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Abstract. Knowledge reasoning for buildings encompasses the systematic evaluation of code
compliance, operational efficiency, sustainability targets, and functional performance. In
recent years, the integration of Semantic Web (SW) technologies, Building Information
Modeling (BIM), with the support of artificial intelligence (AI) to enable building knowledge
reasoning, offers promising prospects for advancing interoperability within the Architecture,
Engineering, and Construction (AEC) industry. However, this also presents challenges in
adapting data agents, ensuring a cross-systems optimization of computational resources for
data processing. This paper adopts a structured "Why–How–What" framework to
systematically review the integration of SW and BIM. Through qualitative and quantitative
analytical methods, three key conclusions are drawn: 1) Driven by BIM development needs
and complex regulatory requirements, automation and semantic interoperability have become
essential. 2) Semantic integration for automated knowledge reasoning is shifting to hybrid,
ontology-driven, and scalable architectures. 3) The integration of BIM and SW for automated
reasoning faces dual-layer challenges in ontology coherence and system scalability, which
manifest as fragmented semantics, model misalignments, and performance bottlenecks.
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1. Introduction
Regulatory and performance reasoning for buildings involves specialized domains such as risk,

sustainability, design compliance, and construction waste evaluations, which relies on comprehensive
building information to measure specific criteria [1–4]. Semantic Web (SW) aims to described
cross-domain information in machine-interpretable languages[5], and it were found useful to increase
the value of Building Information Modeling (BIM) by enabling data integration and search queries
across various data sources[6]. However, traditional workflows often suffer from issues like
information silo, missing data and semantic relationships, leading to unnecessary consumption in labor,
time and cost [7–9]. Accordingly, the development of automated and intelligent systems for BIM-based
regulatory and performance reasoning remains a critical research challenge[10–12], which requires
extensive cross-disciplinary data integration and information retrieval. There are numerous efforts have
been made to integrate SW technologies with BIM[3,13–15].

BIM is defined by international standards as shared digital representation of physical and
functional characteristics of any built object [16], and is known as a shared database and knowledge
center across the whole building lifecycle [17]. Beyond high-fidelity 3D models, it fuses
multi-disciplinary information in a virtual prototype to improve collaboration efficiency [18]. The
Industry Foundation Classes (IFC), as the openBIM data schema approach, attest to BIM’s widespread
application throughout design and construction workflows, which underscore the imperative for
continued BIM advancement to unlock its full potential [19][20].

In recent years, BIM has been integrated with cutting-edge technologies like digital twins, Internet
of Things (IoT), artificial intelligence (AI), blockchain, etc. Emerging BIM workflows in the AEC
domain increasingly incorporate heterogeneous datasets includes spanning psychology, economics, and



related fields, reinforcing the imperative for open, extensible data schema that support rigorous
cross‑domain knowledge integration. In the BIM workflow, building data often suffers from
fragmentation, redundancy, and semantic gaps, reflecting inadequate data and knowledge-mining
methodologies. These deficiencies hinder decision-making and limit BIM’s value in the AEC sector,
while SW technologies provide a new approach for automated cross-domain reasoning.

The global adoption of the World Wide Web is supported by a set of open, standardized protocols
that ensure interoperability across multiple layers from low-level physical and network infrastructures
to high-level application protocols[21,22]. The next generation referred to as the “Semantic Web” by
Tim Berners Lee and others, aims to make information machine-interpretable and processable. It
introduces services such as information agents, search assistants, and data filters, which offer improved
functionality and interoperability over isolated applications[21,23,24]. The implementation of the SW
depends on the continued development of semantic interoperability frameworks[25]. SW technologies
enable the representation of information as structured graphs, facilitating the efficient integration of
heterogeneous building-related data sources, such as Geographic Information System (GIS) data,
facility management (FM) data, etc.[26]. A shift towards the usage of SW technologies implies that
rather than imposing a unified model onto reality, the preferred approach is to interpret, accommodate,
and model the complexity of the real world as it exists. This approach inevitably gives rise to multiple
domain-specific ontologies, each reflecting the unique perspectives and requirements of distinct
communities. Consequently, a central research challenge lies in facilitating meaningful interoperability
and collaboration among these communities without compromising the integrity and efficiency of their
respective conceptual frameworks[26,27]. Therefore, the Linked Data (LD) approach was introduced
as a set of best practices for publishing and interlinking structured data on the Web. It builds upon SW
technologies, including the Resource Description Framework (RDF) and the Web Ontology Language
(OWL), to improve semantic interoperability across heterogeneous datasets[28].

Although LD has advanced BIM-based regulatory and performance reasoning, practitioners still
face hurdles: limited cross-system interoperability, largely manual workflows, and terminology gaps
that hinder expert communication. [6,29]. Existing research efforts have explored partial solutions,
such as isolated ontologies or schema mappings, but they often fall short in terms of scalability,
generalizability, or domain extensibility[30–32]. Moreover, most implementations focus on static data,
while Regulatory and performance reasoning for buildings increasingly require dynamic data
integration[33–35]. As a result, there remains a critical need for systematic understanding and
methodological clarity regarding how SW technologies and BIM data schema can be combined to
support automated reasoning in building regulatory and performance evaluation. Current BIM and SW
integration lack standard frameworks, rely on static data sources, and offer limited support for
cross-domain reasoning.

To discuss and address the gaps above, this paper conducts a systematic investigation into the
integration of SW technologies and BIM data schema within the context of building regulatory and
performance. Specifically, the paper is guided by the following research questions:

(1) Why the integration of SW technology and data schema is necessary ?
(2) How is SW technology integrated with data schema ?
(3) What challenges exist in the integration for building regulatory and performance?

By systematically analysing recent literature and technical developments, this review consolidates
contemporary approaches that integrate SW technologies with data schema to enhance semantic



representation, interoperability, and automation in BIM‑based workflows, and delineates future
research path. The structure is organized as follows: Section 3 addresses the motivations behind
BIM-SW integration (Question 1). Section 4 reviews the current integration approaches, including data
schema and implementation techniques (Question 2). Section 5 analyzes existing challenges and
limitations of the integration (Question 3). Section 6 concludes the key findings and future research
directions.

2. Methodology

This literature review adopts the general principles of a semi-systematic approach for analyzing a
vast body of literature. The raw literature was processed for keyword extraction and semantic similarity
analysis. A literature database, centered on the three previously mentioned issues, is created based on a
detailed analysis of the contents. Subsequently, a hybrid approach is employed to analyze the database.
This involves the quantitative literature review method and qualitative analysis of relevant articles
through the narrative review method, with both approaches complementing each other. This process
culminates in a critical analysis of the literature in the relevant field.

This review retrieved literature from Web of Science, Scopus, and ScienceDirect using the
keywords“Semantic Web, BIM, Data Schema, Linked Data” , yielding an initial collection of 792
relevant articles. A subsequent data-cleaning process was conducted to remove publications with
missing or incomplete data, leaving 692 articles for further analysis. A series of filtering criteria were
then applied. First, the publication year was restricted to the period from 2015 to 2025. Next, a lexical
analysis of article titles and conclusions was conducted, excluding papers that did not explicitly
mention key terms such as "Semantic Web," "ontology", "BIM," "integration," or "Linked Data." This
refinement process narrowed the selection to 286 articles. To ensure the inclusion of only the most
influential studies, an impact-based filtering criterion was applied, selecting the top 30% of articles
based on their citation counts, ultimately yielding 82 high-impact papers. Finally, a backward citation
analysis was conducted, identifying additional relevant works from the reference lists of the selected
articles that met the predefined criteria. This step expanded the dataset to 117 articles, forming the
foundation of the literature database for this study. The scheme of the stages of selection of articles
selected for analysis can be seen in Fig. 1 below.



