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Abstract

:

Carbon emissions present a pressing challenge to the traditional construction industry, urging a fundamental shift towards more sustainable practices and materials. Recent advances in sensors, data fusion techniques, and artificial intelligence have enabled integrated digital technologies (e.g., digital twins) as a promising trend to achieve emission reduction and net-zero. While digital twins in the construction sector have shown rapid growth in recent years, most applications focus on the improvement of productivity, safety and management. There is a lack of critical review and discussion of state-of-the-art digital twins to improve sustainability in this sector, particularly in reducing carbon emissions. This paper reviews the existing research where digital twins have been directly used to enhance sustainability throughout the entire life cycle of a building (including design, construction, operation and maintenance, renovation, and demolition). Additionally, we introduce a conceptual framework for this industry, which involves the elements of the entire digital twin implementation process, and discuss the challenges faced during deployment, along with potential research opportunities. A proof-of-concept example is also presented to demonstrate the validity of the proposed conceptual framework and potential of digital twins for enhanced sustainability. This study aims to inspire more forward-thinking research and innovation to fully exploit digital twin technologies and transform the traditional construction industry into a more sustainable sector.
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1. Introduction


1.1. Sustainability in the Construction Sector


The construction industry is one of the important pillar industries of the global economy, and its development and prosperity play a key role in economic growth and advancement of urbanization [1]. However, the high energy consumption and high carbon emissions brought by this industry have become one of the most significant environmental challenges that the world is facing [2]. The construction industry consumes considerable energy and resources throughout a building’s life cycle and emits substantial greenhouse gases (GHG), especially carbon dioxide (CO2), which contributes significantly to global climate change [3]. According to the International Energy Agency (IEA), the world’s largest energy consumer, the construction industry accounts for approximately 40% of total energy consumption and is responsible for about 36% of total global GHG emissions [4]. Taking the UK as an example, according to a report released by the British government in September 2022, around 40% of UK carbon emissions are linked to the built environment [5]. This includes emissions associated with heating buildings, the energy they consume for operations, and the functioning of the transport infrastructure. Figure 1 shows the increasing trend of GHG emissions from the UK construction industry over the past decade [6]. In 2019 and 2020, there was a reduction due to the pause in many production activities caused by the COVID-19 virus. However, emissions resumed their growth in 2021, reaching a new high in nearly a decade.



Amid rising concerns over climate change, global environmental protection gains increasing focus [7]. Governments and international bodies set emissions targets, with the Paris Agreement committing to keep global temperature rise below 2 °C, aiming for 1.5 °C [8]. In order to achieve these goals, the construction industry, as one of the important sources of carbon emissions, has been entrusted with an overwhelming responsibility. The continuous advancement of science and technology provides new opportunities to solve environmental problems [9]. Digital technology, as an emerging part, provides new possibilities and opportunities for carbon emission reduction in the construction industry. The rapid development of digital technologies, such as the Internet of Things (IoT), artificial intelligence (AI), cloud and edge computing, and blockchain, has brought opportunities for the digital transformation of the construction industry [10,11]. Among them, digital twins, as a subversive innovative technology, are regarded as one of the key and most promising technologies to achieve carbon emission reduction in the construction industry [12].




1.2. Digital Twins for Enhanced Sustainability


Digital twins technology creates a digital version of a physical object or system, linking real-world data with the virtual model. This allows for the real-time monitoring, simulation, prediction, and analysis of the system or object. This approach has been used in different sectors to enhance efficiency, productivity, and decision-making processes [13]. In manufacturing, digital twins optimize production by predicting maintenance needs and streamlining operations [14]. In healthcare, they facilitate hospital management and patient care by simulating medical procedures and predicting patient responses to treatments [15]. For urban planning, digital twins assist in the development of smarter cities through efficient infrastructure planning and traffic management [16]. From an academic perspective, the result of the literature review shows that the most prominent applications of digital twins in the construction industry are in facility management and operation, integration with Building Information Modeling (BIM) for predictive maintenance and resource efficiency, construction site management and monitoring, worker training and safety, and structural integrity assessment [17]. From the perspective of practical application cases in the industrial sector, Figure 2 shows research from Royal Institution of Chartered Surveyors (RICS) in 2023 [18], indicating the main application directions in the construction industry involving BIM or digital twins. The statistical results indicate that the current level of digitalization in sustainable direction is the lowest. This technology can span the entire life cycle of buildings, from design, construction, operation and maintenance, and renovation, to demolition [19]. Through adopting digital twins, stakeholders and engineers can fully understand the state and behavior of buildings, optimize the use of energy and resources, and reduce carbon emissions [12,20]. In the architectural design stage, digital twins can simulate the energy consumption of different design schemes to choose the most energy-efficient and environmentally friendly option [21]. During the construction process, digital twins can monitor the construction status of the building in real-time, identify problems promptly and make necessary adjustments, optimize construction efficiency, and reduce resource wastage [22]. In the operation and maintenance phase of buildings, digital twins can help operators, in real-time, to monitor energy consumption and the equipment operating status, discover and solve problems on time, and optimize energy utilization efficiency [23]. The renovation and demolition stages involve the assessment of recyclable materials, where digital twin systems can help construction teams better analyze recycling needs to achieve material savings.



Digital twins can undoubtedly better assist the construction industry in achieving sustainable goals [24]. Some researchers already tried to combine specific digital technologies with digital twins; meanwhile, a lot of studies have already revealed that the advancements that digital twins can bring to sustainable development are substantial. A case study of a global Consumer Packaged Goods (CPGs) brand demonstrated how digital twins can support sustainability goals, such as reducing the overall carbon footprint by as much as 20% [25]. This involves simulating new product designs, packaging alternatives, or manufacturing configurations to minimize energy consumption, water usage, and waste. The study highlighted that digital twins could reduce greenhouse gas emissions and the carbon footprint of buildings by up to 50%, alongside cost savings of up to 35% [26]. Other benefits include facilitating a shift to a circular economy, the real-time tracking of the carbon footprint, optimizing logistics to reduce emissions, and enhancing water conservation.



