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Abstract: The diverse, heterogeneous, and dynamic nature of urban data poses challenges for semantic 
integration and knowledge sharing in smart city applications. Traditional urban governance sectors often 
develop domain-specific data standards, which are insufficient for integrating and applying multi-source 
heterogeneous data. This article proposes the Smart City Ontology Framework (SMOF), leveraging ontology 
technology for semantic-level data sharing and interoperability across different industries. SMOF adopts a top-
down integration strategy, harmonizing diverse data standards from IoT, BIM, and GIS into a cohesive 
structure. This research delineates the foundational components of SMOF, encompassing entities, relationships, 
properties, events, and rules, and outlines the methodology and principles underpinning its construction. We 
further develop a scalable, hierarchical classification system for entities, properties and relationships, adaptable 
for specific semantic applications. Through a fire emergency scenario, we exemplify SMOF's practical utility in 
knowledge representation and data mapping, highlighting its capacity for semantic querying within complex 
urban data ecosystems. Our findings indicate SMOF's significant role in fostering integrated urban data 
management, thereby enhancing data interoperability and applicability in diverse urban governance contexts. 

Keywords: smart city ontology framework; urban informatics entities; urban governance; data integration 
 

1. Introduction 

According to recent reports by the United Nations Population Fund (UNFPA), as of 2023, 56% 
of the global population, approximately 4.4 billion people, reside in urban areas. This percentage is 
projected to rise to nearly 70% by 2050, placing enormous pressure on effective policies to ensure 
sustainable urban development [1]. To ensure sustainable urban development, it is crucial to 
implement effective policies and utilize advanced information and communications technologies as 
demands on urban governance and decision-making increase. Urban data is an indispensable 
fundamental component for achieving urban informatization and governance [2]. By integrating 
Geographic Information Systems (GIS), Building Information Modeling (BIM), Internet of Things 
(IoT), and other data that describe the physical environment and dynamic characteristics of the city 
into a unified smart city platform, it is possible to ensures that insights are gleaned from both macro-
level urban planning down to micro-level neighbourhood specifics, facilitating a comprehensive 
grasp of the city's operational landscape [3,4]. Data aggregated on urban platforms has become an 
indispensable feature for managing various aspects of urban life, facilitating improved service 
delivery, resource allocation, and overall urban resilience [5]. 

However, the multidisciplinary nature of urban data presents formidable challenges to effective 
urban governance. Each industry sector imposes its own data schemas, often resulting in 
compartmentalized data silos. For example, the construction industry primarily focuses on the data 
management of the entire lifecycle of building projects, while GIS concentrate on the acquisition, 
storage, analysis, and visualization of spatial data. Simultaneously, IoT devices generate vast 
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amounts of dynamic data in real-time, which are used to monitor and optimize urban infrastructure 
and public services. Different departments and regions have also developed data standards tailored 
to specific application contexts, such as City Information Modeling (CIM) [6], the 3D Realistic 
Geospatial Scene in China [7], and the Digital Twin City framework [8]. Despite being based on GIS 
data forms and related to cities, these data standards have different domain-specific requirements, 
and failed to express a unified data structure. Consequently, heterogeneous data formats and diverse 
standards hinder urban data integration, impeding comprehensive analysis and decision-making [9]. 
While significant progress has been made in data integration [10,11], current studies mainly focus on 
the specific scenario application of the conversion of different data formats. These methods often lack 
reusability for new application scenarios and struggle to extract the complex semantics within 
heterogeneous data. Fundamentally, they did not use urban entities as the core unit of management, 
making it difficult to construct relationships between entities. Additionally, the format conversion 
and knowledge modeling of fixed urban data for specific scenarios often require substantial manual 
effort, which is inefficient and prone to errors. In light of these challenges, establishing an object-
oriented knowledge-sharing infrastructure is essential for advancing urban data management and 
governance. 

One method for building bridges between multi-source heterogeneous data is Semantic Web 
technology. As endorsed by the World Wide Web Consortium (W3C), this technology holds 
significant promise for facilitating interoperability and the integrated management of spatial 
semantic information [12]. In the semantic web paradigm, an object-oriented approach is often used 
to formalize the concepts and relationships of the real world or specific domains. This is achieved 
through nodes, properties, and their interconnected edges, collectively referred to as ontology. In 
urban governance, abstracting multi-source heterogeneous data into urban entities serves as a 
foundational framework for data integration. This enhances inter-industry collaboration and 
knowledge sharing within the urban environment [13]. Ding [14] described the potential of Semantic 
Web technology for integrating heterogeneous urban geographic data represented by City 
Geography Markup Language (CityGML) and OpenStreetMap, and highlighted the value of 
extending these technologies to other geospatial domains in the future. 