Fig. 1 Data collection process for PRISMA and overall methodological framework

In addition to the overall filtering and evaluation process, this study further constructs thematic
sub-corpora corresponding to the three research questions. For each topic, a secondary round of
keyword-based filtering and manual screening was conducted to ensure thematic relevance. Text
mining techniques such as Latent Dirichlet Allocation (LDA) topic modeling and K-means clustering
were applied to analyze each subset and extract key insights. This dual-layered analytical strategy (Fig.
1) enhances both the systematic structure and the analytical depth of the review, enabling precise
answers to each research question.

3. The Motivations for Integration

BIM is transitioning fundamentally from a data storage system to a knowledge-centric
platform[26,36,37]. Parallel to this evolution, SW technologies have emerged as a critical enabler for
BIM to support ontological representation, semantic linking, and logic-based reasoning [38–41]. This
chapter unfolds through three key aspects: First, it analyzes the growing need for semantic
representation and data interoperability in BIM development; second, it discusses how SW
technologies can improve BIM in future development; finally, it employs a conceptual association
graph to reveal the pressing demand for automated reasoning in regulatory compliance and
performance assessment domains.

3.1 The Need for Advancing BIM Development

Based on related research[42], Fig. 2 presents selected milestones in the development of (i) data
schema in BIM, (ii) Semantic Web technologies, and (iii) the integration of BIM and SW in AEC
sector. The development of BIM has shown three major trends: data schema standardization, semantic
representation, and integration with intelligent systems.



Fig. 2.Timeline and milestones for the development of three different backgrounds[42]

During the 1990s and early 2000s, the development direction of BIM focused on standardized data
schema such as IFC, CityGML, and COBie, which supported structured information exchange across



different project stages[43–46]. At the same time, the Semantic Web community matured by
establishing standards including RDF, OWL, and SPARQL Protocol and RDF Query
Language(SPARQL), providing the foundation for machine-interpretable and interoperable data
modeling[44,47–49]. The 2010s marked a turning point. The introduction of IFCOWL, IFCJSON, and
cloud-based BIM platforms reflected BIM's shift toward lightweight and compatible data structures
suitable for Web integration[50–52]. Meanwhile, the growth of multidimensional BIM and
IoT-enhanced models enabled context-aware and real-time data integration [53,54]. Since the 2020s,
research has increasingly focused on linking BIM with knowledge from other domains through
platforms that support data interoperability, reasoning and automation. Recent developments in BIM
within the AEC industry have increasingly focused on enabling automated compliance checking[55],
monitoring construction processes[56,57], and facilitating the implementation of semantic digital twins
for enhanced information interoperability[58,59].

To analyze the main research domains and trends of BIM, 2,937 engineering articles published
between 2014 and 2025 were retrieved from Web of Science using the title keywords "BIM" and
"Building Information Modeling". Texts were preprocessed by tokenization, stop-word removal, and
normalization. LDA was used to extract latent topics, followed by semantic embedding and K-means
clustering to group thematically similar articles into subtopic clusters.

Fig. 3 shows clustering results for the years 2020–2024. Six major BIM application areas are
presented aligning with 22 subdomains. The width of each band represents publication volume.
Since 2020, BIM development has pivoted from focusing on design and construction toward
downstream operational applications that involves digital twins, real‑time monitoring, and predictive
maintenance. Emerging topics like IoT integration and facility management reflect growing focus on
post-construction phases. Notably, research in O&M and urban planning has increased, along with
subdomains like digital twins, Real-Time Monitoring & IoT Integration, BIM–GIS Integration,
BIM–FM Integration, Green Building & Carbon Footprint, and BIM Adoption Strategy.

Fig. 3. Analysis of BIM Technology Development in Application Areas

In summary, recent developments in BIM research and practice reveal a trend toward semantic
enrichment, interoperability, and data-driven infrastructures. As evidenced by the evolution of data
schemas and thematic clustering of BIM application areas, BIM is moving beyond traditional
design-central applications. Key areas of growth include semantic digital twins, IoT-integrated
monitoring, and advanced applications in facility and urban management. These trends reflect the
increasing emphasis on lifecycle intelligence, cross-domain data integration, and automated decision



support, highlighting the strategic role of semantic technologies in the development of BIM. BIM
emerging workflows are shifting toward semantically intelligent architectures as shown in Fig. 4.

Fig. 4 Overview of Emerging BIM Frameworks

3.2 Semantic Web Contributions to BIM

To summarize the key technical strengths of SW technologies, this subsection conducts a
quantitative analysis of 788 articles published over the past decade, retrieved from Web of Science
with "Semantic Web" in the title. Natural language processing(NLP) and text mining techniques were
applied to the dataset, combining TF-IDF extraction, co-occurrence analysis, and manual validation.
Based on this three-step method, five key categories of Semantic Web capabilities were identified, as
summarized in Table 1.

Table 1. Summary of the Key Capability of SW

Based on the summary in Section 3.1, this subsection provides a qualitative analysis of the
potential of SW technologies to support the development of advanced BIM research fields, as
illustrated in Fig. 5. Previous studies show that SW technologies enhance several facets of BIM, and
indicates they will remain pivotal in upcoming BIM research, particularly in automated rule‑checking,
digital twin interoperability, and lifecycle asset management. Within the BIM-based integration trend,
SW facilitates the use of OWL-based object-oriented programming to model domain-specific
knowledge in areas such as IoT, GIS, FM, and performance evaluation, thus constructing specialized
ontologies. This approach can address the challenges of data heterogeneity and semantic loss during
data interoperability. In cases of incomplete data, SW technologies leverage the rich semantics stored



within knowledge structures and utilize rules such as SWRL to conduct advanced reasoning beyond
structural relationships, thereby driving the development of automated reasoning systems[60,61].
Furthermore, the graph-based nature of RDF provides a flexible and expressive data model for linking
heterogeneous information. Leveraging this structure, SPARQL enables semantic-rich querying of
interconnected knowledge bases, enhancing the automation of BIM-related systems[25,49].

Fig. 5.Mapping Semantic Web Technologies to BIM Advanced Research Fields[17]

Overall, the integration of BIM with SW technologies provides flexible and open data schema for
building data, laying the foundation for the BIM-based integration trend. Furthermore, it underpins
advanced reasoning and high‑performance querying across the resultant linked knowledge bases,
putting BIM toward an intelligent and seamlessly integrated multi‑source ecosystem.

3.3 The Need for Automating Reasoning for BIM Knowledge

A conceptual association map (Fig. 6) derived from journal articles related to "Regulatory and
Performance Evaluation for Buildings" published over the past decade (2015-2025). This figure
extracts keywords from the literature using NLP and co-occurrence analysis, and constructs an
association network between the keywords. The relationships are visualized using a force-directed
layout, where related keywords are positioned near each other. The node size reflects the frequency of
the keyword in building related evaluation and assessment, while the node proximity indicates its
association.