Currently, the construction industry aims to achieve sustainability through technologies such as BIM, green building materials, solar technology, and intelligent building management [27]. BIM is a kind of technology focusing on information management during the design and construction phases, aiding in efficient collaboration and decision-making by project teams, but usually does not involve real-time data analysis of the building during its operational phase [28]. For digital twins, it can provide a real-time, dynamically updated model of a building, capable of simulating and monitoring the building’s actual performance, including energy consumption and structural health [29]. So, digital twins can continuously monitor and be self-optimized on top of BIM, maintaining efficient and sustainable operations throughout the building’s life cycle. Comparing with green building materials, digital twin technology enhances the effectiveness of green building materials by optimizing material selection and use, achieving a higher level of sustainability. Additionally, it can enhance the functionality of smart building technologies, allowing for more detailed energy management and maintenance strategies through in-depth analysis and simulation.



Digital twins in the construction industry stand out from existing sustainability-enhancing technologies due to their unique benefits in cost reduction, efficiency improvement, and scalability. By enabling predictive maintenance and life cycle management, digital twins significantly lower repair costs and extend the lifespan of building materials, optimizing resource usage and minimizing waste [30]. Real-time data analysis and enhanced collaboration further boost project management efficiency, ensuring projects are completed on time and within budget [31]. Additionally, their modular design and integration capability with other technologies like BIM, IoT sensors, and AI allow for adaptation to projects of varying sizes and complexities, facilitating seamless technological expansion [32]. This comprehensive approach not only incorporates existing sustainability technologies but also enhances their capabilities through real-time data analysis, predictive modeling, and improved collaboration, making digital twins a powerful tool for promoting sustainability in construction projects.




1.3. The Aim of This Study


Although many studies have conducted literature reviews on digital twins for the construction industry, very limited ones are specifically focused on energy conservation and emission reduction. By bridging this gap, the main contributions of this paper are listed in the following:




	
A first review of state-of-the-art research and applications on digital twins in terms of their contributions to different stages in the entire life cycle of buildings. Different from the existing review papers, this work focuses on how digital twins can reduce energy consumption and carbon emissions.



	
A conceptual framework for the full-process implementation of digital twins was proposed. (a) Preparation phase: identify the physical elements and construct the cyber elements. (b) Implementation phase: all activities about data, such as collection, storage, integration, processing, and analysis. (c) Operation phase: deploy the solution and offer visualization for different purposes, then intervene in reality. Meanwhile, following this framework, a proof-of-concept demo in monitoring and visualizing fuel consumption and carbon emissions of construction machinery has been reported.



	
Identification of the challenges and future opportunities when implementing digital twins in the construction industry, which span from complexities of data collection/fusion, optimization of the physical and digital entities, the construction of transparent and responsible artificial intelligence and cost issue.










2. State of the Art


This study employed a comprehensive and systematic approach to review the literature, primarily utilizing two major databases: Scopus and Google Scholar. The search was designed to capture the evolving landscape of digital twins in the construction industry, with a particular focus on sustainability and environmental considerations. The initial search criteria were defined around the keywords “digital twin” and “construction industry”. To refine the search and ensure relevance to the study’s objectives, advanced search parameters were introduced, incorporating additional keywords such as “sustainability”, “energy”, “green”, and “emission”. This strategy was aimed at identifying publications that not only discuss digital twins in a construction context but also their impact on or contributions to sustainable practices, energy efficiency, and emission reductions within this industry.



The time span for the literature search was mainly set from 2010 to the present, recognizing the significant advancements in digital twin technology and its application in constructions over the last decade. This period was chosen to encompass the maturation of digital twin concepts from their early stages to their current state-of-the-art implementations, allowing for a thorough examination of their development, challenges, and potential for future innovations in reducing the environmental footprint of construction activities.



Since the introduction of digital twins by NASA [33], significant breakthroughs have been achieved in the last decade, particularly in the aerospace industry [34], resulting in a high maturity level for related applications [35]. The construction industry has indeed begun integrating digital twins, but instances of actual implementations are either limited to the concept stage, or the integrated systems lack comprehensiveness [36].



Before delving into the details, it is crucial to have a clear understanding of the different life cycle stages of a building and to identify the sources of carbon emissions at each stage [37]. In the life cycle of construction industries, there are five stages—design, construction, operation and maintenance, renovation, and demolition—as illustrated in Figure 3. The operation and maintenance phase, which includes energy usage for heating, cooling, and other functions, contributes the majority of emissions, estimated at over 80%. The construction phase, encompassing material production and building activities, accounts for a significant but smaller portion, about 10–15%. The demolition stage, involving the dismantling and disposal of building materials, contributes a relatively small fraction, estimated to be around 2% [38]. The sources of emissions include but are not limited to, the production and transportation of raw materials, energy consumption of on-site equipment (such as gasoline, electricity, and water resources), and the heating and electricity supply during operation and maintenance [39]. Based on the report released by World Green Building Council [40], for the building sector, which contributes 39% of global emissions, 28% of emissions are derived from the operation and maintenance phase, including cooling, heating, and power supply. The remaining 11% comes from the use of materials and building activities. Figure 3 maps different sources of carbon emissions in each stage, which shows the most significant carbon contributors of buildings and supports the discussions below.



