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Abstract. Just-in-Time is a key lean construction principle aimed at reducing
time, costs, and onsite emissions, but it increases reliance on precisely timed logis-
tics. Integrating construction logistics with traffic and mobility data is currently
hindered by fragmented open data sources and a lack of shared semantics. This
paper investigates the use of large language model (LLM) embeddings to sup-
port ontology engineering for external mobility data that must be aligned with
Just-in-Time construction logistics requirements. We propose a semi-automated
workflow that uses embeddings to cluster domain terms, analyse ontology scope,
identify relevant open data offers from a national mobility data platform, and
suggest candidates for ontology reuse. We approach ontology scope optimization
as a systematic refinement process driven by semantic embeddings. The scope
of the ontology is to provide a structured representation of external datasets and
their linkage points to internal concepts, rather than modeling the internal do-
main itself. A manually crafted baseline ontology serves as the reference for these
mappings, and LLM-embedding-supported insights provide guidance. The results
show that embedding-based methods can uncover missing concepts, improve con-
cept alignment, and highlight reusable ontology fragments. At the same time,
polysemy and unstable LLM outputs underline the need for systematic quality
assurance.

1 Introduction
Just-in-Time (JIT) construction relies on precise logistics and tightly coordinated delivery pro-
cesses. To transport prefabricated modules on time requires adherence to narrow time windows
(Peiris et al. 2023) that are highly sensitive to traffic incidents, road closures, and adverse weather
conditions. These disruptions reduce schedule reliability and increase planning complexity in
time-critical supply chains.

In contrast to onsite fabrication, prefabricated construction methods reduce noise, dust, and
emissions on-site by shifting labor-intensive and subtractive processes into controlled factory
environments (Wang et al. 2024). This supports sustainability goals in urban settings, but
also increases dependence on transport logistics. Large elements must be delivered just-in-
time, synchronized with construction progress, and in sync with site operations, which requires
reliable, interoperable access to real-time traffic, infrastructure, and environmental data.

https://creativecommons.org/licenses/by/4.0/
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However, such data originates from many stakeholders, follows heterogeneous formats, and
is often stored in isolated systems. Fragmentation limits interoperability and hinders informed
decision-making. The rapid growth of open data offerings, such as real-time traffic conditions or
road usage statistics, further complicates the situation, as inconsistent structures and missing
semantics hinder their practical use.

In this context, semantic technologies offer a solution. Ontologies provide shared vocabu-
laries, formalize relationships, and enable consistent interpretation of heterogeneous datasets.
They serve as a key mechanism for implementing the principles for research data (Guizzardi
2020) and for linking traffic conditions, road works, weather information, delivery schedules,
and project requirements into a unified conceptual model. FAIR means that data are Findable,
Accessible, Interoperable, and Reusable.

Yet, ontology engineering is mainly manual. Experts interpret requirement documents, an-
alyze data interfaces, review existing ontologies, derive concepts, formalize concepts, and main-
tain them for consistency. While this approach ensures precision, it is slow, labor-intensive, and
difficult to scale. Reuse is limited by inconsistent documentation and the lack of systematic
mechanisms for validating suitability. Recent advances in natural language processing (NLP)
and large language models (LLMs) present new possibilities. Embedding-based similarity en-
ables the automated extraction of domain terms, clustering related concepts, identification of
structural gaps, and detection of reusable fragments in external ontologies. These techniques can
reduce manual effort while improving the scalability and consistency of ontology development.

The main contribution of this work is the conceptualisation and operationalisation of on-
tology scope optimisation using LLM-derived embeddings to support semi-automated ontology
engineering for construction–traffic data integration. Our research question is: To what extent
can LLM-derived embeddings improve key ontology-engineering tasks—defining scope, select-
ing relevant open data sources, assessing LLM-generated ontologies, and identifying suitable
external ontology fragments for reuse? A manually crafted baseline ontology is compared with
insights from embeddings and LLM-generated variants. The results demonstrate the potential of
modern NLP methods to enhance semantic modelling in construction logistics and to integrate
transport data.