Fig. 6.The conceptual association map around Regulatory and Performance Evaluation

Fig. 6 reveals two critical research demands centered on building regulation compliance and
performance assessment: (1) automated intelligent processing of evaluation procedures, and (2)
cross-domain integration. Co-occurrence analysis highlights a growing trend in AI-driven automation,
with terms like “Artificial Intelligence,” “Machine Learning,” “Simulation,” “Optimization,”
“Efficiency” indicating a move toward algorithmic regulation analysis and large-scale data-driven
evaluation; second, a demand for cross-disciplinary integration, evidenced by the linkage of “Climate
Change,” “Energy,” “Sustainability Assessment,” and “Design,” which underscores the need to merge
environmental metrics with design and construction data. Together these clusters portray a discipline
moving toward holistic, knowledge-unified assessments powered by intelligent computation.

To address these dual demands of automated intelligent processing and cross-domain
integration, SW technologies offer promising solutions. As inferred from the Fig. 6 and Table 1,
semantic techniques mitigate these challenges through ontology engineering, rule-based reasoning, and
RDF-based data integration. Domain ontologies formalize building regulations, performance metrics,
and related concepts, unifying architectural, energy-environmental, and regulatory standards to
eliminate terminological and format inconsistencies. Rule engines then execute encoded requirements
for automated compliance checks, while Linked Data converts heterogeneous sources into a shared
semantic network, enhancing cross-platform interoperability and enabling evaluation systems to draw
on multi-source knowledge.

Recent advances have demonstrated the potential of combining BIM and SW technologies for
knowledge reasoning in regulatory and performance contexts. For instance, Corry et al. [32] developed
a performance assessment ontology integrating BIM, simulation results, and sensor data, and used
SPARQL-based reasoning to automate lifecycle performance evaluation. Zhao et al.[30] built a
rule-checking framework that translates green building criteria into SWRL rules, enabling automatic
violation detection using SPARQL queries.

In summary, the ability of Semantic Web technologies such as ontology modeling, rule-based
reasoning, and data interoperability provides an effective method to enhance BIM for addressing the



dual challenges of automation and cross-disciplinary integration in regulatory compliance and
performance assessment. This approach promises to establish an intelligent and automated evaluation
framework, advancing the AEC field toward greater intelligence and sustainability.

4. The Approaches to Integration

To achieve the integration of BIM data schema and SW technologies for knowledge reasoning in
building evaluation, researchers have proposed various technical pathways that differ in semantic
depth, operational complexity, and application scenarios. Section 4.1 provides an overview of three
mainstream integration approaches: the knowledge graph-based integration approach, the semantic
enrichment approach with added semantic annotations, and the ontology-driven Linked Data
integration approach. Section 4.2 discusses the BIM and SW data schemas used during the integration
process, as well as the approaches for converting between these data schemas. Section 4.3 focuses on
the ontology-based Linked Data integration approach, which is considered to be the most mature and
have the potential for standardization. This approach is divided into three stages for a more detailed
discussion.

4.1 Overview of Integration Approaches

The knowledge graph-based integration approach is categorized into two types based on whether
the creation process directly materializes and modifies the data schema of the BIM data. The
materialized knowledge graph creation process relies on data warehousing where the data are loaded
and stored in an RDF format in a physical database, such as Virtuoso RDF triplestore. The virtual
knowledge graph creation process refers to a approach where the data remains in the sources in raw
format and is accessed as needed during query time[62]. As Lilis et al.[7] utilized the materialized
knowledge graph approach to construct a knowledge graph for building mechanical, electrical, and
plumbing (MEP) systems. The study extracted geometric information from the IFC schema and then
used the automated relationship checking tool to infer missing geometric relationships. Based on the
defined ontology for semantic classification and definition of BIM elements, these relational data were
converted into semantic relationships and mapped as ontology instances, resulting in a structured
knowledge graph. This knowledge graph then supported fault diagnosis, equipment management, and
maintenance planning in building operations and maintenance. Jain et al.[62] focused on the fields of
smart grids and energy management, integrating multi-source heterogeneous data from systems such as
SCADA, power generation units, and meteorological stations while maintaining the original storage
formats. Through R2RML/RML mapping rules, they used virtual knowledge graph technology to
dynamically map this data in real time into RDF triples that conformed to domain ontologies, enabling
ontology-based semantic querying and reasoning. This approach, driven by rule-based data access,
ensured data timeliness and system flexibility, while avoiding the storage and synchronization burdens
associated with data materialization.

The graph-based semantic enrichment approach focuses on enhancing the semantic expression and
intelligence level of data by introducing ontology semantics, contextual information, and reasoning
rules based on the existing BIM data. These approaches not only focus on structural transformation of
the data but also emphasize the enrichment of semantics and the improvement of reasoning capabilities,
supporting more complex semantic analysis and applications. For example, Kayhani et al.[3] utilized
the developed BIM2Graph module to convert BIM data in IFC format into a graph structure during



building quality assessments. They then used the ifcOWL ontology to assist in extracting and encoding
semantic information from the IFC data, combining the multi-dimensional features of graph structure
nodes and edges to enable semantic reasoning. Forth and Borrmann et al.[1] conducted their study
using BIM data in IFC format, integrating external databases of spatial types and construction
materials. They employed semantic text similarity techniques and multilingual fine-tuning of
pre-trained large language models to achieve automatic matching and supplementation of BIM data
with rich semantics. By automatically adding semantic information such as functional types and
thermal performance parameters to spaces and components within the BIM model, the semantic
expression of the model was enriched, supporting building energy consumption performance
simulations.

The ontology-driven Linked Data integration approach relies on the ontology as a semantic
standard and a unified conceptual framework. By combining the principles of Linked Data and using a
unique Uniform Resource Identifier (URI) for data linking, it enables semantic interoperability and
machine-interpretability between datasets. Compared to the previous two integration approaches, the
ontology-driven Linked Data integration approach offers higher standardization and openness,
providing greater advantages in cross-domain integration[6]. This integration approach will be divided
into three operational stages and discussed in more detail in Section 4.3.

4.2 Data Schema in the integration

As shown in Fig. 2, to meet the open development needs of BIM, several standardized open data
schemas have emerged, such as IFC, gbXML, CityGML, and others[45,63]. Among these, the IFC data
schema has developed multiple serialization standards, such as IFCXML, IFCJSON, and IFCOWL, to
accommodate different exchange requirements[43,64,65]. In addition, BIM data is often stored in
proprietary software formats, such as RVT format in Revit and PLN format in ArchiCAD. When
exchanging data with other domains, these proprietary formats typically use IFC format as an
intermediate data schema for conversion. The Semantic Web is underpinned by RDF, a graph-based
data model that represents semantic information as triples. On this basis, various expression and
exchange formats exist, such as Turtle, N-Triples, and JSON-LD, which are serialization standards for
RDF[66,67]. OWL, built on top of RDF, is a Web ontology language that enables more expressive
logical reasoning.

