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Abstract: Digital twin technology has emerged as a significant enabler of digital transformation in logistics and asset-
intensive systems by integrating physical assets with real-time virtual models through continuous data exchange. This
study investigates the role of digital twins in enhancing organizational and logistics performance, with particular focus
on asset monitoring, predictive maintenance, and operational control. A conceptual and analytical approach is adopted to
evaluate the impact of digital twin integration on system efficiency and decision-making processes under conditions of
operational uncertainty. The results indicate that digital twin implementation substantially improves real-time diagnostics,
automated fault detection, and predictive maintenance performance, leading to reduced downtime, enhanced operational
efficiency, and improved responsiveness of logistics systems. Compared to conventional asset and logistics management
practices, digital twins provide a scalable and cost-effective framework by strengthening data-driven decision-making
and minimizing manual intervention. From a strategic perspective, adoption of digital twin technology supports the
development of dynamic capabilities, enhances supply chain resilience, and extends asset life cycles. The study concludes
that digital twin technology constitutes a critical technological foundation for achieving sustainable performance
improvement and long-term competitive advantage in modern logistics environments.

1 Introduction

Manufacturing systems have progressively evolved from traditional production environments toward digitally enabled
and data-driven operations in response to intensifying global competition, customization demands, and performance
pressures. Within this transformation, digital twin (DT) technology has emerged as a central enabler by integrating
physical assets with continuously updated virtual representations that facilitate real-time monitoring, analysis, and
optimization. By synchronizing physical and digital systems through continuous data exchange, digital twins enhance
system visibility and enable informed managerial decision-making across the product and operational lifecycle [1-16].

Initially conceptualized within product lifecycle management, digital twins have expanded their application to design,
production, maintenance, and operational control. Recent advancements in enabling technologies, including the Internet
of Things, artificial intelligence, cloud and edge computing, and advanced analytics, have accelerated organizational
adoption of digital twin solutions. From a managerial and logistics perspective, digital twins contribute to improved
organizational performance through predictive maintenance, process optimization, and adaptive control mechanisms
under uncertain operating conditions. Unlike conventional static simulation tools, digital twins support continuous system
learning, dynamic feedback, and enhanced organizational responsiveness [17-23].

Despite these advantages, the realization of performance benefits remains constrained by challenges related to data
integration, interoperability across heterogeneous systems, cybersecurity considerations, and organizational readiness for
digital transformation. Addressing these constraints is essential to fully leverage the strategic potential of digital twin
technology [24-31].

Overall, digital twins represent a strategic digital capability that underpins digital transformation and sustained
performance improvement in manufacturing organizations. To provide a structured understanding of digital twin
typologies, the classification of digital twins based on structural functions is presented in Table 1, classification based on
level of application is presented in Table 2, structural classification is detailed in Table 3, and application-oriented
classification in smart manufacturing is presented in Table 4.
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Table 1 Classification of digital twins based on structural functions

Category Physical | Data Update Data Control of Primary Purpose / Typical
System Mechanism Flow Physical Characteristics Applications
Exists Direction System
Pre-Digital No Manual / No real- No Virtual, generic executable Conceptual design,
Twin (PDT) design-stage | time data model created before the feasibility analysis,
data flow physical system exists; supports | virtual prototyping,
early-stage decision-making and | design validation
risk reduction
Digital May or Manual No No Static or semi-static digital CAD models, CAE
Model (DM) | may not updates automate representation based on initial simulations,
exist d data design data; no real-time visualization, form
exchange synchronization and functional
analysis
Digital Yes Automatic One-way No Digital representation Condition
Shadow (DS) updates from | (Physical continuously updated by sensor monitoring,
physical - data from the physical system; performance
system Digital) no feedback to physical asset tracking,
diagnostics
Digital Twin Yes Automatic, Bi- Yes Fully integrated cyber—physical Predictive
(DT) real-time direction system enabling real-time maintenance, real-
updates al monitoring, prediction, time optimization,
(Physical optimization, and control smart
o manufacturing,
Digital) autonomous
decision-making
Table 2 Classification of digital twins based on level of application
Type Description Scope of Typical Use Cases
Representation
Component / Parts | Digital replica of an individual | Lowest level Performance monitoring, failure
Twin component or part prediction of parts
Asset Twin Integration of multiple component | Medium level Predictive  maintenance, equipment
twins forming a functional asset optimization
System / Unit Twin Combination of multiple assets | High level System-level  performance analysis,
forming a complete system operational optimization
Process Twin Representation of end-to-end | Very high level Production planning, resource
processes involving multiple systems optimization, factory-level decision-
making
Digital Twin Instance | Twin of a specific physical product Product lifecycle- | Lifecycle tracking, usage-based services
(DTI) specific
Digital Twin | Prototype version of a digital twin Development stage | Testing, validation, scenario analysis
Prototype (DTP)
Digital Twin | Platform managing multiple digital | Ecosystem level Coordination,  simulation, industrial
Environment (DTE) twins metaverse integration
Table 3 Structural classification of digital twins
Category PLM Lifecycle Industry 4.0 Data Control Role in Smart Manufacturing
Stage Integration Level Synchronization Capability
Pre-Digital Concept & | Low None / Design-stage | None Virtual prototyping, design
Twin (PDT) Design data validation, early risk mitigation
Digital Model | Design & | Low—Medium Manual / periodic None Visualization, simulation,
(DM) Engineering engineering analysis
Digital Production & | Medium One-way (Physical | None Condition monitoring,
Shadow (DS) | Operation — Digital) diagnostics, performance
tracking
Digital Twin | Full Lifecycle | High Bi-directional, real- | Yes Autonomous optimization,
(DT) (Design—EoL) time predictive maintenance, real-
time decision support
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Table 4 Application-oriented classification in smart manufacturing

