and classification accuracy. CQ4
and CQ5 tested temporal and relational reasoning, which are the most demanding aspects
of the ontology given the multi-period character of the site. The results confirmed that the
class hierarchy and property definitions support meaningful inference across all five query
types. Consistency checks showed no structural conflicts. Class inheritance and property
constraints remained coherent across the model. These results indicate that the ontology
maintains logical stability under different query conditions. A qualitative comparison with
existing CH ontologies showed potential improvements in contextual representation. The
model handles site-specific complexity better than generic heritage schemas. Recent studies
also emphasize the importance of such targeted evaluation strategies in cultural heritage
systems [23].
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Table 3. Ontology-Driven Queries and Corresponding Results.
Competency Question Query Description Cypher Query Ontology Elements Used  Expected Output Result Type
cypher MATCH (structure:building)-
[:CONSTRUCTED_DURING]- Classes: Buildin
CQ1. Which buildings Retrieves buildings >(:historical_period {title:"Roman N 18 . List of Roman-period
. ) . . 4w Historical Period, Material ot 1
were constructed during associated with the Roman Period”}) MATCH Relationships: CON- buildings and the Buildine, Material
the Roman Period, and Period together with their  (structure)-[:HAS_MATERIAL]- ps: materials used in their &
. : . . . STRUCTED_DURING, .
what materials were used? construction materials. >(material:material) RETURN construction.
. I HAS_MATERIAL
structure.title AS Building,
material.title AS Material;
cypher MATCH
. . . . (activity:conservation_activity)- Classes: Conservation
CQ.Z'. Whmh conservation Ret.r1.e\.1es conservation [:APPLIED_TO]->(building:building ~ Activity, Building, Conservation activities
activities have been activities associated with s Y 2
applied to the Library of the Library of Celsus and {title:"Library of Celsus”}) MATCH Organization/Person performed on the Activity, Actor
Cilfsus and who the responsible (activity)-[:EXECUTED_BY]->(actor)  Relationships: Library of Celsus and !
executé d them? or anifa tion or actor RETURN activity.title AS APPLIED_TO, their executors.
’ & ’ ConservationActivity, actor.title EXECUTED_BY
AS Actor;
cypher MATCH (artifact:artifact)-
[:FOUND_IN]->(:place {title:”State
. . Agora”}) MATCH ) .
C.Q3' Whld.l artifacts were Retrieves artifacts (artifact)-[[HAS_MATERIAL]- Classgs. ArFlfaCt.’ Place,. . .
discovered in the State . . Material, Historical Period Artifacts found in the
. excavated from the State >(material:material) MATCH . . . . .
Agora, what materials are Agora together with their  (artifact)- Relationships: State Agora, their Artifact, Material,
they made of, and from 5 & FOUND_IN, materials, and their Historical Period

which historical period do
they originate?

material and associated
historical period.

[:CONSTRUCTED_DURING]-
>(period:historical_period) RETURN
artifact.title AS Artifact, material.title
AS Material, period.title AS
HistoricalPeriod;

HAS_MATERIAL, CON-
STRUCTED_DURING

historical periods.
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Table 3. Cont.

Competency Question Query Description Cypher Query Ontology Elements Used  Expected Output Result Type
cypher MATCH (place:place)-
[:LOCATED_IN]->(region:region) Classes: Place, Region,

CQ4. Whlch Places are Retrieves places within a MATCH (pla.ce)—[:HAS_TIME_SPAN I- Tlme Span, Historical Places grouped by

located in a given region, . . . >(timespan:time_span) MATCH Period . . .

and during which region together with their (timespan)-[:FALLS_WITHIN]- Relationships: region and their Place, Region,

associated historical ) - . corresponding Historical Period

historical period were they
occupied?

periods.

>(period:historical_period) RETURN
place.title AS Place, region.title AS

Region, period.title AS
HistoricalPeriod,;

LOCATED_IN,
HAS_TIME_SPAN,
FALLS_WITHIN

historical periods.

CQ5. Which historical
events are associated with
heritage entities, and
when did they occur?

Retrieves historical events
together with related
heritage entities and their

corresponding time spans.

cypher MATCH
(event:historical_event)-
[(HAS_TIME_SPAN]-

>(timespan:time_span) MATCH
(event)-[:RELATED_TO]->(entity)

RETURN event.title AS

HistoricalEvent, entity.title AS

RelatedEntity, timespan.title
AS TimeSpan;

Classes: Historical Event,
Heritage Entity, Time Span
Relationships:
HAS_TIME_SPAN,
RELATED_TO

Historical events,
related heritage
entities, and their
associated time spans.