Various data schemas and mapping approaches have been proposed to support BIM and SW
integration for building regulatory and performance evaluation. For example, Chen et al.[14] utilized
an IFC-to-RDF converter to convert the IFC data format in the Express schema into RDF and directly
store it in a graph database during their research on building life cycle assessment. Corry et al,[68]
constructed the SIMModel ontology for building performance evaluation and developed a
SIMModel-to-RDF converter based on this ontology to convert IFC, gbXML, and building simulation
software result data into RDF format, which was then stored in the ontology. Similar to this conversion
approach, Kaltenegger et al.[69] conducted research on the performance evaluation of building
materials. They used an IFC-to-LBD converter to convert BIM data in IFC format into RDF, which
was then stored in the developed ontology. The former employed a dedicated converter, whereas the
latter adopted a standardized reusable tool.

Based on the analysis of the above research, it can be inferred that when BIM data schemas are
integrated with SW, the BIM data typically exists in the IFC schema and is then converted into RDF or
OWL formats using various approaches. Since OWL is a semantic enhancement language built on the



RDF framework, the subsequent discussion in this paper will focus on OWL within the RDF
framework, in order to provide a more systematic description of the integration approaches between
BIM and SW.

Table 2.IFCSPF vs IFCXML vs IFCJSON vs IFCOWL

4.2.1 The Standard Data Schema

One of the most important purposes of BIM is to facilitate seamless information exchange [70].
However, as BIM evolved, it became evident that the accumulation of heterogeneous and



non-standardized data posed challenges. This realization underscored the necessity for a unified
information format that would enable consistent collaboration across relevant building data. The IFC
schema defines the data model for the IFC standard, written in the Express language, as specified in
ISO 10303[71]. Express was designed to model the complex relationships inherent in industrial product
data[72]. The strict syntax of Express ensures the semantic consistency of BIM data, although it
remains predominantly confined to the engineering domain.

In practice, the earliest and primary data representation format for IFC is IFCSPF, a plain text
format based on the ISO 10303-21 standard. IFCSPF uses a compact, ID-referenced structure to store
IFC entities and their relationships. As the standard format for data interoperability in traditional BIM
systems, IFCSPF remains essential for data storage compatibility with software. However, due to its
linear structure and limited readability, IFCSPF’s applicability in modern web applications and
Semantic Web environments is restricted, particularly regarding external data exchange and query
flexibility[73]. And IFCXML was announced at the IAI International Conference as the XML schema
specification of IFC EXPRESS[65]. In 2007, IFCJSON emerged as a more lightweight alternative,
designed for web applications, API interfaces, and data transmission[74].As an OWL-based version of
IFC, IFCOWL overcomes these limitations by translating building data into an ontology compatible
with the Semantic Web[74]. Once converted, BIM entities become RDF/OWL classes and properties,
enabling SPARQL querying and automated reasoning while remaining interchangeable through
standard serializations (.owl, .rdf, .ttl). Although these syntaxes differ in readability, they convey the
same semantic model; Table 2 shows the TTL version and contrasts IFCXML, IFCJSON, and
IFCOWL. More than an exchange format, IFCOWL embeds BIM in the broader Linked-Data
ecosystem, unlocking cross-domain interoperability and richer analytics for the AEC sector.

There is a considerable parallel between the buildingSMART initiative to specify and standardize
IFC for the construction industry and the W3C's effort to develop RDF as a standard for Web data [24].
The early Web was designed primarily for human consumption and could not be interpreted by
machines, making large-scale automation difficult to achieve. To address this limitation, the concept of
the SW was introduced to describe Web content using machine-interpretable metadata, thereby
enabling automated processing of domain resources. In this context, the RDF was proposed in 1999 as
a metadata model to provide a rule-based paradigm for describing resources in a domain-independent
manner, allowing for the representation of information across diverse fields[75].

Information presented in RDF is represented as a graph of nodes and edges. Nodes represent
entities or values, while edges define the relationships between them.This represents the fundamental
unit which is used for knowledge representation, and it is commonly referred to as a ‘triple’, which
follows a pattern to natural spoken languages: 'Subject -> Predicate -> Object'(SPO)[76].Because RDF
graph model is not confined to a rigid table structure, adding new nodes or relationships does not
require changes to the overall structure. This flexibility enables the data model to evolve organically,
making it more scalable. In contrast, traditional structured data schema are too rigid to handle the
complex modeling needs of dynamic and interrelated data. This aligns with the original intention of the
SW to provide a flexible and unified paradigm for describing all resources on the Web.

An ontology is a formal framework for representing knowledge by defining the concepts,
properties, and relationships within a specific domain. In the context of the Semantic Web, ontology
provides a semantic description of data, enabling machines to understand, reason, and perform queries
to support decision-making[77]. RDF serves as foundational technologies for expressing ontology in a
machine-interpretable format. However, although RDF effectively represents data as triples, advanced



tasks like semantic analysis, and structural inference require additional technologies [47]. To enhance
RDF’s basic semantic modeling capacity, RDF Schema (RDFS) was introduced, enabling RDF files to
store and infer structural relationships within data. Yet the real world often involves more complex
logical relationships, constraints, and rules. Enabling machines to understand such information is one
of the key challenges in constructing the Semantic Web[25]. To address these requirements, the OWL
was introduced to offer richer constructs for knowledge reasoning and inference. Consequently, OWL
has become the mainstream choice for ontology development, whereas RDF Schema provides
lightweight schema capabilities and is therefore reserved for simpler vocabularies.[24].

4.2.2 The Mapping of Data Schema

As discussed in Section 4.2.1, traditional formats such as IFCXML and IFCJSON are commonly
used for data exchange. However, these formats primarily focus on structured syntactic representation
and lack the semantic depth required for advanced querying, reasoning, and cross-domain
integration[25,65,74]. To overcome these limitations, recent research has increasingly explored
transforming IFC data into RDF and OWL formats. This transformation enables the encoding of
semantic relationships inherent in BIM models into machine-interpretable triples, thereby facilitating
semantic reasoning and cross-domain discovery.

Four principal approaches for converting IFC data into RDF/OWL representations (Fig. 7), each
characterized by distinct semantic expressiveness, flexibility, and applicability:
1) Direct Triple Mapping.

This approach involves the direct transformation of IFC elements and their properties into simple
RDF triples without relying on a formal ontology. It flattens IFC structures into SPO patterns, enabling
basic publishing of BIM data on the Web[78,79]. This mapping approach directly converts each IFC
data entry into SPO triples, where each entity exists as the subject, and the resulting RDF triples are
merely a flat representation of the original facts. Tools such as IfcOpenShell, IFC-to-RDF converter
can be used in this context[14]. This approach is simple and efficient but lacks the semantic and
structural complexity required for advanced integration or querying[78].

The integration process of the knowledge graph relies on direct triple mapping to convert IFC data
into RDF for the rapid construction of knowledge graphs. For example, Chen et al.[14] used the
IFC-to-RDF converter tool to convert IFC files into RDF, Corry et al.[68] developed the
SIMModel-to-RDF converter to transform IFC, gbXML, and building simulation software result data
into RDF, and Kaltenegger et al.[69] used the IFC-to-LBD converter to convert BIM data in IFC
format into RDF. Jain et al.[62] mapped these data in real-time into RDF triples compliant with domain
ontologies using R2RML/RML mapping rules. This direct mapping approach allows for the conversion
of building data into RDF without the need for an ontology, making it suitable for rapid conversion of
small scale foundational data. However, this mapping approach cannot support complex reasoning and
deep semantic queries, which limits its use in advanced semantic applications.