Type PLM Scope Smart Manufacturing Function Industry 4.0 Relevance
Component / Parts Twin Micro-level Component health monitoring Sensor-driven cyber—physical
integration
Asset Twin Equipment-level Predictive maintenance, reliability | Data-driven maintenance strategies
optimization
System / Unit Twin System-level Process coordination and | Smart production systems
optimization
Process Twin Factory / Enterprise- | End-to-end production optimization | Smart factories and autonomous
level operations
Digital Twin Instance | Individual product | Usage-based = monitoring and | Servitization and digital business
(DTD lifecycle services models
Digital Twin Prototype | Pre-production Design testing and validation Virtual commissioning

(DTP)

Digital Twin Environment

(DTE)

Ecosystem-level

Multi-twin orchestration

Industrial metaverse and connected
enterprises

2 Literature review
The literature on digital twin technology has expanded rapidly across manufacturing, acrospace, healthcare, and
increasingly, the construction and infrastructure sectors. Early conceptualizations define a digital twin as a dynamic digital
representation of a physical asset, system, or process that is continuously updated using real-time data [17]. Subsequent
studies emphasize the integration of physical assets, virtual models, and data connectivity as the foundational elements
enabling bidirectional information flow and lifecycle-based decision-making. The literature review compiled in the

Table 5 [17-37].

Table 5 Compilation of literature review

Author(s) & Year Domain / Focus of Study Key Contributions Identified Gaps /
Context Limitations
Barricelli et al. [18] | Manufacturing, DT conceptual | Established DT as a dominant | Limited discussion on
aviation, applications paradigm outside construction construction-specific =~ DT
healthcare adoption
Tuhaise et al. [33] Construction Enabling Identified key technologies and | Early-stage adoption;
industry technologies  for | research gaps for DT adoption fragmented implementation

DT

Cerovsek [4]; | BIM standards BIM Proposed adaptive BIM | BIM lacks real-time

Eastman et al. [1] interoperability and | schemas and methodological | integration and control
schemas frameworks capabilities

Boje et al. [23] Construction DT | Construction Proposed CDT paradigm and | Complexity of real-time
Digital Twin | DT abilities physical integration
(CDT)

Jiang et al. [28] Civil engineering | DT, BIM, CPS | Clarified DT constituents and | Benefits and
comparison distinctions implementation  pathways

remain unclear

Deng et al. [27] Built DT taxonomy Five-level DT taxonomy across | Most studies remain at early
environment lifecycle phases DT maturity

Ozturk [30] AECO-FM Bibliometric Identified DT research clusters | Predictive and autonomous

analysis and trends DT use remains limited

Qi and Tao [20]; Lu | DT systems DT layered | Proposed five-layer DT | High computational and

et al. [25] architecture architecture integration complexity

Sacks et al. [26] Construction BIM-DT Proposed DT as evolution of | Limited operational-scale
lifecycle convergence BIM toward cyber—physical | validation

systems

Volk et al. [9] Infrastructure DT for lifecycle | Highlighted DT wvalue in | Lack of  standardized
o&M management operation and maintenance implementation frameworks

ISO 23247-1 [35] Industrial DT | DT framework | Provided reference architecture | Limited construction-
standards standardization for DT systems specific guidance

Al-Ababneh et al. | Logistics & | Systematic review | Comprehensive synthesis, | Limited empirical