Historical Event,
Heritage Entity,
Time Span
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5. Discussion

Cultural heritage information is inherently heterogeneous, varying across disciplinary
traditions, temporal periods, and geographical contexts. Semantic enrichment leverages the
CH Ontology’s expressiveness to enable the CHKG to capture relationships. The resulting
CHKG facilitates broad access to CH information for diverse users, including researchers,
visitors, and children. Leveraging Semantic Web technologies democratizes access, ensuring
that even non-experts can engage with the knowledge base through structured query
interfaces [40—42]. This accessibility fosters interdisciplinary collaboration and provides a
shared platform for CH research. The integration of the CHKG with AI technologies holds
significant potential for both CHKM and wider CH knowledge dissemination.

5.1. Key Findings

The study shows that ontology-driven modelling has the potential to improve how
heritage data is structured and connected. In the Ephesus Ancient City case, semantic
enrichment functions as a bridging layer between data sources and interpretable knowledge
structures. The framework supports the preservation of contextual relationships, providing
a structured basis for future digital twin applications rather than a complete operational
system. Another important finding relates to knowledge continuity. The system supports
long-term preservation of contextual relationships, not just isolated artifacts. This becomes
critical in complex heritage environments, where spatial, temporal, and cultural dimensions
overlap. Recent studies also emphasize that Heritage Digital Twins value increases when
semantic layers are tightly integrated with knowledge graphs [29,30]. The results of this
study align with that direction and extend it by providing an applied demonstration on
primary heritage data.

The results demonstrate that the proposed semantic framework successfully addresses
all four research questions. For RQ1, a site-specific ontology was created, giving structure
to the entities, relationships, and contextual details that define the site. RQ2 enhanced this
by transforming the ontology into a scalable knowledge graph that establishes meaningful
connections between various heritage data sources and leaves room for growth as new
data becomes available. RQ3 took things further through semantic enrichment. It created
an interconnected dataset that is much easier to explore and work with across different
systems by integrating data, linking entities, and populating the graph. RQ4 then focused
on the bigger picture, outlining a conceptual framework for future Heritage Digital Twins
architectures that integrates the ontology and knowledge graph at a system level, and
illustrating how semantic technologies could support information exchange in future
digital twins environments. These findings provide a strong rationale for the ontology-
focused approach and point to its potential as a robust semantic backbone for Heritage
Digital Twins systems.

5.2. Scientific Contribution

This work contributes to Heritage Digital Twins research by proposing a structured
ontology, integrating semantic enrichment as a component of a future digital twins pipeline,
and suggesting the applicability of the proposed semantic framework. The model moves
beyond generic heritage data schemas and focuses on contextual richness, reduces the
gap between data acquisition and knowledge generation, and validates the feasibility of
constructing a knowledge-driven infrastructure that can support future Heritage Digi-
tal Twins development. Compared to the most closely related recent contributions [29],
the study extends ontology applications from descriptive modelling toward cognitive
interpretation layers.

https:/ /doi.org/10.3390/app16147158


https://doi.org/10.3390/app16147158

Appl. Sci. 2026, 16, 7158

21 of 24

5.3. Comparison with Literature

Existing studies in Heritage Digital Twins often focus on visualization or 3D reconstruc-
tion. These approaches are useful but remain limited at the semantic level. Recent research
highlights a shift toward knowledge-driven systems [28,29]. Several works emphasize
ontologies and knowledge graphs, yet many remain conceptual or partially implemented
without site-specific validation [23,29]. The proposed approach differs in its full-cycle inte-
gration. Data is not only stored and visualized but also semantically processed and linked.
This enables more structured querying and supports potential reasoning capabilities over
heritage data when integrated with advanced digital twin systems. Compared with earlier
frameworks, this model introduces stronger contextual binding between entities such as
structures, events, and historical phases. This contributes to the interpretability and reuse
of data across systems.

5.4. Implications for Heritage Digital Twins

The findings indicate that semantic layers should be treated as core components
in the development of Heritage Digital Twins. In this study, the proposed framework
represents a foundational layer rather than a complete digital twins system. It highlights
the importance of establishing robust knowledge infrastructures prior to implementing
extensible and update-ready functionalities. Semantic layers should be treated as core
components, not optional extensions. Without them, digital twins remain descriptive
systems. Interoperability improves when ontologies are aligned with domain-specific
heritage concepts. This is especially relevant for large archaeological sites. In this context,
decision support processes can be enhanced when such semantic layers are integrated into
broader systems. Curators and researchers can trace relationships rather than isolated
records. Recent research in digital heritage confirms that cognitive-level twins require
structured semantic grounding to support advanced analytics and Al integration [30].