2 Related Work
LLM embeddings (Tao et al. 2024) represent text as high-dimensional numerical vectors that cap-
ture semantic meaning. LLM models such as BERT or all-MiniLM-L6-v2 (Reimers & Gurevych
2024) transform text into vector representations, aligning semantically similar content closely
and enabling comparison based on meaning rather than exact wording.

Recent work has explored embedding-based clustering and LLM-supported ontology learning.
Earlier approaches relied on Word2Vec and classical clustering methods (e.g., by Khan et al.
(2020)), while more recent transformer-based models provide richer contextual representations
(Tao et al. 2024). Several studies investigate the use of LLMs for ontology or knowledge graph
generation (Kommineni et al. 2024, Babaei Giglou et al. 2023, Bakker et al. 2024), highlighting
both the potential for automation and the challenges of structural consistency.

However, existing work focuses primarily on ontology generation rather than on systematic
scope refinement and data-alignment analysis. Our contribution differs in conceptualising ontol-
ogy scope optimisation as an embedding-supported diagnostic and reuse-oriented workflow for
cross-domain data integration.
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3 The Ontology Engineering Framework
3.1 Ontology Engineering Workflow
The proposed framework applies LLM-based embeddings to support semi-automated ontology
engineering for external data sources that must align with internal requirements. Domain terms
are curated from requirement documents and represent the information needs of internal con-
struction and logistics systems. These terms are encoded into a shared embedding space that
serves as a semantic reference frame. In parallel, textual descriptions of external data sources are
processed and embedded using the same model, enabling consistent comparison between internal
terminology and available datasets. By identifying semantically close pairs across both spaces,
the method derives an ontology that describes the structure and linkage points of the external
data. This ontology focuses on how external datasets should be organised and related so that
their content can be mapped to internal concepts, rather than redefining the internal domain
model itself. The approach, therefore, provides a general, reproducible pipeline for embedding-
driven ontology construction well-suited for integration with existing lean construction models.

3.2 Ontology Scope Optimisation
In this work, Ontology Scope Optimisation is defined as the systematic alignment and refinement
of an ontology’s conceptual boundary, presented as competency questions (Noy & McGuinness
2001), to ensure consistency between internal requirement structures, external data availability,
and reuse potential, while minimizing semantic redundancy and structural instability. The
objective is not to expand the ontology arbitrarily, but to calibrate its conceptual scope to span
the competency questions, to reflect both domain requirements and the structure of available
external datasets. Operationally, scope optimisation can be conceptually assessed along four
qualitative dimensions:

• Requirement Coverage: the extent to which extracted domain terms are represented
in the ontology.

• External Alignment: the degree of semantic proximity between ontology concepts and
external dataset descriptions.

• Reuse Potential: the extent to which ontology elements align with established external
vocabularies.

• Redundancy Control: the reduction of semantically overlapping or weakly justified
classes.

These dimensions provide an analytical framework for interpreting the embedding-based find-
ings rather than constituting a fully quantitative optimisation procedure. Within this frame-
work, embeddings function as a diagnostic instrument that supports scope refinement by re-
vealing missing concepts, exposing structural overlaps, and identifying candidates for ontology
reuse.

4 Methodology: Embedding-Based Ontology Engineering
4.1 Manual Baseline Ontology
A hand-crafted baseline ontology was first developed following the methodology of Uschold
& King (1995). Its purpose was to represent open mobility information in a form usable for
construction-related transport processes. Core concepts were derived from the use case of trans-
porting prefabricated building elements and modelled using Chowlk (Chávez-Feria et al. 2022).
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Relevant parts of the Internet of Construction Process Ontology (IOC) (Brell-Cokcan & Schmitt
2024) were reused. The resulting conceptual model is shown in Figure 1.