Although direct triple mapping is simple, it still holds potential for further development as a
fundamental step in the SW technologies chain. The development of conversion tools based on
standardized ontologies represents a key direction for the evolution of the direct triple mapping
approach. For example, the IFC-to-LBD converter transforms IFC data into RDF compliant with the
Linked Building Data (LBD) framework. The LBD framework employs widely recognized modular
ontologies such as Building Topology Ontology (BOT) and Product Ontology (PROD), which ensures



semantic consistency and standardization in the conversion[69]. Such tools broaden the applicability of
direct triple mapping and reduce the need for manual development of custom solutions. Research on
the automation of mapping rules[62,80] is also a promising direction. This integration of knowledge
graphs offers advantages in handling dynamic data, and through the automation of mapping rules, it
can promote the overall automation and intelligence of the integrated system.
2) Graph Model Mapping

The graph model mapping is an approach for representing IFC data as graph structures. By
parsing IFC data, this approach represents building elements as nodes and their interrelationships as
edges in a graph, thereby preserving spatial and topological information in a graph structure. Based on
this, semantic encoding techniques are used to vectorize the representation of nodes and relationships,
enhancing the semantic expression ability of the graph data. By integrating ontologies, semantic
annotations are added to enrich the graph’s semantics, enabling not only structural representation but
also supporting complex semantic reasoning [3,81]. The converted graph data is stored in graph
databases, facilitating information querying and graph-based ML analysis. This approach breaks
through the linear representation of traditional triples, providing a semantically rich data schema. It is
important to note that the graph structure data refers to non-standardized graph data without detailed
relationship definitions and classifications. In other words, this approach does not preserve the
semantic information from the original building data when converting it into graph structure data, and
it relies on subsequent semantic encoding techniques to enrich the data semantically.

The graph-based semantic enrichment approach adopts this data conversion approach,
transforming complex building data into graph structures to facilitate processing using techniques like
ML and graph neural networks (GNN). For example, Kayhani et al.[3] used the BIM2Graph module to
convert the IFC data into a graph structure. They then applied IfcOWL for semantic enrichment of the
graph model, converting it into a vector format, and used graph neural networks for semantic
reasoning. Wang et al.[82] employed the graph model mapping approach to transform complex BIM
data into a graph data model. Based on this graph structure, they used graph neural networks to
semantically classify spatial units within the BIM model, achieving semantic enhancement.

Compared to ontology-based mappings, graph model mapping integrates structural and semantic
information, enhancing the intelligent processing capabilities of the data better. Traditional mapping
approaches rely on rules or static ontology, making it difficult to support large-scale ML and dynamic
semantic mining. In contrast, graph models can scale to support various data types, making them
suitable for multi-source heterogeneous data integration[81]. Compared to traditional ontology-based
mapping approach, the graph model mapping approach for building data remains at an early stage, but
it demonstrates strong potential for future development[82].
3) Ontology-based Mapping.

The Ontology-based approach relies on standard ontologies such as IfcOWL, to semantically align
IFC entities with domain concepts. This involves developing or reusing domain ontologies to represent
concepts, properties, and class hierarchies relevant to the built environment[83,84]. IFC entities are
then mapped to instances of these ontologies, preserving their semantic structure and enabling semantic
reasoning.

In research on ontology-driven Linked Data integration approaches, the ontology-based mapping
approach is commonly used for data schema conversion. For instance, Boje et al.[85] employed
ontology-based mapping to integrate IFC data with pedestrian simulation outputs and evacuation rules,
enabling semantic querying and reasoning for safety evaluation. Such approach is suited for



applications requiring knowledge-based decision support, although it demands high modeling effort
and domain expertise. Shi et al.[86]constructed a unified City Information Model (CIM) ontology
framework to semantically integrate BIM (IFC format), GIS (CityGML format), and IoT data. By
utilizing existing standard ontologies such as IfcOWL, CityGML ontology, Brick, and Semantic Sensor
Network (SSN) ontology, they achieved unified modeling and semantic abstraction of multi-source
heterogeneous data, addressing the heterogeneity and semantic discrepancies between different data
schemas.

Compared to other data schema conversion approaches, the ontology-based mapping requires
more expertise and effort to develop, and therefore remains less widely adopted. However, this
approach is more standardized and reusable. The ongoing construction of standardized ontologies is
one of the key directions for the development of ontology-based mapping [1,21]. The emergence of
domain-specific ontologies will facilitate fine-grained semantic alignment and promote data exchange.
Additionally, ontology construction and mapping still rely on domain expertise. Automated and
semi-automated ontology alignment and mapping generation tools will become important breakthrough
points. Some studies have already used technologies such as ML [87], NLP, and GNN [3,88] to assist
in the automatic discovery of correspondences between ontologies, improving mapping efficiency and
quality.
4) Lightweight Ontology Mapping.

To simplify alignment, the lightweight mapping approach extracts essential semantics from IFC
files while skipping detailed geometry. The approach utilize modular ontologies such as BOT [21] and
PROD [89] to construct linked building data frameworks. Tools like IFC-to-LBD automate this
process, offering a scalable and web-friendly solution for semantic BIM data publication. the
lightweight ontology mapping approach strikes a balance between expressiveness and practicality,
making them suitable for large-scale web integration and Linked Data applications.

Currently, the use of the lightweight ontology mapping approach for building data schema
conversion is less common in practical cases and focuses on the FM fields. In these researches, Wagner
et al.[90] employed the lightweight ontology mapping approach to construct a modular and simplified
Building Product Ontology (BPO). Through semantic abstraction and simplification, they mapped
complex BIM data to core ontology classes and properties, enabling a lightweight RDF/OWL
representation of the original IFC schema.



Fig. 7. Four Main Mapping Approaches

The lightweight ontology mapping approach is an extension of the ontology-based mapping
approach. However, unlike the latter, it uses standardized, reusable lightweight ontologies. These
ontologies define and filter the required data types at the ontology level, whereas the ontology-based
mapping typically requires the development of domain-specific ontologies for data mapping. In
addition to enhancing reusability through ontology standardization, this approach reduces storage
requirements and minimizes computational and human effort resulting from redundant data conversion
[90].

Each of these approaches serves distinct integration needs, ranging from direct RDF mapping to
the lightweight ontology mapping. Fig. 7 summarizes their characteristics in terms of semantic richness,
tool support, reasoning capability. The choice of mapping strategy should align with the application
context, complexity of required semantic information, and interoperability level. According to current
literature, direct triple mapping is more suitable for converting data of any scale where semantic
requirements are low, and it offers particular advantages for large-scale data conversion. Among the
four approaches discussed, it is the fastest, though this speed comes at the cost of relatively coarse data



handling[14,32,62]. The graph model mapping approach is suited for scenarios that require intensive
computational operations on building data. This approach is typically combined with graph algorithms
and ML techniques to support advanced data processing[3,81,91]. By contrast, the ontology-based
mapping is the most standardized and semantically rich approach, and considered as the most
promising for achieving deep integration between BIM and Semantic Web technologies. It enables the
most comprehensive use of building semantic information, but current research indicates that ontology
construction remains labor-intensive and demands a high level of domain expertise[85,86]. The
lightweight ontology mapping approach can partially alleviate this issue through the reuse of modular
ontologies. However, beyond the facility management domain, substantial effort is still required to
develop domain-specific ontologies for effective data conversion[89,90].