5.5. Conceptual Framework

The proposed conceptual framework positions ontology at the center of a conceptual
architecture for future Heritage Digital Twins (Figure 10). Data flows from physical reality
into acquisition layers. These layers feed the semantic enrichment module. The ontology
then structures entities and relationships. A knowledge graph layer transforms these
structures into queryable and inferable representations. On top of this, analytics and
visualization modules support interpretation and interaction. The framework also defines
a potential feedback loop through which future updates and new data can be incorporated
into the ontology, enabling incremental system evolution in subsequent digital twins
implementations. This aligns with perspectives on adaptive and learning digital twins
emerging in the most recent literature [29].

5.6. Limitations

The ontology is developed using only a single heritage asset, which limits generaliza-
tion to other sites. Data reliability is constrained by potential inconsistencies in long-term
excavation records and gaps in the records. Recent work highlights the importance of
combining textual and geometric data in heritage modelling [43,44]. However, the ontology
remains primarily text-based and does not formally integrate geometric data (e.g., 3D point
clouds, HBIM geometries). Because expert consensus was reached through joint discussion
rather than independent scoring, inter-rater reliability statistics could not be computed
for the ontology review process. The manual validation approach, while effective, limits
scalability and replicability due to time intensity and expert bias. Computational scalability
was not tested at city-scale, and reasoning remains rule-based without Al-driven inference.
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The study does not implement an operational digital twins system, focusing instead on
semantic infrastructure. Finally, the ontology is developed exclusively in English, limiting
accessibility in non-English-speaking contexts.

5.7. Future Research

Future work should focus on expanding the ontology to multi-site heritage networks,
including explicit temporal and spatial aspects to represent historical layering and support
update-ready platforms [21,22]. Integration with large language models and multimodal
Al systems represents another important direction, particularly Retrieval-Augmented
Generation (RAG) for dynamic knowledge discovery [45]. Automatic validation and
advanced Al techniques should also be explored to overcome the limitations of manual
validation. Other research directions include real-time digital twins updates using IoT and
sensor data, as well as adaptive ontologies that evolve automatically with new discoveries.
Building upon the semantic backbone established in this study, future research should
focus on integrating real-time data pipelines and adaptive components to realize fully
functional Heritage Digital Twins environments.

6. Conclusions

This study presented an ontology-driven approach for modelling and semantically
enriching heritage assets. The results show that structured semantic modelling has the
potential to improve how cultural heritage data is organized, connected, and interpreted.
The proposed ontology reduces fragmentation in heritage datasets and supports a more
coherent representation of archaeological knowledge. The integration of semantic en-
richment with a knowledge graph structure strengthens the link between raw data and
contextual meaning. This connection is essential for Heritage Digital Twins that aim to
move beyond visualization and toward knowledge-based understanding. Recent research
increasingly supports this direction, highlighting the importance of semantic interoperabil-
ity and cognitive-level digital twin architectures in cultural heritage applications. The case
study indicates that ontology-based systems can capture temporal and cultural relation-
ships in a unified structure. This has the potential to improve data traceability and support
more consistent interpretation of complex archaeological environments. The framework
also supports long-term knowledge continuity, which is critical for heritage preservation
and reuse. Findings confirm that semantic layers should be considered a core compo-
nent of Heritage Digital Twins. Without them, systems remain limited to descriptive or
visualization-focused outputs. The study also shows that knowledge graph integration
enhances the usability of heritage data for analysis, interpretation, and decision support.
Despite its contributions, the approach has boundaries. The ontology is validated within
a single site and requires extension for broader cultural and geographic contexts. Fu-
ture systems should also integrate adaptive learning mechanisms and Al-driven semantic
reasoning to increase autonomy and scalability. Recent advances in multimodal Al and
knowledge graph learning provide strong directions for this evolution. The research re-
sults suggest a structured semantic foundation for Heritage Digital Twins. It positions
ontology and knowledge graph integration as a prerequisite layer for future HDT systems,
rather than as a complete implementation, thereby supporting the transition toward more
advanced, dynamic, and intelligent digital twin environments.
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