[37] Supply Chain | of digital twin | technological mapping, | deployments, data and
Management; applications, thematic categorization, cross- | integration challenges,
digital technology domain insights, | interoperability gaps, sparse
transformation enablers, thematic | methodological grounding real-time monitoring
through  cyber- evidence,  organizational
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physical mapping, and trend hurdles, and lack of unified
integration synthesis performance metrics
Trebuna et al. [53] Logistics Propose a logistics . Conceptual stage without
information digital twin | Integrated modelling empirical validation, data
systems; digital | architecture using frmework, 'C(.)nceptual integration challenges,
twin  principles | object-oriented archltectL.Lre,v bl-filrectlgnal computational complexity,
applied to | modelling and real- synchromzatlf)r}, simulation- legacy system integration,
logistics time data | Dased degslon SUPPOIL, | fimited application
modelling  and | synchronization modular design scenarios, limited human-
simulation system interaction insights
Molnar et al. [54] Flexible Integrated lifecycle | Lifecycle planning framework, | Conceptual digital twin
manufacturing planning digital modelling integration, | rather than full
planning  with | methodology for | simulation support, automation | implementation, limited
AGV automation | AGV-equipped insights empirical validation, data
and digital | flexible integration issues,
modelling in | manufacturing computational complexity,
industrial systems limited human-system
logistics interaction, cost
considerations
Bohacs et al. [55] Intralogistics Conceptual design | Intelligent node architectural | Conceptual stage  with
system of an intelligent | framework, modular design, | limited implementation
architecture; logistics node | integration of digital/physical | detail, lack of empirical
intelligent capable of digital | layers, decision support | validation, technology
information monitoring, emphasis integration and
systems for | coordination, and interoperability gaps,
internal logistics | decision support scalability issues, limited
processes real-time data discussion,
minimal human-system
interaction focus

3 Framework of digital twin technology

Building on the conceptual foundations proposed by Pawaskar and Dhonde [32], this study develops a structured
framework for digital twin implementation, positioning it as a multi-layered system that integrates physical assets with
dynamic virtual representations to enhance organizational decision-making and operational performance. The framework
is composed of four interrelated layers that collectively enable real-time monitoring, analytical evaluation, and control
throughout the asset lifecycle.

The infrastructure layer constitutes the foundational digital environment required for deployment. It includes cloud
computing platforms, communication networks, data storage systems, monitoring facilities, and computational resources.
From a managerial standpoint, this layer must ensure scalability, cybersecurity, interoperability, and regional accessibility
to support system reliability and sustained organizational adoption.

The data acquisition layer facilitates the integration of heterogeneous data sources, combining static spatial
datasets—such as Building Information Modelling (BIM) and Geographic Information Systems (GIS)—with dynamic,
sensor-generated data derived from Internet of Things (IoT) technologies. The consolidation of structured and
unstructured data streams enables the creation of a comprehensive, continuously updated representation of physical assets
and operational conditions.

The information model construction layer transforms the integrated datasets into synchronized virtual models.
These models support real-time visualization, system diagnostics, and performance evaluation across assets and
operational environments. Continuous data synchronization enhances adaptive monitoring capabilities and enables timely
managerial intervention.

Finally, the application service platform layer operationalizes the digital twin by supporting planning, operations,
and maintenance activities. It incorporates simulation tools, predictive analytics, and optimization mechanisms to improve
system performance. Through bidirectional data exchange between physical and virtual environments, the digital twin
enables closed-loop decision-making, strengthens organizational responsiveness, and contributes to sustained
improvements in operational efficiency.

4 Research questions

To establish the scope and analytical direction of the systematic literature review, the study is guided by the following
research questions:

e  RQI: What principal components characterize digital twin applications within the construction industry?
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e RQ2: Which enabling technologies are currently utilized in the design, development, and implementation of
digital twin systems?

e RQ3: What gaps can be identified in the existing body of literature, and which prospective research directions
may advance the theoretical and practical development of digital twins in construction?

5 Findings

The findings demonstrate that digital twins in the construction sector comprise three fundamental elements: (i) a
physical asset or system—such as buildings, infrastructure facilities, or construction equipment—equipped with sensor
technologies for continuous data acquisition; (ii) a virtual representation developed through CAD, BIM, and Product
Lifecycle Management (PLM) platforms, capable of dynamically mirroring the condition and behaviour of the physical
entity; and (iii) an integrated data and connectivity layer that facilitates real-time, bidirectional information exchange
between the physical and virtual environments. The coherent integration of these components enables real-time
monitoring, simulation-based analysis, performance optimization, and lifecycle-oriented decision-making within
construction projects [23-36].

The review further identifies a multi-layered technological ecosystem underpinning digital twin development. Core
enabling technologies include the Internet of Things (IoT) for real-time sensing and data capture, cloud computing for
scalable storage and computational capacity, artificial intelligence (AI) and machine learning (ML) for predictive
modelling and automation, and extended reality (XR) technologies for immersive visualization and interactive analysis.
Complementary technologies—such as advanced CAD and simulation tools, data analytics platforms, edge and fog
computing architectures for low-latency processing, and emerging metaverse-based environments—enhance system
interoperability, visualization capabilities, and workflow integration across project phases [13-15,20-22,34,38-40,45,48-
51].

Despite these advancements, several critical research gaps persist. Key challenges relate to data quality, accessibility,
integration, affordability, and interoperability across heterogeneous systems. Foundational limitations remain evident in
mathematical, statistical, and computational modelling, particularly in areas such as uncertainty quantification, inverse
problem formulation, and real-time data assimilation. Furthermore, unresolved concerns regarding data governance,
ownership, privacy, and cybersecurity constrain large-scale implementation. Future research should prioritize the
development of standardized and interoperable digital twin architectures, the integration of hybrid physics-based and
data-driven modelling approaches, the advancement of Al-enabled adaptive learning mechanisms, and the establishment
of robust uncertainty-aware decision-support frameworks tailored to construction applications [24,27-33,35-44,46-52].