 

Figure 1: The first hand-crafted ontology for construction extra-logistics.

4.2 Domain Requirements and Term Extraction
A requirements analysis was conducted based on the expert-written data model document,
following the recommendations of Simperl et al. (2009). Fifty-two relevant terms were identified
and grouped into (i) internal concepts related to construction logistics and company systems,
and (ii) external concepts expected from open data sources. These terms formed the basis for
the embedding-based semantic analysis.

4.3 Embedding-Based Semantic Analysis
All terms were embedded using both the all-MiniLM-L6-v2 and the all-mpnet-base-v2 sentence-
transformer model (Siino 2024) and form an Euclidean space. Both behaved similarly. Pairwise
cosine distances, a standard method for semantic similarity comparison, were computed, and
a similarity threshold was applied to generate a graph of the closest relationships. The all-
mpnet-base-v2 model has provided the best quality in sentence embedding in the SBERT.net
comparison 1. Therefore, the semantic similarity visualizations are shown using that.

1https://www.sbert.net/docs/sentence_transformer/pretrained_models.html]
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The similarity threshold determines which weak semantic connections are removed, i.e., those
with a large similarity distance. That distance can be selected. When longer threshold values
are used, the models tend to isolate into islets more likely and can reveal potential clusters.

The workflow is LLM model-agnostic and can be applied to alternative embedding models.
Any of the current more than 10.000 sentence transformers referred in https://sbert.net/2 can be
used. All experiments were conducted using publicly available models and reproducible prepro-
cessing steps. These included text normalisation, lowercasing, and consistent token preparation
prior to embedding. The resulting visualisation, in which the layout optimizes preservation of
defined distances between elements, is shown in Figure 2.
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delay

traffic flow

motorway

traffic jam

traffic incident

traffic disruption

vehicle

location
truck
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historical weather data

warning of extreme weather conditions

delivery time
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material delivery
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delivery date

highway

schedule

road closure

Figure 2: Semantic similarity visualisation of the open mobility data terms.

4.4 Internal–External Concept Alignment
Internal and external terms were embedded jointly to analyse cross-domain semantic alignment.
Cosine distances between the two sets were computed, and the same similarity threshold selection
strategy described in Section 4.3 was applied to ensure structural coherence while avoiding
semantically weak connections. The resulting graph is shown in Figure 3.

2https://sbert.net/
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Figure 3: Semantic similarity between internal and external domain terms.

4.5 Identifying Relevant External Data Sources
Descriptions of external datasets were processed, normalised, and embedded using the same
model to enable consistent comparison. Similarity scores between dataset embeddings and
domain terms were computed following the pipeline illustrated in Figure 4.

 

Figure 4: Pipeline used to identify relevant external datasets based on semantic similarity.

4.6 LLM-Based Ontology Generation Experiments
We evaluated whether large language models can generate ontology drafts from the requirement
text. Microsoft Copilot, Meta’s 70-billion-parameter general-purpose model, and DeepSeek’s
8-billion-parameter reasoning-focused model were used to generate ontology candidates. They
were qualitatively and manually evaluated for term coverage, structural coherence, and the
detection of semantic outliers. The method is comparable to Retrieval-Augmented Generation
(RAG), a framework that improves Large Language Model (LLM) outputs by fetching relevant,
up-to-date information from external data sources.

4.7 Ontology Reuse Detection
The Resource Description Framework (RDF) is a framework for representing information as
triples—subject, predicate, and object. It enables interoperability by providing a common,
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graph-based model for sharing and connecting data across systems. rdfs:label and rdfs:comment
are the standard Resource Description Framework Schema (RDFS) properties for giving human-
readable names and descriptions to ontology classes. Additional annotation properties, such as
SKOS or Dublin Core terms, and contextual data, can extend these descriptions when richer
metadata is required.