4.3 Linked Data

The ontology-driven Linked Data integration approach has advantages over the other two
integration approaches in terms of standardization prospects and maturity[6]. This integration approach
can be analyzed in three stages according to its operational process: data schema mapping,
cross-domain integration, and storage and query. This division not only helps to clarify the operational
flow of the integration approach but also aids in analyzing the characteristics of each stage and their
interactions.

The data schema mapping stage mainly refers to converting heterogeneous data into a unified
semantic representation, ensuring the structuring and semantic consistency of the data. Cross-domain
integration focuses on how RDF/OWL data from different domains or storing different information can
be integrated and operated. Storage and query concentrates on how the integrated data can be
efficiently stored and queried through query languages to support automated reasoning and intelligent
decision-making.

Section 4.2.2 provides a detailed analysis of the data schema conversion stage involved in the
three integration approaches. The follow sections will review and discuss the latter two stages.

4.3.1 About Linked Data

Based on the fundamental standard defined by the W3C, Linked Data is a set of principles aiming
to establish semantic relationships across heterogeneous data sources[92,93]: using unique identifiers,
connecting data through URIs, representing data in RDF, and enabling queries via SPARQL. As BIM
systems evolve to handle multi-source and heterogeneous data, LD has emerged as a promising
approach for enabling effective cross-domain integration through semantic linking.

The ontology-driven integration approach leverages standardized ontologies, such as IfcOWL, as
shared semantic models to represent BIM data in RDF/OWL, enabling compliance with Semantic Web
principles and facilitating interlinking via URIs. By ensuring semantic consistency and structured
representation, this approach facilitates semantic-level integration of BIM data with heterogeneous
domain datasets, enhancing both data reuse and mining[8,94].

4.3.2 Cross-domain Integration

Linked Data technologies are used to achieve seamless data interoperability. However, converting
IFC data into RDF alone does not fulfill the core principles of Linked Data, which depend on linking
heterogeneous datasets semantically to enable interoperable querying and reasoning. Since data from



different domains are often described using distinct ontologies, the integration of these ontologies is
essential to enable cross-domain integration. Based on current research, this paper categorizes cross-domain
ontology integration approaches into the centralized ontology integration approach and the distributed ontology
integration approach, depending on whether a unified, centralized ontology is established.

Both the centralized ontology integration approach and the distributed ontology integration
approach begin with the identification of relevant concepts across domain ontologies. This step
involves lexical analysis algorithms, NLP techniques, and manual inspection to analyze the description
logic, class definitions, and hierarchical structures of each ontology. The goal is to detect identical or
similar concepts that can be aligned in subsequent steps[85][13]. In the centralized ontology integration
approach, similar concepts across ontologies are mapped using a set of predefined rules, resulting in a
unified ontology that incorporates all non-overlapping domain knowledge. For example, Ren et al.[13]
used SWRL rules to map IFC industrial entities to domain ontology concepts by generating equivalent
axioms. These rules also enabled the inference of implicit knowledge based on logic relationship.
Similarly, Shi et al.[86] converted original data into RDF format and constructed a unified semantic
model using standard ontologies such as IfcOWL, CityGML, Brick, and SSN. SWRL rules were
applied to define concept mappings and enrich property definitions, thereby achieving semantic fusion
of heterogeneous data sources. In contrast, the distributed ontology integration approach typically
employs a mediator ontology that acts as a bridge between distributed domain ontologies. Each pair of
ontologies aligns concepts through the mediator, forming an interconnected ontology network that
supports subsequent reasoning and querying. For example, Boje et al.[85]used intermediary ontologies
to align building, rule, and evacuation simulation ontologies in constructing an automated evacuation
evaluation system.

Both integration approaches present distinct advantages and limitations. The centralized ontology
integration approach offers faster reasoning and query, with fewer conflicts in concept definitions.
However, incorporating new ontologies into the centralized ontology often requires significant manual
effort and time[13,86]. In contrast, the distributed ontology integration approach supports greater
flexibility and fault tolerance, making it more suitable for dynamic and evolving data environments.
This approach typically results in slower reasoning and query performance[85]. Due to its modularity
and standardization, the distributed approach holds strong potential for future development.
Nonetheless, for domains with limited future expansion needs, centralized integration remains a more
appropriate choice, particularly when stable and efficient ontology management is required.

Fig. 8.Centralized Ontology Integration



Fig. 9.Distributed Ontology Integration

4.3.3 Storage and Query

Although ontology alignment and semantic mapping enable cross-domain integration, the
effective storage and querying of heterogeneous, multi-source data still pose significant technical
challenges. Due to the high dimensionality, strong interrelations, and semantic complexity of integrated
data, traditional relational databases often fall short in terms of flexible storage and semantic querying.
Thus, storage and querying mechanisms are essential for ensuring data availability and knowledge
reasoning.

In terms of data storage format, RDF recognized as the standard data model of the Semantic Web
is applied for representing BIM data to enable automated reasoning[75]. Storing in RDF format
supports semantic querying and reasoning and is suitable for cross-domain integration and analysis.
However, it suffers from performance bottlenecks when handling large scale database, often leading to
long query response times[75]. Moreover, RDF's data redundancy, for example, repeated storage of
object identifiers for multiple properties, can result in large file sizes. Graph databases offer a more
flexible extension to the RDF triples storage[76] which are efficient in handling complex semantic
relationships, particularly suited for representing spatial and topological relationship in building data.
This approach also supports real-time querying and reasoning, which is critical for dynamic data
handling in O&M scenarios[95]. However, this approach often requires a higher technical threshold.
Storing in OWL format refers to structuring domain knowledge through ontological models and storing
them in databases or other repositories[96]. Unlike relational databases, ontology storage emphasizes
not only structured data organization but also semantic representation and reasoning capabilities. It
provides critical support for semantic inference, facilitates integration across domains, and contributes
to intelligent decision-making. However, ontology development and maintenance can be costly,
especially when dealing with complex knowledge structures, as it demands high level domain expertise
and modeling skills [97].

The centralized storage approach typically rely on RDF triple storage, where semantically
transformed BIM data is aggregated under a unified ontology. This approach facilitates ontology-based
integration and rule-based checking, enabling complex reasoning and querying. Early studies and
implementations have demonstrated the feasibility of storing BIM data in RDF triple stores, supporting
advanced queries that link building information with external knowledge sources[25]. However, the
centralized storage approach faces significant challenges. RDF storage performs poorly when handling
large volumes of detailed data, particularly time-series data. Sensor readings with timestamps or
fine-grained geometric information are often better managed by relational databases. As a result,



although centralized BIM knowledge graphs enable semantic integration, their performance and
scalability may be limited when handling data across the full building lifecycle.