This study presents an innovative ontology framework designed for data fusion and urban 
governance applications, ensuring compatibility with diverse data standards while maintaining the 
integrity of semantic information. Our principal contributions are threefold: (1) We introduce a 
scalable ontology framework capable of integrating a variety of data types through the incorporation 
of components such as the entity, property, and relationship, addressing the critical need for effective 
data fusion in urban management. (2) We detail a comprehensive design methodology for SMOF 
components, which is anchored in urban data standards. This ensures an alignment with the data 
requirements of smart cities, highlighting the importance of standardized data management practices 
in urban governance. (3) We investigate the practicality and scalability of SMOF through a case study, 
which underscores the framework's capabilities in knowledge representation and semantic querying, 
demonstrating its potential to enhance data management and decision-making processes.  

The remainder of this paper is organized as follows: Section 2 reviews relevant studies on smart 
city data governance and ontology construction. Section 3 details the study’s workflow, describing 
knowledge sources, expression model, construction method, and the basic principles of SMOF. 
Section 4 elaborates on the core components in SMOF and examines specific scenarios to verify its 
usability. Finally, we conclude the paper. 

2. Related Work 

This study focuses on constructing an ontology-based framework for data integration and 
governance applications in urban platforms. Relevant aspects of previous research are reviewed in 
this section 
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2.1. Data Integration in Smart City 

Data integration, a critical component of soft infrastructure, is pivotal for fostering collaborative 
knowledge development across urban areas [15]. However, as underscored by Liu [16], there exists a 
considerable challenge in the distillation of meaningful insights from the extensive and 
heterogeneous datasets amassed within the context of data-driven smart cities. 

Within the framework of urban governance, a multitude of heterogeneous data sources coexist. 
Despite the common practice of managing these datasets in isolation [17], their unified integration is 
instrumental in achieving a holistic depiction of spatial information, encompassing both indoor and 
outdoor environments, as well as static and dynamic elements. To achieve the integration of natural 
resource data and building engineering data that constitute the physical environment of a city, it is 
often necessary to build bridges between these two types of data. Scholars have conducted research 
from different perspectives, including the spatial location, geometric description, and domain-
specific attributes of heterogeneous data in the fields of GIS and BIM [18]. 

In terms of geometric transformation and representation, Zhu [19] integrated geometric 
semantics with computer graphics to convert Industry Foundation Classes (IFC) into popular GIS 
shapefile formats. This method has become mainstream for format conversion but does not explore 
the complex semantic depth of the data, limiting its potential to enhance urban management and 
decision-making processes. Ji [20] implemented the conversion of geometry, semantics, and 
coordinates between BIM and GIS formats from the perspective of extending related standards, based 
on ontology technology, and achieved basic semantic applications. In the study of integrating the 
physical environment of cities with dynamic data, Cheng [21] proposed a data-centric predictive 
maintenance framework leveraging BIM and IoT technologies. This framework features an 
information layer for integrating diverse datasets and an application layer to support predictive 
maintenance. 

Liu explored various data integration solutions for smart cities, including new standards, 
models, and semantic web technologies [22]. Their findings indicate that semantic web technologies 
are particularly effective for integrating urban data resources due to their ability to manage complex 
data relationships and semantics. Shi [23] investigated techniques for data integration, such as format 
conversion using IFC and CityGML, data standard extensions, and ontology-based methods. They 
observed that while format conversion and standard extensions require extensive manual work, 
ontology-based approaches provide a more accurate representation of users' conceptual 
understanding of the real world. These methods are advantageous as they provide a structured 
means to represent and reason about the complexities inherent in urban data. 

In conclusion, adopting holistic and scalable methods for integrating diverse data sources is 
essential for urban platforms [24]. Ontology-based approaches effectively harmonize disparate 
datasets, ensuring robust data storage and connectivity crucial for urban governance. 

2.2. Ontology in smart city 

Karabulut [25] have noted that ontologies, with their formal structure, reasoning capabilities, 
and extensibility, are deemed superior to other knowledge management systems. In the realm of 
urban studies and the integration of heterogeneous data, ontologies have demonstrated significant 
utility. Ma [26] have taken strides by transforming data from OpenStreetMap into urban objects and 
introducing a semantic connector to foster the establishment of spatial relationships between these 
objects. Ding [14,27] conducted studies on CityGML standard for semantic interoperability and 
knowledge graph construction involving various geographic and 3D city data. They successfully 
implemented knowledge graph representation and querying of 3D geographic data. Huang [28] 
advanced the field by developing an ontology that integrates data modeling standards from the Open 
Geospatial Consortium (OGC), including CityGML, IndoorGML, and SensorThings APIs. Their work 
provides innovative solutions for smart homes, healthcare, and fire evacuation systems. Beyond the 
integration of BIM, GIS, and IoT, ontologies have been extensively applied across various smart city 
sectors, including sustainable development [29,30,31]. Du [11] proposed an ontology model 
specifically for urban infrastructure asset management processes, which they validated using a 
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practical decision-support system. Qi [32] proposed an ontology model that addresses the 
relationship between urban heat island mitigation techniques, performance indicators, and the urban 
environment. Hofmeister [31] addressed the lack of a comprehensive information integration 
framework in the flood domain by integrating ontologies related to power, rivers, water resources, 
and infrastructure, thereby supporting risk assessment. 

