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Abstract: The increasing demand for electricity in China necessitates expanding and 

optimizing power infrastructure projects. However, these projects are often complex, 

involving numerous stakeholders and heterogeneous data sources. This study investigates 

the application of digital twin technology in power infrastructure projects to address these 

challenges. A comprehensive framework integrating Building Information Modeling (BIM), 

digital twin technology, semantic web technologies, and artificial intelligence is proposed 

to enhance project management and operational efficiency. The framework's effectiveness 

was validated through a case study conducted at a power infrastructure construction site in 

Ma Shan. Multi-sensor platforms were deployed to collect environmental data, which was 

then integrated using semantic web technologies into a unified RDF format. A web-based 

platform was developed to display this data in real-time. This enables continuous 

monitoring and proactive management of environmental conditions. The results 

demonstrated the successful integration of heterogeneous data and the ability to monitor 

and manage environmental conditions in real-time. The study highlights the potential of 

digital twin technology to improve the design, construction, and maintenance phases of 

power infrastructure projects. Future research should explore the expansion of this 

framework to other infrastructure domains to maximize its benefits. 

1. Introduction 

The rapid increase in China's electricity demand has necessitated the expansion and scaling up of 

power infrastructure projects to enhance resource allocation efficiency. These projects, however, 

involve numerous stakeholders and encompass heterogeneous data sources, rendering project 

management exceedingly complex [1]. To address these challenges, there is an urgent need for 

advanced technologies capable of integrating and analyzing vast amounts of project data to 

optimize management and execution across various project phases. 

In the Architecture, Engineering, and Construction (AEC) industry, Digital Twin (DT) 

technology has been widely adopted. Digital Twins, by providing virtual replicas of physical assets, 

along with real-time data and analytics, are revolutionizing the AEC industry. This technology 
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enhances performance across multiple critical areas, including virtual design, project planning and 

monitoring, asset management, energy performance, supply chain management, and structural 

health monitoring. For instance, Lu et al. [2] automated the digital twin modeling of building 

geometric information, demonstrating the potential of DT in building management. Additionally, 

DT technology has been employed in creating city-level digital twin models, significantly 

supporting urban management [3]. Despite these advancements, the application of digital twins in 

power infrastructure projects remains underexplored, highlighting a significant research gap. 

For power infrastructure projects, digital twin technology can be applied across various stages, 

including planning, design, construction, and operation. During the planning stage, digital twins can 

simulate different planning scenarios to aid in selecting the optimal plan. In the design stage, they 

can simulate the implementation process and outcomes of design schemes to optimize them. During 

construction, digital twins can predict and address potential issues through real-time simulation of 

the construction process. In the operation and maintenance stage, digital twins enable real-time 

monitoring and predictive maintenance, thereby optimizing equipment maintenance and fault 

management. The collection and processing of vast amounts of data generated by power 

infrastructure projects, the establishment and validation of accurate digital twin models, and the 

effective integration of digital twin technology with other advanced technologies such as big data 

and artificial intelligence are critical issues that require in-depth research and resolution. This 

underscores the necessity for advanced data integration and management systems. 

Thus, the conception of a digital twin platform for power infrastructure projects is proposed, 

leveraging Building Information Modeling (BIM), artificial intelligence, and semantic web 

technologies to establish a digital twin object for power infrastructure projects. This digital twin 

should feature a high-precision 3D model of the physical characteristics of the twin object to aid in 

construction planning and progress tracking. The system should be capable of collecting 

heterogeneous data, including manually inputted and Internet of Things (IoT)-supported 

environmental data, and should include a semantic gateway to convert heterogeneous data into RDF 

graphs, thereby facilitating data interoperability and the potential for automated data linking. The 

data, once converted into a common RDF format, can be processed on dedicated equipment. The 

integrated data can then utilize artificial intelligence models to learn patterns from historical data, 

predict future power grid load changes, provide future load forecasts, and monitor potential fault 

conditions. A case study was conducted on an ongoing power infrastructure project to validate the 

proposed approach. 

2. Related Work 

2.1. 3D BIM Modeling 

Building Information Modeling (BIM) can be thought of as a digital representation of the 

physical and functional characteristics of a facility. BIM technology allows for the creation of high-

precision 3D models that reflect both the physical and geometric characteristics of buildings [4]. 