In the current literature, there are presently only a few applications directly associating digital twins with sustainability. Table 1 summarizes the papers that simultaneously involve digital twins and sustainability. These papers directly incorporate and implement the concept of digital twins into the knowledge framework and application development. From the perspective of the technical layer, they employed emerging digital technologies related to digital twins, such as artificial intelligence, the Internet of Things, Cyber–Physical Systems, etc. From the perspective of the purpose layer, they focused on using digital twins systems to address carbon emission issues in construction. From the perspective of the application layer, they integrated different concepts in their respective application scenarios, such as Smart Maintenance, Life Cycle Sustainability Assessment, Resilient Management, etc. By combining digital twins with existing monitoring or management systems, they are aimed at better serving the goals of sustainability enhancement.



2.1. Construction Phase


Construction site activities involve a variety of carbon emission sources, ranking second in the entire life cycle of a building, following closely behind the operation and maintenance phase. The construction process involves materials, construction vehicles, lighting equipment, heating and power supply systems and a series of equipment that generate carbon emissions [56]. These carbon emissions originate from a wide range of sources, offering substantial room for reduction.



In the aspect of improving the sustainability of building materials, Hao et al. [57], Li et al. [58], and Liu et al. [59,60] proposed methods leveraging BIM (Building Information Modeling), blockchain, and CPSs (Cyber–Physical Systems) for quantifying the carbon emission reduction in prefabricated buildings, providing an important knowledge base for the circular economy and sustainable building development, assisting with the optimization of material deployment and allocation before the official start of a project. Building on this foundation, Wang et al. [43] introduced a method that combines 3D concrete printing technology with digital twins to shorten the construction time and enhance design flexibility, while also achieving environmental sustainability. Following on this, Mêda et al. [45] took a different technological route by incorporating mobile LiDAR (Light Detection and Ranging) technology and enhancing waste audits, achieving not only digital transformation but also sustainable development in construction projects, particularly through material savings.



In the aspect of enhancing construction process management, Jiang et al. [23] introduced an intelligent modular integrated construction system enhanced with digital twin technology (DT-SMiCS). This system employs robotic demonstrations and cloud services to implement a redesigned on-site assembly process, enhancing building efficiency and sustainability through real-time data integration and remote control. Hussein et al. [61,62] along with Abdelmageed et al. [63] have contributed to the establishment and enhancement of simulation models, covering the future directions, benefits, and challenges, providing a comprehensive understanding of the application and impact of digital technologies in construction management. Franciosi et al. [44] explored how to effectively use digital twin technology to improve the sustainable performance of production activities and established a conceptual model outlining the key characteristics and framework for the application of these technologies in sustainable production. Moreover, Metallidou et al. [46] proposed a method to reduce industrial carbon emissions using the Industrial Internet of Things and digital twin technology, aiming to optimize manufacturing decisions and improve energy efficiency in industrial operations. Yang et al. [31] contributed to urban development by summarizing research on integrating digital twins with eco-friendly intelligent buildings. Similarly, Çetin et al. [64] investigated the implementation of circular economy concepts throughout the construction process. These studies collectively underscore the power of digital twins technology in enhancing construction and urban planning for sustainable development, directly aligning with the initial focus on improving construction process management through digital innovation.



In the aspect of optimizing on-site construction machinery (initial efforts in this domain by Jassim et al. [65,66]), Arocho et al. [67] laid the groundwork by quantifying construction emissions and developing mitigation strategies. Their methodologies leveraged neural networks and productivity-based estimation tools, setting a precedent for combining data-driven approaches with construction operations. Building on these foundational studies, Hajji et al. [68] further refined the estimation of construction emissions, emphasizing the role of accurate, AI-enhanced tools in developing effective mitigation strategies. In subsequent research in this direction, Zhang et al. [69] introduced a novel approach for recognizing construction equipment actions, integrating convolutional neural networks (CNNs) with long short-term memory (LSTM) networks. This method not only advanced the precision of monitoring but also opened new avenues for understanding and improving the sustainability of construction practices through more nuanced and dynamic data analysis. Furthermore, Wang et al. [70] proposed a novel framework based on heterogeneous graph convolutional networks and mechanical keypoints region-based convolutional neural network (RCNN), which effectively classifies earthwork activities in images containing multiple excavators and cooperative machinery. It demonstrates the potential applications of site monitoring in the management of earthwork productivity, as well as energy saving and emission reduction.




2.2. Operation and Maintenance Phase


During the entire life cycle of a building, the operation and maintenance phase typically generates the highest proportion of carbon emissions compared to other phases, leading to significant research value in monitoring and managing GHG. Its persistence and complexity lead to higher carbon emissions at this stage, attracting numerous researchers to contribute to this field. Meanwhile, buildings in this phase inherently involve substantial cost and risk management. Leveraging digital technology, some advanced concepts and methods can be more seamlessly integrated with digital twins, thereby promoting the sustainability of buildings.



The works of Zhao et al. [71], Kaewunruen et al. [72], Banfi et al. [73], and Agostinelli et al. [74] have been instrumental in visualizing and assessing Net-Zero Energy Building (NZEB) solutions. Their work confirms the potential of digital twins in enhancing the energy efficiency of buildings, pointing toward a sustainable architectural future. Following this thread, Arsiwala et al. [47] discussed the use of digital twin technology, combined with the IoT, BIM, and AI to monitor and control the carbon dioxide emissions of building assets, aiming for net-zero emissions. This approach aims to achieve net-zero emissions, showcasing a practical application of digital twins in mitigating environmental impact. Osunsanmi et al. [48] proposed a conceptual framework for Smart Maintenance (SM) based on digital twins, supporting the autonomous maintenance of infrastructure within the building environment, with a focus on optimizing energy-saving strategies. It represents a shift towards more autonomous, technology-driven maintenance practices that align with sustainability goals.