However, De Nicola [13], in their review of 67 smart city ontologies, underscored the prevailing 
absence of cross-domain and cross-level coordination and collaboration. They highlighted that 
research often remains confined to semantic modeling within specific scenarios and domains. 
Espinoza-Arias [33] observed that ontologies in urban contexts are challenging to reuse and 
frequently neglect the integration of underlying data models, a critical component for smart-city 
platforms. For example, Ghosh [34] constructed an ontology for sustainable urban transformation by 
abstracting concepts related to policies, services, and management involved in urban governance into 
entities; however, this ontology does not encompass specific data. Dunbar [35] argued that ontologies 
should serve as a semantic abstraction layer over existing standards and models rather than 
attempting to replace all current data models. They emphasized that the focus should be on 
enhancing interoperability and data integration across different domains. Additionally, the W3C 
advocates for the standardization of data to facilitate seamless integration from a variety of sources 
and to decouple data from its schema [23].  

Despite advancements, many current ontologies lack flexibility to adapt to various urban 
scenarios and struggle to interlink redundant and core data standards effectively. This limitation 
hinders their application and reduces their effectiveness in supporting robust data governance. A 
semantic model is still needed, centered on core urban governance entities abstracted from multi-
source heterogeneous urban data, which proficiently connect redundant and core data standards and 
adapt to different scenarios. 

Our research aims to bridge these gaps by mapping and linking data standards across various 
disciplines to create a simplified ontology. Future studies will focus on detailed methodology and 
implementation 

3. Methodology 

Our methodology, outlined in Figure 1, is organized into three stages: framework design, 
knowledge sourcing, and practical application. Initially, we used an object-oriented and graph-based 
approach to define the framework's knowledge expression model and construction method. Next, 
we identified SMOF's knowledge sources and established basic principles to define the fundamental 
conceptual scope. This involved organizing a hierarchical classification system for entities, 
constructed as ontologies. Finally, we demonstrated SMOF's practical utility in a specific urban 
governance scenario, highlighting its capacity for future expansion and continuous refinement. 

 
Figure 1. Workflow in the SMOF construction. 
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3.1. Knowledge Structure Design 

Based on related research [36,37], knowledge categories in this study consist of five parts, as 
shown in Equation 1. 

SMOF=(UIE,UIEP,UIER,UIEE,R/M) (1)

In Equation 1, SMOF signifies the Smart City Ontology Framework; UIE refers to Urban 
Informatics Entities and their thematic extensions, which is the most important part in SMOF; UIEP 
signifies the properties of UIE; UIER is the relationship between UIE; and UIEE refers to events that 
involve UIE, UIEP; and R/M are based on rules/methods.  

The architectural schema corresponding to Equation 1 is delineated in Figure 2. At the apex of 
abstraction, the framework encapsulates five distinct knowledge categories: UIE refers to the 
collection of objects that objectively exist within the operational fabric of a city, possessing 
spatiotemporal characteristics and semantic connotations like properties and relationships. UIEs are 
bifurcated into core and thematic extension entities, which are distinguished by their ubiquity in 
urban governance applications. Entity relationships represent associations between entities, typically 
expressed using network graphs. Properties are the basic elements that constitute an entity and are 
common characteristics of the same type of entity. Events are descriptions of phenomena or actions 
that involve several entity objects at a specific time and space and cause certain results. When 
elements meet certain conditions, they trigger events, which usually modify properties and 
relationships of entities under the guidance of rules and methods, which in turn include multiple 
rules, i.e., control, and update rules. The results generated by rules also serve as element knowledge 
that links the entire reasoning process through the conditions and results.  

Encompassing this structured knowledge hierarchy is the instance layer, which extracts relevant 
data from traditional databases and stores it in the graph database to form knowledge graph. The 
emergence of novel knowledge within this paradigm is fundamentally the result of interactions 
among the five principal elemental types. 

Different elements can transform existing features into SMOF by mapping relationships. 
Concrete illustrations of this process are elaborated in Section 4. 

 
Figure 2. Knowledge expression model of SMOF. 

3.2. Construction Methods and Knowledge Source 

A concrete ontology is developed using a knowledge representation model, as depicted in 
Figure 3, illustrating two common ontology construction methods: top-down and bottom-up. The 
top-down approach starts with expert-derived high-level concepts, necessitating domain-specific 
knowledge, while the bottom-up approach extracts knowledge from existing data without 
predefined structures [11,38]. 
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Figure 3. Knowledge construction through bottom-up and top-down methods. 