6 Challenges in applying digital twin technology

Despite their transformative potential, the implementation of digital twins presents several technical, organizational,
and operational challenges. Achieving real-time synchronization with complex physical assets often exceeds existing
organizational culture, resource availability, and data governance capabilities.

Cost

Although technology costs are gradually decreasing, digital twin adoption still requires significant investment in
digital infrastructure, model development, integration, and continuous maintenance. Organizations must carefully assess
the cost—benefit balance and compare digital twin implementation with alternative solutions to ensure long-term value
creation.

Accuracy of representation

Digital twins cannot fully replicate the physical, chemical, electrical, and thermal behaviors of complex assets due to
modeling limitations and cost constraints. Engineers must therefore strike a balance between model fidelity and
computational efficiency, focusing on the most critical parameters relevant to decision-making.

Data quality

Reliable digital twins depend on high-quality, continuous data streams from distributed sensors operating under
variable environmental and network conditions. Challenges related to missing data, noise, and inconsistencies necessitate
robust data validation, cleansing, and filtering mechanisms to maintain model accuracy and trustworthiness.

Interoperability

While advancements have been made toward standardization, data exchange across heterogeneous platforms remains
limited, particularly when proprietary simulation tools or Al solutions are involved. This often results in vendor lock-in,
restricting system flexibility and long-term scalability.
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Human and organizational readiness

Effective deployment of digital twins requires changes in work practices, skill sets, and organizational culture.
Successful adoption depends on user training, change management strategies, and fostering a collaborative, data-driven
mindset across stakeholders.

Cybersecurity

The tight integration between digital twins and physical systems introduces new cybersecurity risks. Unauthorized
access or data manipulation can lead to operational disruptions or physical damage. Ensuring data integrity, secure
communication, and robust access control is therefore critical, particularly for applications involving critical
infrastructure.

Connectivity constraints

Reliable high-speed internet connectivity is essential for real-time digital twin operations. While emerging
technologies such as 5G and satellite-based broadband services are expanding access, connectivity limitations in remote
or underserved regions remain a significant barrier.

7 Discussion

This study confirms that digital twins in the construction industry constitute an integrated system comprising physical
assets, BIM-based virtual models, and real-time data connectivity mechanisms. In contrast to static digital representations,
digital twins facilitate continuous synchronization between physical and virtual environments, thereby enabling real-time
monitoring, performance evaluation, and evidence-based decision-making across the asset lifecycle.

The findings further indicate that the effective development of construction-oriented digital twins depends on a
convergence of enabling technologies, including Building Information Modelling (BIM), the Internet of Things (IoT),
cloud computing infrastructures, artificial intelligence (Al), and advanced data analytics techniques. The coordinated
application of these technologies enhances construction planning, progress monitoring, safety supervision, and predictive
maintenance by converting fragmented and heterogeneous project data into structured, actionable intelligence.

Notwithstanding their transformative potential, digital twin applications within construction remain at an emergent
stage of maturity. Significant research gaps persist in areas such as data integration, system interoperability, real-time
model synchronization, and uncertainty management. Addressing these limitations is critical to the development of
scalable, reliable, and fully functional digital twin frameworks capable of supporting sustainable, performance-oriented
construction practices.

8 Conclusion, practical implication

The study confirms that the implementation of digital twin technology in construction and infrastructure projects can
significantly enhance asset reliability and lifecycle performance. By integrating physical infrastructure, BIM-based virtual
models, and real-time data streams, digital twins enable continuous monitoring and more effective management of built
assets. This approach reduces reliance on periodic manual inspections while improving operational efficiency and safety
across construction sites and operational environments.

Furthermore, the integration of enabling technologies such as IoT sensors, cloud computing platforms, and Al-based
analytics supports predictive maintenance, early defect identification, and data-driven decision-making throughout both
construction and operational phases. These capabilities contribute to minimizing downtime, optimizing maintenance
strategies, and extending the service life of infrastructure assets. Overall, digital twin adoption provides improved real -
time visibility of project and supply chain activities, strengthening resilience against disruptions and enhancing system
performance. Consequently, digital twins are expected to play an increasingly important role in advancing automation,
sustainability, and resilience within modern construction and infrastructure management systems [37,47,52-55].

9 Novelty

The principal contribution of this study lies in its systematic clarification and integrative conceptualization of digital
twin applications within construction and infrastructure domains. Through a structured synthesis of existing literature,
the study delineates the fundamental components of construction-oriented digital twins—namely the physical asset, its
dynamic virtual representation, and the enabling data and connectivity infrastructure—thereby addressing prevailing
conceptual ambiguities between Building Information Modelling (BIM), static digital models, and fully operational
digital twin systems.
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Furthermore, the study consolidates and categorizes the principal enabling technologies underpinning digital twin
implementation, including the Internet of Things (IoT), cloud computing, artificial intelligence and machine learning
(AI/ML), advanced data analytics, and extended reality (XR). Their respective functional roles are systematically
examined across construction phases and asset lifecycle stages, highlighting their contribution to real-time monitoring,
predictive diagnostics, and performance optimization.