Software like Revit is commonly used for BIM due to its capabilities in providing detailed and 

accurate modeling, which facilitates the entire lifecycle management of buildings from design 

through construction to maintenance. These models serve as a shared knowledge resource, forming 

a reliable basis for decision-making throughout a building's lifecycle. 

BIM models integrate various aspects of a building's design and construction data, including 

structural elements, HVAC systems, electrical components, and plumbing [5][6]. By doing so, BIM 

enhances collaboration among different stakeholders, improves project efficiency, and reduces 

errors and rework. Moreover, the ability to perform clash detection and visualize potential issues 

before construction begins is one of the significant advantages of BIM technology. 
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2.2. Digital Twin Technology in Construction 

While BIM provides a static model of a building, digital twin technology extends this concept by 

creating a dynamic, real-time digital counterpart of physical assets. A digital twin not only includes 

the 3D geometric and physical characteristics represented in a BIM model but also integrates real-

time data from IoT sensors and devices. This would enable continuous monitoring and analysis. 

The primary difference between BIM and digital twins lies in their application and capabilities. 

BIM is primarily used during the design and construction phases for planning and collaboration. In 

contrast, digital twins are used throughout the entire lifecycle of a building or infrastructure project, 

including the operational phase. They provide insights through real-time data and analytics, 

allowing for predictive maintenance, performance optimization, and more efficient resource 

management. 

Digital twins leverage advanced technologies such as machine learning, data analytics, and 

simulation models to predict future performance and identify potential issues before they occur. For 

instance, Chen et al. [7] demonstrated the integration of digital twin technology with machine 

learning technology to monitor and forecast temporal environmental data. This capability is crucial 

for managing complex infrastructure projects like power grids, where real-time data and predictive 

analytics can significantly enhance operational efficiency and reliability. 

2.3. Semantic Web for Heterogeneous Data Integration 

Initiated by the World Wide Web Consortium (W3C), the Semantic Web comprises a suite of 

standards and technologies aimed at making data on the web machine-readable and enabling more 

intelligent and automated ways of accessing, relating, and analyzing data [8]. Figure 1 depicts the 

technological stack of the Semantic Web proposed by W3C. At the core of these technologies is the 

Resource Description Framework (RDF), which uses triples (comprising a subject, predicate, and 

object) as the fundamental units to describe and link data. 

 

Figure 1: Semantic Web Technology Stack proposed by W3C 

The Semantic Web technologies, including RDF, SPARQL (a query language for RDF), and 

OWL (Web Ontology Language), facilitate the integration of large amounts of heterogeneous data. 

These technologies enable the creation of interconnected data networks, making it possible to relate 

and analyze data from various sources in a unified manner. 

In the context of power infrastructure projects, the Semantic Web can be used to integrate data 

from multiple sources, such as sensor networks, IoT devices, and legacy systems. By converting 

these diverse datasets into a common format (RDF), it becomes easier to perform complex queries 

159



and derive meaningful insights. This integration is essential for creating comprehensive digital 

twins that accurately represent the physical and operational states of power infrastructure assets. 

2.4. Artificial Intelligence in Smart Grid Applications 

Artificial Intelligence (AI) plays a crucial role in the development and operation of smart grids. 

AI techniques, particularly machine learning algorithms such as Long Short-Term Memory (LSTM) 

neural networks, are employed to predict various conditions that impact the grid, including weather 

patterns, load demand, and equipment performance. 

LSTM networks is a type of recurrent neural network (RNN) that focuses on modeling temporal 

sequences and long-range dependencies, making them suitable for time series forecasting. In smart 

grid applications, LSTM networks can be used to predict load demand, optimize energy distribution, 

and anticipate the effects of extreme weather conditions on the grid infrastructure. 

For instance, Alazab et al. [9] utilized AI models to analyze historical weather data and predict 

the impact of upcoming weather events on power grid stability. These predictions enable grid 

operators to take proactive measures, such as load balancing and preventive maintenance, to 

minimize disruptions and enhance grid resilience. 

3. Proposed Framework: Digital Twinning for Power Infrastructure Projects 

3.1. Construction of the Digital Twin Model 

Figure 2 illustrates the proposed methodology for constructing the digital twin model for power 

infrastructure projects, emphasizing both the development of high-precision models and their 

practical application. The construction process of the digital twin model begins with the collection 

of comprehensive CAD design drawings and on-site data, such as point cloud scans and high-

resolution images. These diverse data sources are integral to creating a precise and functional digital 

representation of the physical power infrastructure. 