Urban governance knowledge was derived from various sources, including standards, 
professional literature, reports, and news.  Among these, standards are especially pivotal due to 
their provision of rich normative knowledge. Although most urban data standards do not directly 
describe data objects in the form of ontologies, the hierarchical classification conceptual models 
constructed to illustrate domain objects can serve as a foundation for creating urban entities [39]. It 
is noted that scholars advocate for an ontology creation process rooted in domain expertise rather 
than solely relying on pre-existing data standards or current datasets [7]. The urban governance 
domain presents unique considerations since smart-city platforms’ data storage systems are 
inherently aligned with specific formatting standards. These standards provide authoritative, 
comprehensive, and systematic knowledge, which is vital for the robustness and expansion of the 
knowledge framework.  

In light of these considerations, we grounded the ontology in authoritative data standards, using 
a top-down approach to design SMOF and a bottom-up approach to populate the schema. This dual 
strategy aims to semantically enrich and connect city datasets, overcome data heterogeneity, and 
facilitate the development of universal analysis tools. The strategy organized the classification and 
coding standards of urban objects, abstracting valuable objects into a general part of the UIE based 
on the object-oriented approach. Universal relationships and properties between entities were 
established according to relevant standards and data formats, completing the SMOF design. For 
specific application scenarios, we employed a bottom-up approach to extract instance knowledge 
from datasets, while delineating events, methods, and rules to ensure the reliability and 
comprehensiveness of the ontology framework. 

Our study reviewed various urban governance standards, including 3 international standards, 
10 national standards, and 7 industry or regional standards, as shown in Figure 4. The term “use” 
indicates entities, properties, and relationships from standards that are incorporated into ontology 
construction after processes like semantic fusion or reference links between standards. “Indirect 
references” indicate certain classification methods within standards that, although not directly cited, 
contribute to the framework. Referenced standards include those related to urban governance, 3D 
modeling, component management, and highway engineering, as well as data storage formats like 
IFC and CityGML. SMOF can be constructed based on knowledge and reference relationships 
between relevant standards and specific content, combined with a top-down approach. 
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Figure 4. Standards used in SMOF. 

3.3 Basic Principle 

The crux of ontology development lies in the hierarchical categorization of entities. Our work 
draws inspiration from the foundational UPON model proposed by De Nicola [40] and its subsequent 
elucidation [41]. This scholarly lineage has introduced the 'ability problem,' which is pivotal in 
delineating the ontology's scope and objectives. It ensures a standardized content framework for 
ontological development. As demonstrated in Table 1, this approach necessitates adherence to 
defined principles governing the ontology's structure. It encompasses entity definitions, their 
hierarchical classifications, and the methodologies for semantic disambiguation—crucial aspects 
when constructing the UIE component of SMOF. Building upon the UIE's established classification 
system, the ontology framework can be expansively developed. This expansion is achieved by 
strategically employing a top-down methodology that aligns with the rigorous standards. 

 

Table 1. Questions and Answers to Defining SMOF 

Question Answer 

Q1: How is UIE built? 

For categorizing UIE, the definition in 3.a should be followed. Given its adoption 

of object-oriented thinking and the wide range of urban objects, there’s a risk of it 

becoming an overly complex “data model.” Managing every city object in detail is 

impractical. Thus, SMOF is divided into a core part and thematic extensions. Core 

UIEs meet multiple urban governance needs, while thematic extension entities 

meet specific governance scenarios.  

For example, private furniture, irrelevant to urban governance, is not classified as 

a UIE. In contrast, the boundaries of cultivated land, essential for resource 

management, are considered thematic extension entities. 

 

Q2: How are standards 
for entity construction 

selected? 

The classification adopts a top-down approach based on established standards as 

described in Section 3a. When multiple hierarchical classification standards are 

available, preference is given to those that enable lossless information exchange. 

For instance, both GB/T 51269-2017 and GB/T 51447-2021 classify the HVAC 

(Heating, Ventilation, and Air Conditioning) sector at different levels, but GB/T 
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51447-2021 was chosen for its better compatibility with the IFC data format used in 

BIM. 

 

Q3: How is the 
hierarchical structure of 
entities implemented? 

Entities should be organized hierarchically, as suggested by Zhu [38], starting with 

primary categories (e.g., artificial entities), followed by large classes (e.g., 

transportation roads), medium classes (e.g., bridges), and level I subclasses (e.g., 

upper structures). For subclasses requiring more detail, such as bridge 

components, further division into level II subclasses can be implemented. As a 

general rule, the classification depth should not exceed five levels. 