The analysis also identifies critical research gaps, particularly in relation to data quality and governance, system
interoperability, real-time model synchronization, uncertainty quantification, and scalability in complex infrastructure
environments. By outlining structured future research directions, the study provides a foundation for the development of
standardized, interoperable, and uncertainty-aware digital twin frameworks capable of supporting large-scale deployment.

Collectively, the findings position digital twins as a proactive, data-driven alternative to conventional inspection-based
asset management approaches. The study confirms that an effective digital twin for construction and infrastructure assets
requires the integration of physical systems, intelligent virtual models, and continuous data exchange mechanisms to
enable real-time system-level performance evaluation. The successful operation of such systems depends on the
coordinated deployment of loT-enabled sensing, cloud-based computational platforms, advanced analytics, and adaptive
modelling techniques, facilitating failure diagnosis, predictive maintenance, and operational optimization under dynamic
conditions. Advancing interoperability standards, predictive and adaptive modelling strategies, and decision-support
capabilities will be essential to enhance infrastructure resilience, minimize downtime, and improve lifecycle performance
in construction and infrastructure management.

References
[1TEASTMAN, C., JEONG, Y.-S., SACKS, R., KANER, I.: Exchange Model and Exchange Object Concepts for
Implementation of National BIM Standards, Journal of Computing in Civil Engineering, Vol. 24, No. 1, pp. 25-34,
2010. https://doi.org/10.1061/(ASCE)0887-3801(2010)24:1(25)
[2] LOVE, P.E.D., MISTRY, D., DAVIS, P.R.: Price Competitive Alliance Projects: Identification of Success Factors for
Public Clients, Journal of Construction Engineering and Management, Vol. 136, No. 9, pp. 947-956, 2010.
https://doi.org/10.1061/(ASCE)C0.1943-7862.0000140
[3] SHEN, W., HAO, Q., XUE, Y.: A loosely coupled system integration approach for decision support in facility
management and  maintenance, Aufomation in  Construction, Vol. 25, pp. 41-48, 2012
https://doi.org/10.1016/j.autcon.2012.04.003
[4] CEROVSEK, T.: A review and outlook for a ‘Building Information Model” (BIM): A multi-standpoint framework for
technological development, Advanced Engineering Informatics, Vol. 25, No. 2, pp. 224-244, 2011.
https://doi.org/10.1016/j.ae1.2010.06.003
[5]SINGH, V., GU, N., WANG, X.: A theoretical framework of a BIM-based multi-disciplinary collaboration platform,
Automation in Construction, Vol. 20, No. 2, pp. 134-144, 2011. https://doi.org/10.1016/j.autcon.2010.09.011
[6] CHEOK, G.S., STONE, W.C., LIPMAN, R.R., WITZGALL, C., BERNAL, J.: Laser scanning for construction
metrology, Proceedings of the American Nuclear Society 9" International Topical Meeting on Robotics and Remote
Systems, American Nuclear Society, LaGrange Park, IL, March 4-8, 2001, Seattle Washington, paper No. 082, pp. 1-
9,2001.
[71REZGUI, Y., BEACH, T., RANA, O.: A governance approach for BIM management across lifecycle and supply
chains using mixed-modes of information delivery, Journal of Civil Engineering and Management, Vol. 19, No. 2,
pp- 239-258, 2013. https://doi.org/10.3846/13923730.2012.760480
[8] SING, C.P., ASCE, M., LOVE, P.E.D., FUNG, I.W.H., EDWARDS, D.J.: Personality and occupational accidents:
Bar benders in Guangdong Province, Shenzhen, China, Journal of Construction Engineering and Management, Vol.
140, No. 7, 05014005, 2014. https://doi.org/10.1061/(ASCE)C0.1943-7862.0000858
[91 VOLK, R., STENGEL, J., SCHULTMANN, F.: Building Information Modeling (BIM) for existing buildings —
Literature review and future needs, Aufomation in Construction, Vol. 38, pp. 109-127, 2014.
https://doi.org/10.1016/j.autcon.2013.10.023
[10] WANG, X., TRUIJENS, M., HOU, L., WANG, Y., ZHOU, Y.: Integrating Augmented Reality with Building
Information Modeling: Onsite construction process controlling for liquefied natural gas industry, Automation in
Construction, Vol. 40, pp. 96-105, 2014. https://doi.org/10.1016/j.autcon.2013.12.003

[11] WONG, J.K.W., ZHOU, J.: Enhancing environmental sustainability over building life cycles through green BIM:
A review, Automation in Construction, Vol. 57, pp. 156-165, 2015. https://doi.org/10.1016/j.autcon.2015.06.003