RDF labels from the km4city ontology3 were embedded using the same sentence-transformer
model as an experiment. The ontology was selected for its general topic relevance, and future
work on complete set of building environment-related ontology extracts is planned. Nearest-
neighbour matching was performed to identify ontology classes with high semantic similarity
to the extracted domain terms. Table 1 summarises the closest matches identified through this
procedure.

Table 1: Closest km4city ontology concepts for selected domain terms.
Domain Term Ontology Concept Cosine Distance

traffic flow Traffic Flow Observation 0.13
highway Highway stop 0.18
highway Road 0.18
traffic data Traffic observation 0.20
planned route Route 0.22

4.8 Refined Ontology
A refined ontology for external mobility data was produced by consolidating insights from
embedding-based analyses, dataset comparisons, and reuse identification. It specifies the struc-
ture of external datasets and how their elements relate to one another, with explicit links to the
internal logistics concepts identified in the baseline ontology. The updated model is shown in
Figure 5.

5 Findings
The embedding-based analysis yielded several insights that guided the refinement of the ontol-
ogy and validated the usefulness of LLM-derived semantic similarity for integrating construc-
tion–traffic data. These findings emerged from term clustering, cross-domain alignment, external
dataset matching, reuse analysis, and preliminary experiments with LLM-generated ontologies.

5.1 Semantic Structure of the Domain
The clustering results in Figure 2 revealed three interpretable semantic groups: (i) traffic-related
concepts, (ii) temporal and scheduling concepts, and (iii) weather- and environment-related
concepts. The major cluster structures remained stable under small variations of the similarity
threshold during exploratory analysis. A small number of terms appeared as outliers, suggesting
that they are either weakly related to the ontology scope or require more contextual refinement
in the requirement documentation.

3http://www.disit.org/km4city/schema#
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Figure 5: The refined ontology after embedding-based analysis and reuse integration.

5.2 Cross-Domain Alignment Insights
The joint embedding of internal and external terms, visualised in Figure 3, identified several
key bridging concepts between construction logistics and open data sources. transport route and
planned route aligned closely with external traffic concepts such as traffic flow, traffic disruption,
and road closure. These connections confirm that embedding-based similarity can successfully
expose conceptual junctions that a manual review may overlook. Polysemous terms, such as
forecast, which are linked to both weather data and delivery scheduling, highlight the need for
disambiguation mechanisms during ontology design.
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5.3 Detection of Relevant External Data Sources
The embedding-based comparison of domain terms with dataset descriptions uncovered relevant
external datasets that would not have been identified through keyword matching alone. Se-
mantically similar datasets included lane-level traffic information, traffic volume observations,
and geospatial road attributes. One concrete example is the identification of the concept Lane,
which did not appear in the requirement text but is present in several mobility datasets. This
insight directly motivated an ontology extension, demonstrating the value of embedding-driven
discovery for aligning the ontology scope with real data availability.

5.4 Ontology Reuse Opportunities
The reuse analysis based on km4city embeddings (Table 1) identified several well-aligned con-
cepts. The closest matches included Traffic Flow Observation, Road, and Route, which were
subsequently incorporated into the refined ontology. This illustrates that embedding-based sim-
ilarity can act as an effective filter to highlight semantically relevant elements from large existing
ontologies, reducing lookup effort and supporting consistent reuse.

5.5 Evaluation of LLM-Generated Ontology Drafts
Experiments with models such as Microsoft Copilot, Llama3-70B, and DeepSeek-r1-8B showed
that LLMs can propose coherent high-level ontology structures but are not yet reliable for fully
automated ontology generation. Typical issues included out-of-scope classes, incorrect parent–
child relationships, inconsistent property definitions, and occasional degradation into plain-text
summaries. These observations confirm that LLMs require post-processing steps, validation met-
rics, and domain constraints to produce usable ontology artefacts. Nevertheless, the generated
class descriptions (RDF:label) proved particularly useful for refining naming conventions.