 

Q4: How is the 
hierarchical structure of 

entities simplified? 

Entities should be general and enhance semantic richness while simplifying 

subclass divisions. Entities with common properties should be grouped into a 

single category, avoiding segmentation based on specific attributes. Distinct 

information traditionally represented by multiple classes can be encapsulated as a 

“subdivision” property within a unified entity. For example, GB/T 13923-2022 

categorizes rural roads into main roads, rural roads, and small roads. In SMOF, 

these distinctions are treated as subdivisions under the broader category of rural 

roads to streamline classification. 

 

Q5: How will the 
ontology framework be 

improved? 

Ontology development is inherently iterative. Semantic analysis and computation 

often focus on specific scenarios, and this article emphasizes coarse-grained entity 

classification. At a more granular level, entities may require different 

classifications. Future expansions will align with specific urban governance 

scenarios and institutional requirements. For example, in a communication 

information model, the classification system could be refined to categorize tower 

base stations under the managed component class and high voltage transmission 

lines under the municipal pipeline class. 

4. Result 

Based on the principles and expression models outlined previously, we developed the 
framework. Our primary references were the Technical Guidelines for the Basic Platform of City 
Information Modeling and Industry Foundation Classes 4.3.x, key standards in CIM and BIM fields. 
These were integrated with GB/T 30428 and GB/T 20091-2021, important for urban governance and 
organizational classification. We performed semantic integration and resolved ambiguities where 
these standards overlapped or contained redundant elements. Figure 5 shows the generic core parts 
(UIE, UIEP, and UIER) of SMOF, divided into three primary categories and 15 large classes using a 
hierarchical classification method. Generic core properties and relationships were established by 
comprehensively referring to various standards. 
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Figure 5. The core design of SMOF. 

4.1. UIE Classification 

In SMOF, UIE is categorized into natural, artificial, and social entities, which are deemed core to 
the framework. Natural entities are characterized by urban objects that exist naturally or evolve 
through organic processes, such as mountain ranges or water bodies. In contrast, artificial entities 
encompass structures or elements that have been crafted or modified through human actions, 
including buildings and infrastructure components. Social entities, on the other hand, capture the 
essence of urban dynamics, representing the interactive aspects of urban life, such as individuals and 
transportation systems, which engage with both the natural and artificial environments. These core 
concepts are systematically structured and organized into various categories, resulting in the creation 
of a concept hierarchy depicted in Figure 6. 

 

Figure 6. UIE classification (primary category, large class, and medium class). 

For natural entities, classifications align with the Technology Outline of National 3D Real Scene 
(2021 Edition). Recognizing the escalating significance of underground engineering and resource 
management, we have expanded our framework to include geological units. This expansion is well-
founded on authoritative references, including the JTG/T 2420-2021 Unified Standard for Application 
of Building Information Modeling in Highway Engineering and the GB/T25529-2010 Geographic 
Information Classification and Coding Rules. Within our framework, geological units are 
meticulously classified into strata, rock masses, geological structures, and other relevant categories. 
These detailed classifications will be developed and articulated to ensure they meet the precise 
requirements of targeted use cases. 
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The classification of artificial entities adheres to National 3D Real Scene standards. In the realm 
of transportation-entity design, we utilized BIM-related standards to classify roads by type, 
component, and facility, consolidating track types under a unified attribute. For building-related 
entities, our design encompassed internal functional components such as electrical systems and 
HVAC, while eliminating repetitive concepts across different standards. Although the GB/T 30428.2-
2013 offers a hierarchical classification for urban components, we identified certain redundancies. To 
address this, we consolidated various kiosk types—ranging from newspaper to telephone and 
information kiosks—under a generalized "kiosk" category. We also excluded components with 
minimal management value, such as trench toilet covers and clothing racks. Given the lack of a 
unified pipeline information model, we adopted a function-based classification system for urban 
pipelines and introduced new subclasses like civil engineering structures and municipal facilities. 

Within our framework, social entities are urban elements with distinctive managerial relevance, 
separate from static structures. This category includes natural persons, organizations, vehicles, and 
sensors. Natural persons are bifurcated into permanent and temporary residents. Organizations are 
typified according to the GB/T 20091-2021 standards. Vehicles, serving as instrumentalities within 
the urban transport network, are delineated into aircraft, maritime, road, and urban rail transit. 
Sensors, crucial for urban governance, are recognized as a unique social entity subset. Their semantic 
characterization is often informed by the SSN ontology endorsed by the W3C, in conjunction with 
the OGC Sensors API and IFC standards. For the sake of streamlined integration with other 
ontologies, this research specifically concentrates on actuators and sensors, sidelining controllers, 
alarms, and observations from the current schema. 