[12] TOME, A., KUIPERS, M., PINHEIRO, T., NUNES, MM., HEITOR, T.: Space—use analysis through computer

vision, Automation in Construction, Vol. 57, pp. 80-97, 2015. https://doi.org/10.1016/j.autcon.2015.04.013

[13] LEE,J.,, BAGHERI, B., KAO, H.-A.: A Cyber-Physical Systems Architecture for Industry 4.0-based Manufacturing

Systems, Manufacturing Letters, Vol. 3, pp. 18-23, 2015. https://doi.org/10.1016/j.mfglet.2014.12.001

~91 ~

Published by Acta Tecnologia, www.actatecnologia.eu



Acta Tecnologia, Volume 12, Issue 2, Pages 85-94, 2026 ISSN 2453-675X

Smart infrastructure modeling
Bonniga Ravinder

[14] TURNER, C.J., HUTABARAT, W., OYEKAN, J., TIWARI, A.: Discrete Event Simulation and Virtual Reality Use
in Industry: New Opportunities and Future Trends, IEEE Transactions on Human-Machine Systems, Vol. 46, No. 6,
pp. 882-894, 2016. https://doi.org/10.1109/THMS.2016.2596099

[15] NEGRI, E., FUMAGALLI, L., MACCHI, M.: A Review of the Roles of Digital Twin in CPS-based Production
Systems, Procedia Manufacturing, Vol. 11, pp. 939-948, 2017. https://doi.org/10.1016/j.promfg.2017.07.198

[16] PARN, E., EDWARDS, D.J., SING, M.C.P.: The building information modelling trajectory in facilities
management: A review,  Automation in Construction, Vol. 75,  pp- 45-55, 2017.
https://doi.org/10.1016/j.autcon.2016.12.003

[17] GRIEVES, M., VICKERS, J.: Digital twin: Mitigating unpredictable behavior in complex systems, In: Kahlen, J.,
Flumerfelt, S., Alves, A. (eds) Transdisciplinary Perspectives on Complex Systems. Springer, Cham., pp. 85-113,
2017. https://doi.org/10.1007/978-3-319-38756-7 4

[18] BARRICELLI, B.R., CASIRAGHI, E., FOGLI, D.: A Survey on Digital Twin: Definitions, Characteristics,
Applications, and Design Implications, [EEE Access, Vol. 7, pp. 167653-167671, 2019.
https://doi.org/10.1109/ACCESS.2019.2953499

[19] BATTY, M.: Digital twins, Environment and Planning B: Urban Analytics and City Science, Vol. 45, No. 5, pp.
817-820, 2018. https://doi.org/10.1177/2399808318796416

[20] QIL, Q., TAO, F.: Digital Twin and Big Data Towards Smart Manufacturing and Industry 4.0: 360 Degree
Comparison, IEEE Access, Vol. 6, pp. 3585-3593, 2018. https://doi.org/10.1109/ACCESS.2018.2793265

[21] KHAJAVI, S.H., MOTLAGH, N.H., JARIBION, A., WERNER, L.C., HOLMSTROM, J.: Digital Twin: Vision,
Benefits, Boundaries, and Creation for Buildings, [EEE Access, Vol. 7, pp. 147406-147419, 2019.
https://doi.org/10.1109/ACCESS.2019.2946515

[22] TAO, F., ZHANG, H., LIU, A., NEE, A.Y.C.: Digital twin in industry: State-of-the-art, I[EEE Transactions on
Industrial Informatics, Vol. 15, No. 4, pp. 2405-2415, 2019. https://doi.org/10.1109/T11.2018.2873186

[23] BOIJE, C., GUERRIERO, A., KUBICKI, S., REZGUI, Y.: Towards a semantic construction digital twin: Directions
for future research, Automation in Construction, Vol. 114, 103179, 2020.
https://doi.org/10.1016/j.autcon.2020.103179

[24] LIU, W, LV, Y., WANG, Q., SUN, B., HAN, D.: A Systematic Review of the Digital Twin Technology in
Buildings, Landscape and Urban Environment from 2018 to 2024, Buildings, Vol. 14, No. 11, 3475, pp. 1-26, 2024.
https://doi.org/10.3390/buildings14113475

[25] LU, Q., PARLIKAD, A.K., WOODALL, P., RANASINGHE, G.D., HEATON, J.: Developing a Dynamic Digital
Twin at a Building Level: using Cambridge Campus as Case Study, Conference: International Conference on Smart
Infrastructure and Construction 2019 (ICSIC), 2019.