Adding another dimension to the discourse, studies by Yan et al. [75], Johannes et al. [76] and Ismail et al. [77] provide in-depth discussions from the aspects of architectural design, technical dimensions, and system integration. These works contribute to a comprehensive understanding of how various elements of building operation can be optimized for sustainability through digital twins, respectively. Studies in the domain of Cyber–Physical–Social System (CPSS) by Zhang et al. [50], Zeng et al. [51], and Zhou et al. [52] conducted systematic reviews to determine the development direction and bottlenecks of this field, paving the way for integrated solutions that consider technical, social, and environmental aspects. Additionally, combined with digital twins, Keskin and Mengüç [49] introduced a CPSS that reduces energy waste through innovative ventilation systems, exemplifying the potential of integrating digital twins with energy-saving innovations. Lastly, the potential for resilience management in green buildings as demonstrated by Achour et al. [78] and Rosa et al. [79] alongside Rotilio et al.’s [53] approach to leveraging digital twins for post-disaster reconstruction and routine management highlight the broader applications of digital technologies in ensuring sustainability. Waraga et al.’s [54] framework, which integrates digital twin technology with AI to predict energy demand accurately, reveals the potential of these technologies in achieving effective energy management and sustainable development.



These studies articulate a vision of a sustainable future for the building sector, marked by the innovative use of digital twins to monitor, manage, and reduce carbon emissions while enhancing energy efficiency and resilience.




2.3. Design, Renovation and Demolition Phases


These stages are often not considered critical for energy saving and emission reduction since they are typically not directly associated with carbon emissions. However, some scholars have still made significant contributions in these stages. For the design phase, Carvalho [80] proposed a BIM-based framework for optimizing Building Sustainability Assessment (BSA) methods, demonstrating the significant potential of BIM in directly and indirectly assessing the most sustainable building standards. Therefore, the technical contributions from the design phase involve greater standardization and systematization of data. Additionally, the quality and precision of data are relatively improved, laying the foundation for data collection, statistics, and analysis in subsequent phases.



During the renovation phase, Tang et al. [55] proposed the use of Vertical Greenery Systems (VGSs). They applied digital twins to simulate the construction methods and irrigation of VGS, enabling the visualization of the VGS construction process in old commercial and residential buildings. This approach helps in identifying the optimal energy-saving solutions. In the renovation and demolition phases, few people have discussed these two phases separately. Considering the long life cycle of buildings and the relatively late development of digital twins, there are few papers in this direction. Meanwhile, because carbon emissions in these phases are lower compared to other stages, the significance to sustainability is reduced, leading to a lack of digital twin applications. Additionally, the universality of construction site activities is notable. Considering that some structures do not generate, or only produce minimal carbon emissions once built (such as bridges, warehouses, etc.), research on carbon emissions in construction site activities can more effectively cover the vast majority of projects in the construction industry.



Overall, the current application of digital twins in the direction of energy saving and emission reduction is still limited. Although numerous studies highlighted the potential for sustainable development, researchers often overlook this field, investing more attention towards monitoring, managing and improving work efficiency and safety. This also means that the construction industry has not effectively combined sustainability with advanced digital technologies and continues to rely on traditional methods for energy conservation and emission reduction. The fundamental reason is the lack of a complete digital twin system in the construction industry, so it is impossible to integrate various functional parts. There are many factors that affect sustainability, such as increasing production efficiency and optimizing management policies, which can also reduce carbon emissions to a certain extent. When it is not possible to focus on the development of sustainable strategies due to some practical issues, integrating other objectives can also enhance the sustainability goals of the project. Therefore, a composite and comprehensive strategy can become a driver for sustainability.





3. Framework and Proof-of-Concept Demo


We introduce a conceptual digital twins framework, which is aimed at helping scholars better understand the specific implementation process of digital twins, while pointing out the key elements in projects with sustainability as the main goal. Figure 4 displays this framework for the construction industry, starting from the preparation phase, which encompasses the physical elements in construction and their corresponding cyber elements, forming the foundation of digital twins. The implementation phase involves data collection, storage, integration, and data processing and data analysis, representing the most crucial component of the digital twin system. The operational phase covers the issues the system aims to resolve, the visual interactive interface, and the maintenance of the entire system. Each of these stages corresponds to different intricate digital technologies.



In projects where sustainability is the main objective, this universal conceptual framework can help end-users better deploy digital twin systems. In the preparation phase, digital models of equipment that generate carbon emissions are designed in advance, such as construction machinery, and heating and power supply equipment, essentially creating virtual models of relevant physical equipment based on the specific content of the project [36]. This step aids in gaining a clear overall understanding of the emissions-generating equipment before the construction, renovation, or demolition of the project, while also preparing for subsequent visual interactive processes.



During the deployment phase, the main focus is on data-related operations. Since the project’s main goal is sustainability, the primary target of data collection should be carbon emissions, carbon footprint, and status of the related emissions-generating equipment. Different types of sensors or monitoring devices are installed on various equipment, producing emissions to collect related data [81]. For example, gas sensors or thermal imaging devices can be used to count and monitor carbon emission concentrations, position sensors to collect the movement trajectories or positions of construction machinery, and devices to monitor the areas and times of buildings’ heating and power supply [82]. The collected data are usually stored in the cloud, and most cloud systems have advanced data pre-processing capabilities, which can help categorize, clean, transform, and integrate various types of data. Especially when facing different types of sensors and data, categorization is needed to support subsequent sustainable strategy generation [23]. In terms of data analysis, edge computing can process and feedback emission data information in real-time, and the system can generate basic optimization measures based on IoT-based data transmission. At the same time, optimization algorithms and machine learning technologies play a key role in this phase by analyzing historical and real-time data, predicting future trends, identifying inefficient areas, and proposing strategies to reduce carbon emissions [70]. In this way, the dynamic management of carbon emissions can be achieved, rather than just static recording and reporting. By deploying advanced control systems and automation technologies, the operating status of equipment can be automatically adjusted based on real-time or historical data and prediction models to optimize energy use efficiency, thereby reducing carbon emissions. For example, smart scheduling systems [83] can ensure that construction machinery and equipment operate at optimal times, reducing idle time, and smart building management systems [29] can automatically adjust heating and power supply demands based on the actual usage of buildings.