 

Figure 2: Proposed power infrastructure digital twinning process 

The initial phase of constructing the digital twin model involves gathering detailed data from 

various sources. CAD design drawings provide the foundational geometrical and structural 

information necessary for the initial digital twin framework. Point cloud scans, obtained through 

laser scanning, offer detailed spatial information that helps in creating accurate 3D representations. 

High-resolution images contribute to the visual fidelity of the model, ensuring that the digital twin 
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accurately reflects the physical appearance and condition of the infrastructure. 

Once the data is collected, it is integrated and processed using advanced 3D modeling software. 

Tools such as Revit and 3ds Max are employed to synthesize this data into a cohesive model. The 

CAD drawings, point cloud data, and high-resolution images are imported into the modeling 

software to create a comprehensive 3D model that encompasses all collected data points. This step 

involves merging the diverse datasets to form a single, high-fidelity model, ensuring that all 

physical and geometrical characteristics are accurately represented. 

The next step involves refining the model to enhance its precision and applicability. Using Revit 

and 3ds Max, the model is further detailed to capture intricate aspects of the infrastructure. This 

includes adding textures, materials, and other features that enhance the model's realism. 

Additionally, the 3D model is augmented by integrating physical and mathematical models, which 

simulate the operational characteristics of the power infrastructure. This integration allows for more 

accurate predictions and analyses. 

3.2. Data Processing and Heterogeneous Data Integration 

Sensors are deployed across the project site to continuously monitor and collect data on critical 

parameters. This generates a stream of real-time data, such as wind speed data collected from 

anemometers. This raw sensor data contains timestamps and measurements, which must be 

processed and integrated into the digital twin model. 

Integrating heterogeneous sensor data is crucial for establishing a functional digital twin. 

Semantic web technologies are employed to convert diverse data into a standardized RDF 

(Resource Description Framework) graph format to efficiently handle these large volumes of real-

time data. This conversion facilitates data interoperability and enables more effective data linkage 

and analysis. 

 

Figure 3: Heterogeneous data integration process using semantic web 

Once the data is collected, it is processed for compatibility with the digital twin platform. This 

involves cleaning the data to remove any inconsistencies or errors, followed by structuring the data 

in a way that facilitates its integration. Using semantic web technologies, the cleaned data is 

converted into RDF format. Figure 3 illustrates the process of converting raw sensor data into an 

RDF graph. The raw data, such as wind speed measurements, are mapped into RDF graphs that 

describe the observed property (e.g., wind speed), the sensor that made the observation, the result of 

the observation, and the time at which the observation was made. 

3.3. Operational Monitoring and Fault Diagnosis 

In the operational phase following the delivery of power infrastructure projects, the focus shifts 

to analyzing on-site operational processes, particularly in the context of grid maintenance. The 

effective utilization of digital twin technology is proposed to enhance fault diagnosis and repair 

efficiency. Figure 4 depicts the proposed methodology for operational monitoring and fault 
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diagnosis of power infrastructure facilities. 

 

Figure 4: Project operation status monitoring and troubleshooting 

Advanced simulation environments using ANSYS and Simulink software are employed to 

validate the models for operational state monitoring and fault diagnosis. These simulations include 

potential fault scenarios such as transformer failures, line breaks, and other critical issues. By 

simulating these scenarios, the model's response accuracy and practicality are tested. These 

simulations confirm the technical feasibility of the model and enable the prediction and planning of 

grid performance under extreme conditions, thereby enhancing the reliability and safety of the 

power grid. 

Additionally, one of the major challenges faced during grid operations is the occurrence of 

meteorological disasters caused by extreme weather conditions. These disasters, influenced by 

equipment, weather, and environmental factors, can significantly impact the grid. A real-time grid 

prediction function based on neural networks is proposed. This system uses a Long Short-Term 

Memory (LSTM) neural network to predict the impact of these conditions on the grid. 

The LSTM neural network model's inputs include historical power load data, meteorological 

conditions, time information (such as the time of day and day of the week), and data on special 

events that may impact electricity consumption. These inputs are preprocessed and normalized 

before being fed into the LSTM network. The network learns patterns from historical data to predict 

future grid load variations. 