[26] SACKS, R., GIROLAMI, M., BRILAKIS, I: Building Information Modeling, Artificial Intelligence, and
Construction Tech, Developments in the Built Environment, Vol. 4, 100011, pp. 1-9, 2020.
https://doi.org/10.1016/j.dibe.2020.100011

[27] DENG, M., MENASSA, C.C., KAMAT, V.R.: From BIM to digital twins: A systematic review of the evolution of
intelligent building representations in the AEC-FM industry, Journal of Information Technology in Construction,
Vol. 26, pp. 58-83, 2021. https://doi.org/10.36680/j.itcon.2021.005

[28] JIANG, F., MA, L., BROYD, T., CHEN, K.: Digital twin and its implementations in the civil engineering sector,
Automation in Construction, Vol. 130, 103838, 2021. https://doi.org/10.1016/j.autcon.2021.103838

[29] LIU, M., FANG, S., DONG, H., XU, C.: Review of digital twin: Concepts, technologies, and industrial applications,
Journal of Manufacturing Systems, Vol. 58, pp. 346-361, 2021. https://doi.org/10.1016/j.jmsy.2020.06.017

[30] OZTURK, G.B.: Digital Twin Research in the AECO-FM Industry, Journal of Building Engineering, Vol. 40,
102730, 2021. https://doi.org/10.1016/j.jobe.2021.102730

[31] JIANG, Y., LI, M,, LI, M., LIU, X., ZHONG, R.Y., PAN, W., HUANG, G.Q.: Digital twin-enabled real-time
synchronization for planning, scheduling, and execution in precast on-site assembly, Automation in Construction,
Vol. 141, 104397, 2022. https://doi.org/10.1016/j.autcon.2022.104397

[32] PAWASKAR, S., DHONDE, R.: Digital twin technology: A review of applications and challenges, In: Futuristic
Trends in Management, Vol. 2, Book 6, Part 4, Chapter 4, IIP Series, pp. 273-282, 2022.

[33] TUHAISE, V.V., TAH, JHM., ABANDA, F.H.: Technologies for digital twin applications in construction,
Automation in Construction, Vol. 152, 104931, 2023. https://doi.org/10.1016/j.autcon.2023.104931

[34] RODRIGUES, P.B., SINGH, R., OYTUN, M., ADAMI, P., WOODS, P.J., BECERIK-GERBER, B,
SOIBELMAN, L., COPUR-GENCTURK, Y., LUCAS, G.M.: A multidimensional taxonomy for human-robot
interaction in construction, Automation in Construction, Vol. 150, 104845, 2023.
https://doi.org/10.1016/j.autcon.2023.104845

[35] ISO 23247-1:2021: Automation systems and integration — Digital twin framework for manufacturing — Part 1:
Overview and general principles, International Organization for Standardization, Geneva, 2021.

~92 ~

Published by Acta Tecnologia, www.actatecnologia.eu



Acta Tecnologia, Volume 12, Issue 2, Pages 85-94, 2026 ISSN 2453-675X

Smart infrastructure modeling
Bonniga Ravinder

[36] YE, Z., ANTWI-AFARI, M.F.,, TEZEL, A., MANU, P.: Building information modeling (BIM) in project
management: a bibliometric and science mapping review, FEngineering, Construction and Architectural
Management, Vol. 32, No. 5, pp. 3078-3103, 2025. https://doi.org/10.1108/ECAM-04-2023-0355

[37] AL-ABABNEH, H.A., ABU DALBOUH, M.A., ALRHAIMI, S.A.S., SIAM, LM., IBRAGIMKHALILOVA, T.:
Digitalization, innovation and marketing in logistics, Acta Logistica, Vol. 10, No. 4, pp. 615-624, 2023.
https://doi.org/10.22306/al.v10i4.440

[38] WANG, Z., DELAHAYE, D., FARGES, J.-L., ALAM, S.: A quasi-dynamic air traffic assignment model for
mitigating air traffic complexity and congestion for high-density UAM operations, Transportation Research Part
C: Emerging Technologies, Vol. 154, Art. 104279, 2023. https://doi.org/10.1016/.trc.2023.104279

[39] ZHAO, Y., ZHANG, Y., LI, Z., BU, L., HAN, S.: Al-enabled and multimodal data driven smart health monitoring
of wind power systems: A case study, Advanced Engineering Informatics, Vol. 56, Art. 102018, 2023.
https://doi.org/10.1016/j.a2€1.2023.102018

[40] PERRY, B.J.,, GUO, Y., MAHMOUD, H.N.: Automated site-specific assessment of steel structures through
integrating machine learning and fracture mechanics, Automation in Construction, Vol. 133, Art. 104042, 2022.
https://doi.org/10.1016/j.autcon.2021.104022

[41] HU, W., OU, Y., LIU, H., NI, P., CHANG, C.: Integrating digital twin technologies for maintenance 4.0 in the
building industry: A review and conceptual framework, Building and Environment, Vol. 288, 113997, 2026.
https://doi.org/10.1016/j.buildenv.2025.113997

[42] NAGRANI, S., NARWANE, V.S.: Investigating determinants of digital twins for predictive maintenance, Journal
of Quality in Maintenance Engineering, Vol. 31, No. 2, pp. 227-259, 2025. https://doi.org/10.1108/JQME-05-2024-
0047