During the operation phase, the visualization platform is an important link. By combining virtual models, raw or pre-processed data, and IoT transmission, important carbon emission information can be intuitively displayed, helping end-users understand the overall status [84]. Moreover, visualization platforms make the understanding of complex data and models more intuitive and easier to comprehend, thereby improving the efficiency and effectiveness of decision-making. Using these platforms, project managers and other stakeholders can easily monitor carbon emission hotspots and assess the potential effects of different emission reduction measures. They can also integrate simulation and scenario analysis functions. This means that end-users can test different operational strategies in a virtual environment and assess their specific impact on carbon emissions without having to implement these strategies in the real world [85]. This “risk-free” testing environment is an ideal place to assess the impact of new technologies or process changes on sustainability goals, helping to drive innovation and optimize the project’s sustainability performance.



Figure 5 shows a demo of a digital shadow built by our team, simulating the collaborative work among construction machinery during the construction phase with its implication to sustainability, based on the proposed conceptual framework. Figure 5a shows the work flow of the whole system. This implementation includes data collection using cameras, 3D virtual model construction, AI-based data analysis, data transfer, and visualization in the overall process of digital twins. We collected visual data from an in-house construction site at a fixed position. Machinery recognition and tracking, pose detection and 3D coordinate calculation were carried out by machine learning algorithms deployed in edge computing devices [70]. Then, the extracted data were transmitted in real-time to a virtual scene created by Unity to achieve synchronization between reality and virtuality as illustrated in Figure 5b. Acting as a digital shadow (no feedback to reality yet), this system has successfully demonstrated the capability of monitoring carbon emissions and fuel consumption based on on-site activities, thereby formulating and implementing long-term energy-saving strategies in future. This demo validates the feasibility of certain aspects within the conceptual framework proposed in this paper, and, as a “semi-finished” digital twin, it aims to inspire other scholars with research ideas and directions for future development.




4. Challenges and Opportunities


Despite the sparkle works at different stages in the entire construction life cycle, developing and implementing comprehensive digital twin systems in construction industries remains very limited, not to mention the establishment of standards or guidelines for energy saving and emission reduction. This is due to the challenges of industry practices, technical barriers, cost factors, etc., which are detailed below.



Before delving into specific discussions on the challenges and opportunities, it is important to understand the deployment process of digital twins, which involves various elements, technologies, and methods.



4.1. Complexity in Data Collection and Fusion


Real-time data collection/processing demands the extensive integration of sensors, processors, networks, and other devices [86]. Beyond potential compatibility issues among sensors produced by different manufacturers, integrating multi-modal data is a challenge. Sensor types encompass those for temperature [87], sound [88], and optics [89], based on different purposes. To overcome the challenges, Adaptive Middleware Solutions, similar to those used in the healthcare industry for integrating data from diverse medical devices and systems, can be employed [90]. These solutions facilitate the transformation and mapping of data formats, protocols, and standards from diverse sources, enabling cross-platform data integration, such as integrating and sharing sensor data with BIM model data on a unified platform [91].



The massive amount of industrial data generated from different sensors or data collection devices will face challenges in terms of storage. Qi et al. [92] highlighted the inability of traditional databases to manage the growing heterogeneity and volume of digital twin data originating from various sources. One of the potential solutions in this field is Federated Data Storage [93], which can manage data heterogeneity and volume efficiently by allowing different databases to retain their autonomy while operating under a unified schema.



Unique on-site conditions (like structural vibrations or extreme weather conditions) might affect the accuracy and stability of sensors [94]. The quality, integrity, and precision of data remain a persistent challenge since any inaccuracies could distort the digital twin model. Inspired by the aerospace industry, employing Advanced Calibration Techniques, where sensors undergo rigorous testing under simulated extreme conditions, can improve sensor accuracy and stability. This type of test usually requires a laboratory under normal circumstances, and its testing and subsequent improvement costs are relatively high. Apart from hardware, improving the software’s adaptation to extreme weather can also better calibrate data. Ashraf et al. [95] demonstrated the YOLOx model’s superior performance in detecting vehicles under adverse weather conditions, providing assistance in the model selection under special conditions.



Issues related to network bandwidth and security are also vital, especially in projects involving remote monitoring or multiple locations. Ensuring network [96] and data security requires considerations beyond just communication safety and data encryption during transit but also data storage and access security. Blockchain technology [97] might be utilized for ensuring data integrity and immutability, similar to its use in supply chain management for secure, transparent transactions.



Lastly, utilizing these data effectively necessitates advanced analytic tools and algorithms, along with expertise to interpret and apply these data, making the choice, training, and deployment of machine learning models crucial. For instance, employing deep learning networks to predict a building’s energy consumption [98,99] and operational states requires ensuring the accuracy, robustness, and real-time response of algorithms. Also, the design of machine learning-based algorithms should incorporate ethical and legal perspectives, which is necessary to achieve a trustworthy way to minimize human uncertainty.




4.2. Responsible AI


It is well accepted that AI is a key technique for building powerful digital twins systems. As AI increasingly enters the construction industry, building a trustworthy AI has become a challenge [100]. Firstly, AI systems are often seen as ’black boxes’, with decision-making processes lacking transparency. In the field of construction, design and construction decisions need to be explainable and verifiable, especially when simulating and predicting through digital twins [101]. It is crucial to consider the impact of these decisions, as they involve important factors, such as the lifespan of the building, safety, and energy efficiency. Therefore, explaining the operating modes and principles of the entire system to gain the trust and acceptance of stakeholders is a potential issue for AI. Moreover, the construction industry is limited to strict norms and standards (e.g., earthquake safety standards, energy efficiency and sustainability standards, and cultural and historical preservation standards) that vary by region or country [102]. Concurrently, considering the complexity of the construction industry as mentioned earlier, AI systems are required to comply with these diverse norms and adapt to the highly dynamic construction environment and projects to ensure compliance [103]. However, currently, the maturity level of existing digital twin systems is relatively low. They are usually focused on solving different specific problems, and industry standards are not in place yet, making it difficult to integrate with specific standards in various regions.