4.2. Core Properties and Relationships 

To ensure unified expression and facilitate departmental collaboration, the properties and 
relationships of UIE need thorough exploration. UIEP is used to describe the knowledge of the 
internal and external characteristics of an entity, including its specific location, ID, and name, as 
shown in Figure 7. This framework encompasses attribute descriptions, data types, and distinguishes 
mandatory (in bold) from elective information. Although SMOF doesn’t set geometric shapes, 
visualization and Levels of Detail (LOD) require explicit geometric definitions via asWKT or asGML 
formats. UIE’s geometric representation uses CityGML formats, like Point, LineString, Surface, and 
Solid [23]. 

 

Figure 7. Core properties of UIE. 

The UIER involves the interactions between entities, forming a network of associations that 
allows for a comprehensive exploration of data characteristics and their interrelationships. In crafting 
the specifications for these relationships, our approach emphasizes the minimization of core 
relationship types. This strategy encompasses subordinate relationships with nuanced differences 
while preserving distinct differentiation among various relationship categories. Drawing from 
established standards, the UIER encompasses key dimensions of entity interaction, including spatial 
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relationship, belonging, and temporal correlations. A comprehensive list of these core relationships 
is presented in Table 2, offering a detailed breakdown of their structural and functional roles within 
the framework. 

Table 2. Core relationships of UIE. 

Relationship Type Relationship Description 

Spatial relationship 

Topology 
Describe the geometric connections and overlaps between 
entities without considering specific positions, such as 
inclusion, connectivity, coverage, separation and intersect. 

Distance Quantitatively express the distance among entities. 

Direction 
Quantitative or qualitative description of the relative 
oriental relationship between entities, such as the eight 
directions of a plane, above and below. 

Affiliation 

Hierarchy 

Describe the relationship between entities and entity sets, 
including spatial and ownership dependent relationships: 
part of/belong to; the relationship between parent and 
child classes: subsets; the relationship between instances 
and categories: instance. 

Dependency 
 
 

 
Equality 

Reveal to the mutual dependence and coexistence of 
entities, meaning when one basic geographical entity 
changes, the other changes accordingly, such as 
dependency and depend upon. 
Reveal the consistency or opposition of meanings between 
different entity concepts, including synonymous, 
synonymous, and antonymous relationships.  

Temporal dynamics Time Association Reveal the chronological order between entities, such as before 
and after. 

4.3. Rules/Methods and Instance Layer 

The formulation of knowledge rules and methods arises from fundamental knowledge elements, 
including triggers and conclusions. These elements are instrumental in defining the Urban 
Information Events (UIEE) by establishing constraints that link entity properties. This approach 
transcends traditional data-centric analysis, creating a solid foundation for reasoning and knowledge 
modeling. The conceptual framework is summarized by the following equation: 

𝑆𝑀𝐶 → 𝑆𝑀𝑅 𝑜𝑡ℎ𝑒𝑟𝑤𝑖𝑠𝑒 𝑒𝑥𝑝𝑟𝑒𝑠𝑠𝑒𝑑 𝑎𝑠 𝐼𝑓 𝑆𝑀𝐶 𝑇ℎ𝑒𝑛 𝑆𝑀𝑅 (2)

The term "SMC" denotes a rule's condition, a logical construct integrating relevant facts, while 
"SMR" indicates an emergency conclusion or action triggered once the SMC condition is met. 

Comprehensive knowledge descriptions depend on specific urban governance scenarios. In 
ontology, the Semantic Web Rule Language (SWRL) and SPARQL Protocol express rules and 
methods, with SWRL handling complex logic rules and SPARQL enabling robust RDF data querying. 

The instance layer holds tangible objects like buildings and buses, each uniquely identified and 
property-defined. Detailed rules, methods, and examples are in the case study section, equipping 
SMOF to meet city administration's dynamic needs. 

4.4. Verification and Case Study 

Following the construction of SMOF, it is imperative to test both the theoretical understanding 
and the applied technologies to garner comprehensive practical feedback. Building upon Shuai [41] 
work, which encapsulated methodologies for ontology validation, our evaluation of the developed 
ontology focused on its capacity for modeling and its applicability in real-world scenarios. 
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To verify the applicability of SMOF, we chose fire emergency rescue as the specific scenario and 
utilized the Shenzhen Visual Spatial Digital Platform, deploying the program on the Java platform 
with Jena to build a semantic-based web application. Effective management of fire emergencies is 
essential for urban safety, requiring swift responses and effective evacuation plan. However, 
seamless data exchange and coordinated systems during emergencies present significant challenges. 
This highlights the urgent need for a sophisticated fire-protection system that can display fire-related 
information and devise automated response strategies [42]. The process model for the scenario is 
illustrated in Figure 8. 

 

Figure 8. Fire emergency process model based on SMOF. 