[43] RASOULIMANESH, M., RAHAI, A., SHAHHOSSEINI, V.: An integrated decision support system for strategic
budget/resource allocation in bridge infrastructure management based on digital technologies, Smart and
Sustainable Built Environment, Vol. 15, No. 5, pp. 1939-1966, 2026.
https://doi.org/10.1108/SASBE-11-2024-0462

[44] DUAN, J., WANG, X., YAN, H., WANG, S., HUANG, Y., TAO, C.: A damage-informed digital twin framework
for self-sensing cured-in-place underground pipelines, SSRN Electronic Journal, pp. 1-15, 2025.
https://dx.doi.org/10.2139/ssrn.5472581

[45] WANG, Y.: Digital Twin-Based Real-Time Monitoring and Intelligent Maintenance System for Oil and Gas
Pipelines, Applied Mathematics and Nonlinear Sciences, Vol. 10, No. 1, pp. 1-13, 2025.
https://doi.org/10.2478/amns-2025-0849

[46] MUSARAT, M.A., ALALOUL, W.S., KHAN, A.M., AYUB, S., JOUSSEAUME, N.: A survey-based approach of
framework development for improving the application of Internet of Things in the construction industry of Malaysia,
Results in Engineering, Vol. 21, 101823, pp. 1-18, 2024. https://doi.org/10.1016/j.rineng.2024.101823

[47] PROKOPENKO, O., MACHADO, J., KOLDOVSKIY, A., JARVIS, M., CHECHEL, A., SKIBINA, T.: Integrating
digital twins into smart city infrastructure: enhancing urban planning through real-time data analytics, EAI Endorsed
Transactions on Digital Transformation, Vol. 11, pp. 1-12, 2025. https://doi.org/10.4108/eetdt. 7869

[48] PLIUHIN, V., SUKHONOS, M., BILETSKYI, I., PLANKOVSKYY, S., TSEGELNYK, Y.: Implementation
features of local and remote technical objects digital twins, /OP Conference Series: Earth and Environmental
Science, Vol. 1376, pp. 1-11, 2024. https://doi.org/ 10.1088/1755-1315/1376/1/012036

[49] JAYASINGHE, S.C., MAHMOODIAN, M., SIDIQ, A., NANAYAKKARA, T.M., ALAVI, A., MAZAHERI, S.,
SHAHRIVAR, F., SUN, Z., SETUNGE, S.: Innovative digital twin with artificial neural networks for real-time
monitoring of structural response: A port structure case study, Ocean Engineering, Vol. 312, 119187, pp. 1-15,
2024. https://doi.org/10.1016/j.oceaneng.2024.119187

[50] CHEN, C., FU, H., ZHENG, Y., TAO, F., LIU, Y.: The advance of digital twin for predictive maintenance: The role
and function of machine learning, Journal of Manufacturing Systems, Vol. 71, pp. 581-594, 2023.
https://doi.org/10.1016/j.jmsy.2023.10.010

[511 MAURYA, R., KUMARI, M., SHUKLA, S.K.: Digital Twins in Civil Engineering: A Step Toward Optimized
Monitoring of Engineered Landfill, In: Reddy, K.R., Nagabhatla, N., Singh, S.K., Soundharajan, B., Kumari, M.,
Jain, S.K. (eds) Recent Advances in Geomatics, Water Resources and Environmental Engineering, TRACE 2024,
Lecture Notes in Civil Engineering, Vol. 727, Springer, Singapore, pp. 49-71, 2026. https://doi.org/10.1007/978-
981-95-0736-8 4

[52] AL-ABABNEH, H.A.,, ALRHAIMI, S.A.A., SIAM, LM., ALSALIM, F.LA., KHADER, J.A.: Digital
transformation of supply chain management: trends and prospects, Acta Logistica, Vol. 12, No. 4, pp. 769-780,
2025. https://doi.org/10.22306/al.v12i4.713

[53] TREBUNA, P., PEKARCHIKOVA, M., MATISCSAK, I.: Logistic-information system based on object-oriented
approach, Acta Logistica, Vol. 11, No. 4, pp. 537-547, 2024. https://doi.org/10.22306/al.v11i4.538

~93 ~

Published by Acta Tecnologia, www.actatecnologia.eu



Acta Tecnologia, Volume 12, Issue 2, Pages 85-94, 2026 ISSN 2453-675X

Smart infrastructure modeling
Bonniga Ravinder

[54] MOLNAR, Z., TAMAS, P., ILLES, B.: Planning of flexible manufacturing lines with AGV material handling for
the entire life cycle, Acta Logistica, Vol. 12, No. 1, pp. 11-19, 2025. https://doi.org/10.22306/al.v12i1.563

[55] BOHACS, G., GASPAR, D., KANYA, D.: Conception an intelligent node architecture for intralogistics,
Acta Logistica, Vol. 5, No. 2, pp. 31-37, 2018. https://doi.org/10.22306/al.v512.82

Review process
Single-blind peer review process.

~ 94 ~

Published by Acta Tecnologia, www.actatecnologia.eu