To mitigate these issues, structural validation steps were applied to the generated ontology
drafts. These included detection of orphan classes, inspection of subclass consistency, verification
of mandatory object property links, and comparison of term coverage against the manually
developed baseline ontology.

5.6 Impact on the Refined Ontology
The integration of these findings resulted in a refined ontology, shown in Figure 5, with several
improvements: (i) the introduction of lane-level modelling and route segment structures; (ii)
clearer temporal modelling through explicit time window and schedule concepts; (iii) strength-
ened links between traffic disruptions, weather effects, and delivery routes; (iv) alignment of
start and end points of routes with location-based concepts; and (v) incorporation of km4city
reuse candidates.

Cost-related properties (e.g., schema:price and schema:priceCurrency) were additionally
integrated to represent transportation cost constraints in prefabricated construction logistics.

Compared to the initial baseline ontology (Figure 1), the refined model introduces explicit
lane-level modelling, tighter integration of time-window semantics, formally linked reuse ele-
ments from km4city, and cost-related attributes reflecting the economic dimension of transport
decisions. These modifications directly reflect embedding-driven insights from clustering, cross-
domain alignment, and reuse detection.

Together, these enhancements produce a more coherent, data-aligned, and interoperable
ontology that better reflects the structure of available mobility datasets and the operational and
economic requirements of construction logistics.
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6 Discussion and Conclusions
The findings of this study show that LLM-based embeddings can effectively support ontology
engineering. The term clusters and cross-domain alignments indicate that the embedding space
captures meaningful semantic structures of the construction–traffic domain. The comparison
with external dataset descriptions enabled the identification of relevant data sources that key-
word matching would miss, while the reuse analysis demonstrated that embedding similarity
can surface appropriate ontology fragments from existing vocabularies.

In this context, optimisation refers to the systematic refinement of ontology scope through
informed structural adjustments rather than to a numerical optimisation procedure.

These results are particularly relevant for JIT construction, where the transport of pre-
fabricated elements depends on accurate, time-critical coordination. The alignment between
logistics requirements and external mobility data suggests that the refined external-data ontol-
ogy provides a coherent semantic layer for representing mobility information in a form that can
be mapped to lean construction models. These structural refinements provide a semantically
consistent foundation for improving the reliability of planning and execution in time-sensitive
construction workflows.

The study also highlights several limitations. Polysemous terms, such as forecast, show that
embeddings alone cannot resolve contextual meaning. Hallucinations also exist in embeddings,
since they compress meaning into fixed-length vectors; they may not encode logical operators;
they primarily capture surface-level semantic space, and their similarity metrics can’t detect
factual correctness.

Experiments with LLM-generated ontology drafts further indicate that large models can pro-
duce useful class descriptions but remain structurally inconsistent, often hallucinating relations
or collapsing into plain-text output. These issues require explicit validation mechanisms and
human oversight.

Methodological choices—such as model selection, similarity thresholds, and term-extraction
criteria—constitute additional constraints. The reuse analysis considered only one external
ontology, and the method primarily operates on isolated terms, thereby limiting semantic depth.

Future work should explore the use of richer textual context, domain-specific fine-tuning,
and hybrid approaches that combine automated suggestions with expert review. Dynamic on-
tology maintenance and instance-level population supported by LLMs also represent promising
directions, provided that robust quality-control mechanisms are available.

In conclusion, LLM-derived embeddings can meaningfully support semi-automated ontology
development by identifying conceptual clusters, linking internal and external concepts, discov-
ering relevant datasets, and suggesting reuse candidates. Although full automation is not yet
feasible, the approach provides a structured methodology for semantic alignment in heteroge-
neous data-integration settings.

The embedding-based workflow itself remains domain-independent, as it relies on generic se-
mantic similarity computation and graph-based thresholding. Domain specificity arises primarily
from requirement extraction and dataset selection. This separation supports transferability of
the methodological framework to other data-integration domains.

7 Data Availability
The datasets and source code will be published upon acceptance of the paper.
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