The implementation involves two stages. First, the thematic ontology for fire emergency 
response is developed using Protégé (http://protege.stanford.edu/). The resulting knowledge 
expression diagram is delineated in Figure 9. This ontology extends to smoke control alarms and 
cameras by incorporating sensing devices as thematic extension entities. Fire monitoring is executed 
by tracking the status of these devices, initiating queries for nearby fire protection facilities upon 
anomaly detection, and notifying hospitals and residents. 

 
Figure 9. Fire emergency process model based on SMOF. 

The second stage includes instance injection based on mapping rules and querying via SPARQL 
[43]. In SMOF, data instantiation refers to the bottom-up extraction of semantics from different data 
sources and formats and transforming them into the knowledge model, bridging the conceptual and 
physical representation gap. 

In developing a mapping tool, researchers define input parameters as specific ontology 
components following the ontology schema. The input data, structured within a schema template, 
transforms into data instantiations. As depicted in Figure 10, a simplified data mapping diagram is 
presented for data instantiation, predominantly utilizing IFC, CityGML, and ShapeFile formats. Tools 
like Ifcopenshell parse data within the red box, adding semantics to CSV files for transfer to a graph-
based database. The convergence of BIM and IoT is facilitated by correlating the GUID of the IFC 
entity with the ID of an object within the IoT database. By harnessing location coordinates extracted 
from the IFC, the specific building housing the sensor is pinpointed. Additional details like the 
building's name are derived from CityGML. Ultimately queries via GeoSPARQL identify nearby 
firefighting facilities and hospitals. 
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Figure 10. Mapping between ontology and data. 

Graph data structures enable multiple association queries, challenging to achieve with 
traditional relational data structures.  The semantic richness of ontologies facilitates the generation 
of customized semantic tags, aligning with user-specific requirements and filtering criteria. These 
needs are elegantly translated into SPARQL queries to extract the pertinent information. SPARQL, a 
query language designed for graph data structures, operates by querying information through 
graphical patterns and conditional rules. A selection of SPARQL-based queries is presented in Table 
3. Ontology-based queries simplify processes compared to key-value structures of relational 
databases, deriving new insights and enhancing data-driven urban planning and management [23]. 

Table 3. SPARQL-based quries. 

Rule Means Rule Sentence 

Query the ID of the building where the 
smoke sensor that has an exception is 

located. (R2) 

PREFIX ex: <http://www.semanticweb.org/10717/SMOF/> 

SELECT ?buildingID 

WHERE { 

 ?sensor ex:state ?state . 

 FILTER (?state > 60) . 

 ?sensor ex:locatedIn ?building .      ?building ex:ID 

?buildingID . 

} 

Query the hospital near the fire 
building, and the ID of the vehicle that 

belongs to the hospital. (R4) 

PREFIX ex: < http://www.semanticweb.org/10717/SMOF/> 

SELECT ?hospital ?vehicleID 

WHERE { 

?hospital ex:nearby ?building .       ?building ex:ID ‘B001’ . 

 ?vehicle ex:belongsTo ?hospital .      ?vehicle ex:ID ?vehicleID 

. 

} 

Query the phone number of the people 
who live in the building. (R5) 

PREFIX ex: < http://www.semanticweb.org/10717/SMOF/> 

SELECT ?person ?phone 

WHERE { 
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 ?person ex:locatedIn ?building .      ?building ex:ID ‘B001’ . 

 ?person ex:phone ?phone . 

} 

The entire scenario is illustrated in Figure 11. In this case, functions, such as sensor queries, real-
time data access, and impact range displays, are realized by storing static data, such as BIM, GIS, and 
dynamic data from sensors into an ontology-based graph database.  

 
Figure 11. Display of fire emergency scenery interface based on SMOF. 

5. Discussion 

This study proposes a robust solution for the integration of multi-source data and urban 
governance through an ontology framework. The research contributes to the existing body of 
knowledge in three principal areas:  

Development of an Ontology Framework: Acknowledging the multifaceted nature of urban 
governance, it is evident that no single ontology can serve all sectors uniformly. We have architected 
SMOF to assimilate a variety of data types in city platforms, ensuring its scalability through the 
incorporation of components such as UIE, UIEP, and UIER. The ontology is structured into a general 
core and thematic extensions, allowing SMOF to support specialized applications while maintaining 
foundational universality. 

Detailed Design of SMOF Components: Given the reliance on industry-specific data formats, 
SMOF avoids direct abstraction of city objects, anchoring instead on municipal data storage and 
classification standards. Using a top-down approach, we established principles for ontology 
construction and meticulously populated the framework. This systematic method minimizes 
subjectivity and aligns closely with native smart city data, enhancing the framework's applicability 
and relevance. 