4.3. Real-Time System Updating


Projects in the construction industry vary significantly, with each having its uniqueness. The primary technical challenge is how to establish and update virtual models (e.g., digital twins, Building Information Modeling) in real-time [104,105]. It is challenging to find general designs or products in construction, making the replication and updating of digital twin systems more complicated. This means that every new project requires building and implementing a specific digital twin from scratch, evidently raising the cost and complexity.



Techniques such as point cloud [106] or 3D scanning technologies [107] can be used to capture the actual on-site conditions, and then compare and adjust them against the physical model (such as specific equipment and machinery, dynamically changing environment and construction progress). Concurrently, the constructed 3D model must accurately reflect the state of the actual construction [108]. The quality and accuracy of data are crucial for accurate predictions and analysis. This phase tests the project team’s ability to produce high-quality model constructions and real-time imaging, necessitating that initial design plans be preserved and organized to best integrate with 3D modeling services for the digital twin system. Moreover, for older buildings wishing to adopt the digital twin framework, original design data might be unavailable or outdated, requiring prompt corrections and modifications [109].



Recently, generative AIs (e.g., large language models—LLMs) have been integrated into the building and updating of digital twins for drug delivery [110], wireless communications [111], 3D model reconstruction [112], etc. Leveraging the advantages of fast multi-modal data processing, LLM shows great potential to achieve system real-time updating. However, there are still unsolved questions on how to design case-specific prompts for, for example, suggesting eco-friendly materials, optimizing building parameters, or proposing innovative technologies [37,113], in response to real-time environmental changes.




4.4. Cost Factors


The cost of implementing digital twins varies at different stages in the whole life cycle. Oettl et al. [114] designed a method to predict these costs, considering the company’s current digital level and past digital achievements to achieve more accurate predictions, verified through a case study. Although there are significant differences between different projects and varying levels of digitalization, it can still provide some insights. Figure 6 displays the predicted results of a manufacturing company setting up a product system material flow [114], indicating that the running costs in digital twin systems are the highest, while the implementation cost is the second highest.



The high cost of implementing digital twins in the construction field manifests itself in many aspects. First, the initial investment cost is extremely high: creating a digital twin requires significant investment in hardware, software, data collection, processing, and storage equipment [115]. For example, to build a high-quality digital twin system, it is usually necessary to purchase and maintain high-performance servers, cloud storage space, and data processing capabilities to ensure the real-time and accurate transmission and analysis of data [116]. Certainly, the expense involved in operating a high-performance graphics processing unit (GPU), which is essential for running machine learning algorithms, can range from $1000 to $10,000 [117]. Secondly, the labor cost is equally substantial: engineers, data scientists, IT experts, and other related personnel with professional skills need to be hired to develop, operate, and maintain digital twin systems [118,119]. At the same time, these professionals often require continuous training and learning to keep up with rapid changes and upgrades in technology. Third, the costs of data collection cannot be ignored: in order to accurately simulate various situations of physical buildings, many sensors and monitoring equipment must be installed and ensure their stable operation under various environmental conditions, which also requires a large amount of investment [105]. Fourth, a large amount of investment is also required in data security and privacy protection (network security protection, backup and recovery, etc.) [120]. In addition, the selection and development of software platforms, the purchase and ongoing payment of cloud services [121], frequent and rapid technology updates, as well as technical difficulties and unforeseen problems that may be encountered during the implementation process will all bring additional expenses [122] and delay risk. Table 2 shows the common digital twin-related software and their costs, we can clearly see that for medium-sized or smaller enterprises, the cost of deploying all the software is very high.



When discussing the high cost of digital twins, one has to consider the construction industry’s low-profit margins, usually between 2% and 5% [123]. On one hand, practitioners within this sector might hesitate to invest significant resources (money, time, and manpower) into digital twin systems given these slim profit margins. On the other hand, digital twins could potentially act as a breakthrough to drive an increase in profit margins. However, according to the Digitalization in Construction report released by the Royal Institution of Chartered Surveyors (RICS) in 2023 [18], practitioners are trying to improve, but progress is slow, and the overall attitude tends to be negative. Therefore, how to reduce the implementation cost of digital twins becomes a key point of future research. Currently, very few researchers have discussed this issue. For the future direction, researchers should carry out some extensive cost–benefit analyses or construct cost models, which can encompass factors influencing the cost of digital twins, essential pre-adoption considerations, and guidelines for implementing digital twins in construction projects.



Due to the high cost of research, development, and implementation of digital twins, small- and medium-sized enterprises (SMEs) may find it difficult to effectively utilize this technology to meet their own needs [124]. Despite these challenges, by adopting a strategic approach, SMEs can still leverage digital twin technology. These enterprises can start with small-scale projects to gradually familiarize themselves and expand the application scope of the digital twin technology, while seeking partnerships with technology providers, universities, or companies that have adopted digital twin technology to gain access to technical resources and expertise, and alleviate financial burdens through cost-sharing [125]. Moreover, SMEs can consider using open-source platforms and cost-effective digital twin solutions, focusing on application areas that can deliver immediate value, such as project management, real-time monitoring, and maintenance planning. By demonstrating rapid returns and tangible benefits, SMEs can provide economic justification for broader implementation efforts [126]. By following these methods, SMEs can not only enhance their competitiveness in the construction industry but also improve project efficiency, sustainability, and quality, then make full use of limited resources to meet needs.