To address these limitations, researchers have examined the distributed storage approach. Such
approach retains a central semantic query endpoint yet delegate selected data to complementary
databases. In BIM and IoT integration, Tang et al.[54]combined an RDF triple store for core semantic
facts with a relational database for time-series streams, linking both layers through URIs and querying
them with SPARQL. For carbon-footprint estimation, Chen et al.[98]stored static building data in an
ontology, while large numerical tables were maintained in a relational database. A mapping layer
translated incoming SPARQL queries into SQL statements, forming a virtual knowledge graph that
retrieves data on demand. This hybrid design allows uniform querying while leveraging optimized
engines for geometry or time-series data. In summary, the distributed storage approach spans multiple
databases and exposes a single Linked Data view, improving scalability through data partitioning and
support for streaming and specific domain storage[35]. While the added flexibility enhances
adaptability, it also leads to increased query complexity and integration cost, which continue to drive
research efforts in the Linked Building Data domain[56].

Regarding query mechanisms, SPARQL is the standard query language for RDF data. It allows
users to perform complex semantic queries and retrieve building properties, spatial relations, and more.
For example, in BIM and IoT integration, SPARQL can extract real-time sensor data and associate it
with building models[54]. Ontology-based querying enables queries based on clearly defined semantic
relationships, allowing machines not only to locate data but also to understand and reason over it. This
approach supports cross-domain data integration and is widely used in BIM and SW integration
contexts [30,85]. Rule-based querying involves defining inference rules to extract and process relevant
data from multiple sources[99]. Common rule languages include SWRL and SPARQL CONSTRUCT.
Rule-based querying is flexible and adaptable to different scenarios, but lacks standardized practices
and often suffers from poor interoperability across systems[57].

While current combinations of storage and query mechanisms provide effective approaches for
cross-domain data integration and reasoning, challenges remain. As data volumes grow, improving
query efficiency without compromising performance, and enabling scalable semantic integration and
reasoning across domains, are key areas for future research.

5. The Challenges for Integration

5.1The Challenges to BIM

To further investigate the challenges of integrating BIM and Semantic Web technologies for
knowledge reasoning, this subsection examines several representative BIM development areas. Section
3 identified six promising directions for BIM evolution, and Fig. 5 analyzed the potential technical
support that Semantic Web technologies can provide in each. While such integration holds significant
potential, practical implementations remain immature and face various unresolved issues. The
following discussion analyzes the six identified BIM domains in detail, structured according to the
three integration phases outlined in Section 4, highlighting reasoning-centric application challenges
encountered at each phase.

Based on 290 articles retrieved from the Web of Science database with both "BIM" and "Semantic
Web" as topic keywords, this analysis adopts a methodology combining semantic normalization, issue



clustering, and hierarchical mapping to systematically identify and classify the semantic issues that
arise during BIM–SW integration. A three-layer analytical framework underlying logic, surface
phenomenon, and application context is constructed to categorize and deconstruct the identified
semantic barriers. The resulting structured representation of semantic challenges is illustrated in Fig.
10.

.

Fig. 10.Summary of Semantic Web Integration Challenges across Six Frontier BIM Application Domains

For digital twins and IoT integrating with BIM, integration challenges mainly concern the
dynamic and executable nature of data. In the data schema mapping stage, existing ontologies primarily



represent static spatial configurations and lack support for temporal states, sensor readings, and
event-driven data[100,101] In the storage and query stage, RDF triple stores are inefficient for
high-frequency data processing, and SPARQL lacks support for continuous queries [102,103].

For BIM promising application area that integrate with GIS , challenges focus on fine-grained data
alignment[29,104]. At the cross-domain integration stage, semantic and structural mismatches are
common. BIM emphasizes detailed building components, while GIS focuses on spatial hierarchies and
coordinate systems[105–107]. BIM's millimeter-scale component details conflicts with
GIS's kilometer-scale terrain models, causing memory explosions in urban simulations. Ontology
mismatches pose significant challenges for data alignment. Although intermediary ontologies and
mapping rules can facilitate semantic integration, they often suffer from limited scalability and
reusability across different cities or platforms.[108–110]. For example, Shanghai's fire egress rules can
not be applied to Tokyo's road width constraints. In addition, current storage systems struggle to
support both geometric reasoning and semantic inference, limiting applications in urban scale .

In facility management, long-term tracking of assets, maintenance, and system states is essential.
When mapping data schema of BIM, it often captures spatial relations but omits lifecycle properties
and operational data that are critical to FM. Ontology extensions for FM remain non-standardized
[111,112]. At the integration stage, the lack of shared ontologies requires extensive, low-reusability
rule-based mappings [111,113]. FM also relies on complex temporal SPARQL queries, which
challenge current query engines in scalability and performance.

In green building evaluation, integration problems relate to semantic integration between building
information and environmental datasets[30,114,115]. During the data schema mapping stage, BIM
models rarely include lifecycle energy or environmental parameters, requiring manual annotation or
rule-based enrichment [12,116]. At the integration stage, aligning BIM and environmental ontologies is
hampered by classification and granularity mismatches[12,117]. In query stages, SPARQL queries for
carbon or lifecycle metrics face scalability issues due to heavy computation [11,18,118].

BIM adoption strategies emphasize data continuity across the entire building lifecycle. However,
during the data schema mapping phase, the heterogeneity of multi-source models prevents the
unification of many data types, resulting in semantic information loss[119]. Further integration is
constrained by the absence of shared standard ontologies between BIM and operational or device-level
data, often relying on rule-based mappings to achieve approximate alignment[120,121]. Existing graph
databases and SPARQL engines typically handle time-series data through external plugins rather than
native support, which limits query performance and system scalability. In particular, the joint querying
of geometric and temporal data remains a major bottleneck, as few solutions can simultaneously meet
the spatial accuracy and temporal resolution required in practical engineering applications[122].

Current BIM integration for automating knowledge reasoning faces dual-layer challenges. On the
semantic level, concept structures vary across domains, shared ontologies provide limited support for
temporal and streaming data, and cross-domain reasoning remains weak. On the technical level,
semantic storage often lacks native spatio-temporal support, and query engines struggle with efficient
geo-semantic operations. Overcoming these barriers demands the development of standardized
ontologies, enhanced semantic storage architectures, and advanced spatio-temporal query engines, to
enable scalable, lifecycle data integration and seamless interoperability with FM, sustainability, and
real-time monitoring systems.



5.2 The Challenges in the Integration

This paper established a structured classification of semantic issues (Fig. 10) based on the
analytical framework combining six BIM application areas and the three integration phases of BIM and
SW. This framework revealed pervasive challenges in BIM and SW integration for automated
knowledge reasoning, such as ontology heterogeneity, limited support for temporal data, and
constrained reasoning capabilities, which are particularly acute in building regulatory and performance
evaluation, which demands semantic integration and dynamic stream reasoning over heterogeneous
data sources spanning the building lifecycle. Building on the structure introduced in Section 4, this
section analyses the core issues encountered in each phase and discusses their practical implications.