Exploration of SMOF's Practicality and Scalability: In a bottom-up application to real-world 
scenarios, we have validated SMOF's practicality for knowledge representation. We have 
demonstrated the process by which data from smart city platforms can be effectively mapped to 
ontology entities and have explored the framework's capabilities for semantic querying. This 
exploration is crucial in establishing the groundwork for how SMOF can be utilized in practical urban 
governance scenarios. 

As previously noted [44], the domain of urban governance is replete with various ontologies, 
and SMOF necessitates comparison with its existing counterparts. Table 4 presents the domains, 
references, and core concepts of each ontology. With our framework's foundation in data standards 
and its focus on thematic extensions, we have concentrated primarily on the connectivity between 
SMOF and other related ontologies. 
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Table 4. Urban governance ontology and their connectivity with SMOF. 

Name Domain Connectivity 
Sosa [45] Sensors, observations, samples, 

actuators 
Mapped to social entities and properties. 

km4c [46] Cultural heritage, smart sensors, public 
structures, city parking, events, services 

transportation, weather, geographic 
locations, time 

Mapped to artificial entities, social entities 

and properties.  
Thematic extensions can be made for events 
and weather. 

Saref [47] Smart appliances, IoT, sensors, 
actuators, devices 

Mapped to social entities and properties. 

Thematic extensions can be made for smart 

appliances 

ODP [33] Administrative area, city object, 
measurements, public service, key 
performance indicator, event, and 

topology 

Mapped to artificial entities, social entities, 

properties, rule/methods.  

Thematic extensions can be made for events.

smart-city [48] Space, functions, city type, city 
planning, city challenges, and people 

Mapped to natural entities, artificial entities, 

social entities, and rules/methods. 

CIM ontology [23] Facility, element, feature, geometry, and 
observation 

Mapped to artificial entities and properties 

The table elucidates that most entities that describe the physical space of a city (e.g., city objects 
and spaces) can be interconnected using artificial entities. Entities that describe the dynamic 
operations of a city (such as sensors and individuals) can be correlated to social entities within SMOF. 
Key performance indicators, topology, and geometry can be associated with corresponding 
properties, relationships, and rules/methods. This paper provides a general exploration of the 
connectivity between SMOF and various related ontologies, with the understanding that specific 
connection interfaces and reusability require further investigation in subsequent stages. 

Consolidating the Discussion, the development and preliminary exploration of SMOF represent 
a significant step forward in addressing the complexities of smart city data. 

6. Conclusions 

In this research, we have successfully engineered and deployed SMOF, leveraging semantic web 
technologies and meticulously aligning with a range of international and domestic standards. SMOF 
is designed to address data utilization challenges in urban governance, particularly those arising 
from heterogeneous, multi-standard, and multidisciplinary datasets. The knowledge structure was 
developed by interrogating knowledge sources and capability questions, referencing 20 relevant 
standards to strengthen the framework's core entities, relationships, and properties. Guided by six 
foundational principles, SMOF integrates a wide array of data sources, from GIS and BIM 
foundations to dynamic IoT sensor streams. A representative use case demonstrates SMOF's 
capability for scenario-specific knowledge representation, mapping diverse data, and executing non-
relational semantic queries. This case substantiates the robustness and scalability of ontology-driven 
methodologies, showcasing their targeted and extensive applicability. 

Constructing a comprehensive ontology demands profound domain knowledge and expertise 
in knowledge engineering. Despite its robustness, the current framework has several limitations: (1) 
Content Enrichment: The core components of SMOF require further refinement to balance simplicity 
and comprehensiveness, ensuring the framework remains accessible while capturing the 
complexities of smart city data. (2) Formal Standardization: This study constructs the framework but 
doesn't fully address multi-scale representation and geometric aspects. Future work should focus on 
the 'data-model-knowledge' paradigm [39] to develop a more granular integration of data scales and 
geometric information. (3) Data Governance Complexities: While addressing entity mapping and 

Preprints.org (www.preprints.org)  |  NOT PEER-REVIEWED  |  Posted: 31 October 2024 doi:10.20944/preprints202410.2577.v1

https://doi.org/10.20944/preprints202410.2577.v1


 17 

 

application within the data lifecycle, the study does not fully integrate SMOF with other critical stages 
like security and data sharing, essential for a holistic approach to smart city data management. 

The next phase of our research involves refining SMOF in light of these issues and aligning it 
more closely with existing urban ontologies. We also aim to expand our research scope to include a 
diverse range of smart city applications, enhancing the generalizability of our findings. Collaboration 
with stakeholders from different sectors will ensure that SMOF meets unique domain-specific 
challenges and opportunities. 

Additionally, we advocate for governmental initiatives to establish dedicated entities, such as 
City Administrative Data Management Bureaus, to streamline and amalgamate data across siloed 
departmental platforms. This unification is projected to dismantle existing data management and 
application barriers, fostering inter-sectorial synergy. 
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