4.5. Data Privacy and Security


Digital twins involve creating highly accurate digital replicas of physical assets, necessitating the collection of sensitive data, including material usage, structural details, and personal information, thereby raising concerns over privacy [127]. Moreover, the interconnected nature of digital twins makes them susceptible to cyber attacks, with unauthorized access potentially leading to theft of proprietary information, data tampering, or ransomware attacks [128]. The protection of intellectual property becomes a concern as well, with the proprietary designs and technologies within a digital twin facing the risk of theft. Additionally, the global nature of the construction industry means that digital twins must adhere to various national and regional data protection laws and regulations, such as GDPR in Europe or CCPA in USA, posing challenges for ensuring compliance [129].



To mitigate these risks, a series of measures is recommended, and it includes the following:




	
Implementing robust cyber security measures, including data encryption [130], regular security audits [101], and blockchain [131] for data integrity.



	
Adopting data minimization and anonymization techniques to collect only the necessary data for the digital twin and further reduce privacy risks through anonymization.



	
Applying digital rights management (DRM) and other technologies to protect intellectual property, ensuring that proprietary designs and technologies within the digital twin are not misappropriated [47].



	
Developing a strict compliance framework to adhere to international data protection laws and regulations, with regular audits and updates for compliance.



	
Introducing ethical guidelines and standards to raise awareness among all participants about the importance of data privacy, security, and ethical considerations.



	
Establishing a comprehensive incident response plan to swiftly address data breaches or cyber attacks, mitigate damage, and communicate transparently with affected parties [132].








Through all these measures, the construction industry can alleviate security risks to a certain extent.




4.6. Future Research Opportunities


To advance digital twin technology in the construction sector, breakthroughs in key technological areas such as data collection and integration [91], advanced modeling and simulation [43], as well as augmented reality (AR) [133] and virtual reality (VR) [134] are essential. Efficient data collection technologies enable the real-time gathering of data on the built environment and its performance, which forms the foundation for creating comprehensive digital twin models. Additionally, leveraging advanced computational methods such as Finite Element Analysis (FEA) [135] and Computational Fluid Dynamics (CFD) [136] can enhance the accuracy and predictive capabilities of models. The application of AR and VR technologies allows engineers and decision makers to interact with models in unprecedented ways through immersive visualization tools, further improving the efficiency of design, planning, and complex analyses.



Research in AI and machine learning is equally crucial for optimizing and expanding digital twin technologies [137]. AI can automate the processing and analysis of vast amounts of data, identifying performance indicators and potential issues. Machine learning models’ capabilities for predictive maintenance and fault detection can anticipate equipment failures and performance declines by analyzing historical and real-time data [138]. Furthermore, the application of AI technologies in optimizing architectural design and operational strategies not only increases energy efficiency and reduces costs but also enhances the end-user experience. As these technologies continue to develop and integrate, the application of digital twins in the construction field will become more widespread and effective.





5. Conclusions


This paper provided a thorough review of the existing digital twin research and applications for sustainability in the construction industry. A conceptual framework of digital twins deployment is proposed to support the discussion of challenges and opportunities. It is revealed and demonstrated that digital twins have the potential to improve the sustainable development capabilities of project engineering, but their implementation faces challenges from industry norms (complexity, tradition, and uniqueness), technical barriers, and cost factors.



Despite the great potential of digital twins in the construction industry, we also mentioned issues related to technical or cost barriers, as well as non-technical issues that need further exploration. Since the digital twins technology is still in its infancy in this industry, the absence of standardized practices and specifications adds difficulty to its promotion and application [139]. Currently, some industry alliances and standard organizations have started to promote the standardization of digital twin technology. For instance, Digital Twin Consortium (DTC) [140] is dedicated to developing best practices, reference architectures, and standards for digital twin technology. Meanwhile, there are ongoing efforts to develop international standards for digital twins, including work by the International Organization for Standardization (ISO) [139] and ASTM International [141]. Furthermore, within Industry 4.0, aimed at the digital transformation of manufacturing, several global smart city initiatives are working towards standardizing digital twin technologies to fulfill their broader goals of enhancing manufacturing efficiency, urban planning, management, and sustainability efforts [142].



A major issue highlighted in many industry interviews [119] is that the investment in digital twins does not seem to yield proportional returns. On one hand, professionals prefer investing their time and money in methods that boost production efficiency, their highest priority being to increase profit margins. On the other hand, they still rely on traditional, non-technical methods for sustainable development, which are effective to some extent while also reducing costs for energy conservation and emission reduction. As digital twins and related technologies evolve, along with the unavoidable trend of digitalization, the construction industry is expected to increasingly depend on digital technologies for sustainable growth. Future research might mainly focus on developing and deploying cost-effective digital twin technologies to meet the real-world needs of these professionals.



It is also important to note the complexity involved in carbon emission sources and the many factors that affect emissions, making it challenging to set up a digital twin-based carbon emission monitoring system covering the entire life cycle. Research in other areas, like improving production efficiency [134,143] and management [30,144], could also positively impact carbon emission reduction. Although energy conservation and emission reduction were not the primary objectives in these studies, the experimental results of some research indeed have had a positive impact on low-carbon environmental protection. In other words, these studies inadvertently achieved optimization in energy saving and emission reduction. Therefore, functional expansion based on existing technologies can be considered one of the future development directions. By utilizing relevant management or productivity technologies, their impact on low-carbon initiatives can be assessed and further developed. Given the existing technological achievements, costs can be saved to a certain extent, making stakeholders more likely to invest in and develop these technologies.



However, we must face a problem: the construction and operation of a digital twin system itself also generates carbon emissions, which may come from the installation and operation of equipment, as well as data collection, processing, and storage. Carbon emissions produced in these processes are extremely difficult to quantify. Therefore, comparing the carbon emissions of the system itself with the energy-saving benefits it brings is a critical issue. Currently, there are almost no papers that have explored this aspect.