At the data schema mapping phase, semantically converting all information required for effective
evaluation remains difficult. Although geometric and topological data can be extracted, essential
evaluation information is often vaguely defined or missing in the IFC schema, such as simulation
parameters for green building or material data for safety evaluation. As noted by Chen et al.[123],
current experiments lack standardized mechanisms for integrating domain-specific data related to
seismic performance, energy, or durability. This lack of standardization weakens automation and often
necessitates manual intervention.

At the cross-domain integration phase, integrating BIM data with external datasets faces
challenges related to inconsistent conceptual classifications and ontology alignment. For instance,
aligning BIM with LCA-related environmental indicators in green building is complicated by
mismatches in ontology granularity and depth. As Colin et al.[105]observed, GIS and BIM differ by an
order of magnitude in their conceptual classification granularity, resulting in significant challenges for
semantic integration. These issues become increasingly critical in complex evaluation scenarios
involving multiple languages, standards, and domains. Engineer must choose which standards to
prioritize or determine how to maintain synchronization across different representations. The
coexistence of parallel models makes interoperability not only a technical issue but also a semantic
coordination challenge. Therefore, cross-domain integration system must address not only data format
heterogeneity but also conceptual overlaps and differences across domains, which requires strong
domain expertise and often customized solutions for each new data combination.

At the storage and query phase, current RDF triple stores and SPARQL technologies perform
poorly when handling dynamic data. When dealing with streaming or frequently updated datasets, such
as energy logs, sensor readings, or maintenance events, query response times tend to increase
significantly. Similar to the issues at the data schema mapping, this exposes scalability limits in RDF
storage and querying engines [124]. Moreover, when managing large scale datasets, especially those
involving both geometric and semantic dimensions, performance bottlenecks in existing reasoning and
storage systems become more apparent[125]. Even when data is stored, composing queries that retrieve
meaningful information remains difficult. While SPARQL is capable of expressing complex queries,
constructing accurate queries for evaluation tasks necessitates a thorough understanding of the
underlying ontology and often requires domain-specific extensions, such as encoding building
regulations into formal query logic. To address this, several domain-specific query languages and rule
frameworks have been proposed, including SQWRL, SHACL rules, and QL4BIM[126,127]. However,
semantic challenges remain. Many performance evaluation queries involve reasoning over implicit
knowledge, which can be time-consuming during execution. In addition, standardized query methods
for such tasks have not been widely adopted in current industry practice.



Despite these challenges, several studies have proposed practical solutions. For example, Boje et
al.[37] developed an ontology-driven system for building evacuation that integrates BIM, ontologies,
SWRL rules, and SPARQL queries. The system adopts Semantic Web standards and employs
distributed ontologies with Stardog graph database for reasoning, enabling automated scenario
generation and evacuation performance evaluation. This approach effectively supports dynamic data
handling and knowledge reuse in design scenarios, providing a scalable semantic infrastructure for
complex decision-making. Similarly, He et al.[128] proposed a conceptual framework that integrates
BIM, ontologies, and web map services to support automated evaluation under China’s green building
standards. Their method combines Dynamo-based data extraction with external map APIs, offering a
feasible pathway for domain-specific semantic enrichment and cross-domain integration. Li et al.[129]
developed a semantic safety monitoring system integrating BIM and real-time sensor data. By
extracting safety rules from textual regulations into SPARQL, the system enables real-time compliance
checks via a dynamic RDF knowledge graph, supporting proactive, intelligent construction safety
evaluation. Zhang et al.[56] proposed an intelligent Green Building Rating framework that combines
BIM, ontologies, cloud services, and social collaboration to provide real-time sustainability feedback
during design. The system’s ontology encodes green building rating knowledge, and SWRL rules are
used to automatically calculate score credits as the design evolves. Uniquely, the approach leverages a
cloud-based BIM platform to synchronize multidisciplinary models in real time, ensuring that data
from architects, structural, and MEP designers are integrated for evaluation. This showcases a trend
toward cloud-integrated, real-time BIM analytics, highlighting how semantic ontologies and rule
reasoning can be combined with cloud-BIM and collaboration tools to enhance sustainable design
decisions. Collectively, these studies illustrate a growing trend toward ontology-centered, rule-driven,
and cloud-integrated semantic infrastructures, demonstrating how heterogeneous building data can be
meaningfully unified to support scalable, automated workflows.

6. Conclusion

This study systematically review and analyze the integration of building data schema and SW
technologies. First, it examines the evolution and convergence of BIM and SW over the past decade. It
then identifies six application domains of BIM and analyzes the potential of SW technologies to
enhance these areas. The discussion focuses on the building regulatory and performance evaluation
domain, indicating how SW integration can respond to its growing demands. Section 2 demonstrates
that integrating SW technologies aligns with BIM’s development trends. In addressing the "How to
integrate" question, the study classifies integration into two layers: data standardization and Linked
Data. It provides a structured review of key integration methods across three critical stages: data
schema mapping, cross-domain integration, and storage and query. Finally, the study identifies core
challenges in current integration practices and provides a domain analysis for building regulatory and
performance evaluation. Overall, this review clarifies the research foundation, technical pathways, and
practical challenges of BIM–SW integration, offering a technical perspective for building an intelligent
systems. Three key conclusions can be drawn:
1) The increasing complexity of regulatory and performance requirements demands automation and

semantic interoperability. Manual processing of building codes and performance data is
labor-intensive, error-prone, and lacks scalability. Additionally, domain fragmentation hinders



holistic evaluations. SW technologies offer an approach to formalize and unify these requirements
across disciplines, justifying their growing adoption.

2) Semantic integration for building regulatory and performance evaluation is evolving toward
hybrid, ontology-driven, and modular architectures that balance knowledge reasoning capacity
and cross-domain scalability. This trend reflects a shift in integration architectures from
centralized to distributed, and from centralized semantic models to multi-layered modular designs,
ensuring reasoning capacity while enhancing real-time responsiveness and cross-domain
scalability.

3) The integration of BIM and SW faces dual-layer challenges in ontology coherence and system
scalability, which manifest acutely as semantic fragmentation, data schema gaps, and performance
bottlenecks. BIM and SW integration struggles with aligning heterogeneous ontologies and
sustaining efficient data operations. These issues amplify due to diverse domain standards,
missing evaluative semantics, and poor support for temporal-stream queries.

In the long term, integrating BIM with the Semantic Web is crucial for advancing automation and
intelligence in building regulatory and performance evaluation and pivotal in transforming BIM into a
multi-domain knowledge base. BIM– SW integration is driven by distributed storage and modular
architectures that support multi-layered semantic models for reasoning and handling of datasets. This
approach enhances scalability and adaptability, addressing data heterogeneity and the dynamic nature
of building lifecycle information.

Another crucial direction is the standardization and partial automation of ontology alignment
aimed at resolving semantic mismatches across BIM, GIS, FM, and evaluation criteria for
cross-domain integration. Future semantic frameworks may integrate graph learning, semantic
embedding, and natural language processing into ontology engineering workflows to lower barriers to
multi-domain integration and enable reuse of semantic resources. In addition, real-time querying
support is becoming essential. Future systems will adopt distributed architectures and lightweight
reasoning to handle frequent sensor data, temporal events, and geometry queries. These advances will
lay the foundation for next-generation semantic twins, unifying building design, simulation, and
operation within a knowledge-driven framework.
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