4. Case Study: Environmental Data Integration in Power Infrastructure Construction 

A case study was conducted on a power infrastructure construction project located in Ma Shan to 

validate the proposed system's effectiveness. The focus was on two main aspects: the integration of 

multi-sensor environmental data using semantic web technologies and the monitoring of the 

environmental conditions at the construction site. 
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To achieve comprehensive environmental monitoring, a series of environmental sensor platforms 

were deployed across the construction site. Each platform was equipped with five types of sensors: 

a thermometer to measure temperature, an anemometer to measure wind speed, a decibel meter to 

measure noise levels, and PM 2.5 and PM 10 sensors to measure particulate matter concentrations. 

These sensors continuously collected data, providing detailed environmental conditions at various 

locations within the construction site. 

The raw, heterogeneous data from these multiple sensors were integrated using semantic web 

technologies. The data was transformed into a unified format using RDF (Resource Description 

Framework), which facilitated interoperability and enhanced the ability to perform complex queries 

and analyses. This process ensured that data from different sensors could be seamlessly combined 

and utilized for real-time monitoring and decision-making. 

 

Figure 5: The developed web data platform displaying integrated environment sensor data 

A web platform was developed to display the integrated semantic data and provide a prototype 

monitoring function to the client. Figure 5 demonstrates the web platform interface, showcasing the 

integrated data and monitoring functionalities. The platform was designed with a RESTful API, 

enabling efficient data retrieval and interaction. This web platform allowed users to visualize the 

environmental data in real-time, track changes, and receive alerts for any abnormal conditions. 

5. Results and Discussion  

The case study successfully demonstrated the system's ability to integrate and monitor 

environmental data from a complex construction site. The semantic web approach enabled the 

seamless fusion of heterogeneous data, which was then effectively utilized in a web-based 

monitoring platform. This integration allowed for comprehensive and real-time monitoring of the 

construction site's environmental conditions, enhancing the ability to manage and mitigate potential 

issues promptly. 

The deployment of multi-sensor platforms across the construction site ensured detailed and 

continuous environmental monitoring. The collected data provided a rich source of information that 

could be used to assess the site's environmental health and identify potential hazards. By 

transforming this data into a unified RDF format, the system facilitated better data interoperability 

and allowed for more sophisticated analyses. 

The web platform's real-time monitoring capabilities proved invaluable in maintaining optimal 

environmental conditions at the construction site. Users could easily access and interpret data, 

enabling them to respond quickly to any anomalies. Alerts for abnormal conditions helped prevent 

potential problems from escalating, ensuring a safer and more efficient construction process. 

To summarize, the case study at Ma Shan demonstrated the practical benefits of integrating 
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multi-sensor environmental data using semantic web technologies. The developed system provided 

an effective solution for real-time environmental monitoring, improving the management and 

operational efficiency of power infrastructure construction projects. Future work could expand on 

this approach by incorporating additional types of sensors and further refining the data integration 

and analysis processes to enhance system capabilities 

6. Conclusion 

This study explored the application of digital twin technology in power infrastructure projects, 
focusing on the integration and real-time monitoring of environmental data. We propose using BIM, 
semantic web technologies, and AI to create a comprehensive and dynamic digital twin for power 
infrastructure. 

The case study conducted at a power infrastructure construction site in Ma Shan validated the 
effectiveness of the proposed system. By deploying a series of multi-sensor platforms, the study 
successfully demonstrated the integration of heterogeneous environmental data using semantic web 
technologies. The transformation of raw sensor data into a unified RDF format facilitated seamless 
data interoperability, enabling sophisticated queries and real-time monitoring through a web-based 
platform. 

The case study highlighted the significant advantages of using digital twin technology for 
environmental monitoring in power infrastructure projects. The developed digital twin system's 
capability to collect, integrate, and analyze real-time data enables proactive management and timely 
responses to potential issues, enhancing both operational efficiency and safety. 

In conclusion, the integration of advanced technologies such as BIM, digital twins, semantic web, 
and AI provides a powerful toolset for managing complex power infrastructure projects. The 
success of the Ma Shan case study underscores the potential of this approach to improve the design, 
construction, and maintenance phases of such projects. Future research should focus on further 
refining these technologies and exploring their applications in other domains of infrastructure 
development to maximize their benefits. 
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