Additionally, it is encouraging to see that some scholars have already made considerable contributions to reducing energy consumption and emissions through digital twin technology. The review section of this article primarily discusses technologies strongly related to digital twins. Although these technologies essentially only integrate digital twin technology rather than constructing a complete digital twin system, they can already be considered individual components within the larger framework of digital twin technology. There has been substantial research in building individual components of a digital twin system, and future work is likely to involve more comprehensive and cross-platform data integration to form a complete system for monitoring and optimizing carbon emissions.
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Figure 1. GHG emissions from the construction industry in the UK from 2010 to 2021 (in 1000 metric tons of carbon dioxide equivalent). 
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Figure 2. Consistent use of processes and practices driven by BIM or digital twins [18] (note: values may not add up to 100% because of rounding). 
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Figure 3. The typical life cycle of a building with associated main sources of carbon emissions at each stage. 
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Figure 4. Systematic flow of implementing digital twin system process and its key elements in the construction industry. 
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Figure 5. A proof-of-concept digital shadow demo for construction machinery monitoring for sustainability. (a) The work flow of the whole system, where the solid line parts represent the completed sections of the digital shadow, while the dashed lines illustrate the uncompleted parts to enable a digital twin. (b) A snapshot of the dashboard of the digital shadow, where the left side shows the physical scene, machinery activities and corresponding mirroring in the virtual scene (from top to bottom), and the right side displays the implication of fuel consumption and emission estimation based on machinery activities. 
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Figure 6. Estimated cost of building digital twin systems for an industry use case. 






Figure 6. Estimated cost of building digital twin systems for an industry use case.



[image: Buildings 14 01113 g006]







 





Table 1. State of the art of digital twins for sustainability in the construction sector.
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	Core Tech/Concept
	Key Findings/Contributions
	Application Areas
	Ref





	DT 1, BIM 2, LSCA 3
	Delivers more accurate impact assessments, crucial for assessing the discrepancy between projected impacts at the design stage and actual outcomes.
	Life cycle management
	[18,41,42]



	DT, 3D Concrete Printing
	Reduce construction time, enhance design flexibility and achieve environmental sustainability
	Materials, Production
	[43,44]



	DT, LiDAR 4
	Enhancement of waste audits to save materials
	Materials
	[45]



	DT, IGB 6
	Integration of DT with eco-friendly intelligent buildings
	Life cycle management
	[31]



	DT, BIM, IoT 5, AI 7
	Monitor and control the carbon dioxide emissions of building assets
	Energy efficiency and management
	[46,47]



	DT, SM 8
	Autonomous maintenance of infrastructure within the building environment, optimize energy-saving strategies
	Facility maintenance
	[48]



	DT, Robotic, Cloud
	Enhance building efficiency and sustainability through real-time data integration and remote control
	On-site activities
	[23]



	DT, CPSS 9
	Reduce energy waste through innovative ventilation systems
	Thermal management
	[49,50,51,52]



	DT, RM 10
	Optimize decision-making for post-disaster reconstruction and sustainable objectives
	Resilience management
	[53]



	DT, AI
	Predict energy demand, considering climate and socio-economic factors
	Energy management
	[54]



	DT, VGS 11
	Identifying the optimal energy-saving solutions for the old buildings
	Building renovation
	[55]







1 Digital Twin; 2 Building Information Modeling; 3 Life Cycle Sustainability Assessment; 4 Light Detection and Ranging; 5 Internet-of-Things; 6 Intelligent Green Buildings; 7 Artificial Intelligence; 8 Smart Maintenance; 9 Cyber–Physical–Social System; 10 Resilient Management; 11 Vertical Greenery System.













 





Table 2. Some common digital twin-related software and their costs [117].
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	Digital Twin Software
	Vendor/Location
	Costs





	Haltian Empathic Building
	Haltian (Oulu, Finland)
	$5.31/month/user



	Enterprise Process Center (EPC)
	Interfacing Technologies (Montreal, QC, Canada)
	$10/month/user



	Matterport
	Matterport (Sunnyvale, CA, USA)
	$10/month



	Trimble Connect
	Trimble (Westminster, CO, USA)
	$10/user/month min.



	Authlink
	Authlink (Chennai, Tamil Nadu, India)
	$49/month



	GeoSpin
	GeoSpin (Freiburg, Germany)
	$80/month



	OpenSpace Capture
	OpenSpace (San Francisco, CA, USA)
	$100+/month



	Unity
	Unity (San Francisco, CA, USA)
	$185/month



	Jonas Construction Software
	Jonas Enterprise (Markham, ON, Canada)
	$249/user/month



	Giraffe
	Giraffe (Alhambra, CA, USA)
	$250/user/month



	Siemens NX
	Siemens (Munich, Germany)
	$287/month



	Asite
	Asite (London, UK)
	$375/month



	Beamo
	3i Inc. (London, UK)
	$890/month



	ArcGIS CityEngine
	Esri R&D Center (New Delhi, India)
	$2000–$4000



	Procore
	Procore (Carpinteria, CA, USA)
	$4500/year



	DC-E DigitalClone for Engineering
	Sentient Science Corporation (Buffalo, NY, USA)
	-



	Ayla IoT Platform
	Ayla Networks (Milpitas, CA, USA)
	-



	AWS IoT Platform
	Amazon (Seattle, WA, USA)
	-



	MapleSim
	Waterloo Maple (Waterloo, ON, Canada)
	-



	Predix Platform
	GE Digital (San Ramon, CA, USA)
	-



	Siemens APM
	Siemens Energy (Munich, Germany)
	-



	Azure Digital Twins
	Microsoft (Redmond, WA, USA)
	-



	Ansys Twin Builder
	Ansys (Canonsburg, PA, USA)
	-



	Allplan Engineering Civil
	Allplan (Munich, Germany)
	-



	smartWorldPro
	Cityzenith (Chicago, IL, USA)
	-
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