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Abstract 

The current literature on electrical system maintenance highlights three technology do-

mains—building information modeling (BIM), Digital Twin (DT), and extended reality 

(XR)—that have independently demonstrated strong potential for improving lifecycle in-

formation management, predictive analytics, and operational support. However, their 

convergence remains largely underexplored, particularly in electrical system mainte-

nance. This paper provides a structured review of BIM–DT–XR convergence in electrical 

system lifecycle management, examining their roles across lifecycle phases and their inte-

gration through literature synthesis and cross-domain implementation evidence. BIM is 

analyzed as a basis for modeling and integrating facility management with electrical asset 

lifecycles; DT as a framework for dynamic system representation and applications in elec-

trical and power systems; and XR as a means of visualizing and interacting with BIM-DT 

environments. Cross-domain implementation evidence from an industrial electrical facil-

ity and a tertiary smart-building pilot shows that BIM–DT–XR integration is technically 

feasible at pilot scale. However, the analysis identifies five structural integration gaps: 

semantic misalignment between building-oriented IFC and grid-oriented CIM ontologies; 

fragmented standard adoption; inconsistent data governance and naming practices; vali-

dation approaches focused on syntactic rather than dynamic model fidelity; and the sep-

aration of XR visualization from predictive DT capabilities. The implementation evidence 

further indicates that real-world deployment remains constrained by data quality limita-

tions, integration complexity, cost factors, and interoperability with legacy systems. The 

review concludes that, despite the maturity of individual technologies, their effective ap-

plication depends on advances in semantic alignment, lifecycle data governance, valida-

tion of dynamic models, and scalable integration frameworks, enabling the transition to-

ward integrated, interoperable, and lifecycle-aware infrastructures for electrical system 

maintenance. 
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1. Introduction 

The management of electrical systems in buildings and infrastructure spans the en-

tire project lifecycle, from design, installation, and commissioning through to operation, 

maintenance, and decommissioning. Electrical assets, such as switchboards, transformers, 

protection devices, cabling networks, lighting systems, and special installations, require 

continuous access to accurate, up-to-date information throughout their lifecycle, as this is 

essential for operational safety, service continuity, asset traceability, regulatory compli-

ance, and cost-effective maintenance planning. Historically, the management of electrical 

components/assets has been based on paper documents, separate databases and various 

software applications, resulting in the creation of information silos whereby stakeholders 

are isolated and unable to coordinate effectively or utilize the information in their deci-

sion-making process [1,2]. Recent studies in BIM-enabled facility management further 

confirm that operation and maintenance workflows remain hindered by fragmented in-

formation delivery, heterogeneous asset records, and uneven interoperability between de-

sign environments and operational platforms [3,4]. 

Over the past two decades, Building Information Modeling (BIM) has evolved into a 

revolutionary method for managing lifecycle information about buildings in an orderly, 

object-based digital manner [5]. BIM enables the integration of geometric, spatial, and se-

mantic data into parametric models that support multidisciplinary coordination during 

design and construction phases [6,7]. At the same time, more recent BIM-FM research has 

shown that the transition from design-oriented BIM models to operation-oriented infor-

mation environments remains incomplete, particularly when maintenance-relevant asset 

data must be delivered in forms that are usable across heterogeneous operational work-

flows [8]. This transition also requires decision-support environments capable of making 

discrepancies between BIM and FM data legible to operators, for example through graph-

ical interfaces that support comparison, validation, and actionability in lifecycle manage-

ment [9]. 

However, despite the maturity of BIM processes for new construction, its adoption 

in existing buildings remains limited, particularly for operational and maintenance pur-

poses [10]. Given that the connection between existing buildings and their electrical sys-

tems is compounded by years of incremental addition/modification/alteration and undoc-

umented maintenance, every existing electrical asset is very difficult to model digitally 

using BIM because electrical systems contain an enormous quantity of complex interrela-

tionships both internally and with other building systems within the built environment 

[10,11]. Furthermore, the transition from design-oriented BIM models to operation-ori-

ented facility management platforms continues to face interoperability barriers and misa-

lignment between information supply and demand [1,2]. For electrical systems, this limi-

tation is particularly acute because undocumented retrofits, naming inconsistencies, 

panel–circuit dependencies, and partial maintenance histories compromise not only geo-

metric completeness but also the reliability of lifecycle asset identification and mainte-

nance decision support. 

Digital Twins (DT) technologies have gained traction among different industrial sec-

tors in parallel. The initial development of these technologies reflected the original con-

cept of a virtual copy of a physical object connected by a two-way stream of data transfer 

[12,13]. Over time, the Digital Twin concept has progressed and moved from developing 

simple virtual representations to developing more complex variations in DT that incorpo-

rate real-time sensors, physics models, machine learning, and predictive analytics into the 

system [14–16]. In power and energy systems, Digital Twins have been proposed for ap-

plications ranging from real-time state estimation and dynamic line rating to multi-phys-

ics equipment modeling and grid-level self-healing strategies [17–20]. 
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Recent reviews in the built environment further show that DT implementation re-

mains characterized by definitional ambiguity, heterogeneous architectures, and unre-

solved challenges in data integration, interoperability, and lifecycle deployment [21–23]. 

The differences between Digital Model, Digital Shadow, and Digital Twin (i.e., the level 

of automation within the process that connects the physical entity to the digital entity) 

provide one method for assessing the maturity of DT in various application scenarios [24]. 

Comprehensive reviews of DT application in maintenance have shown that the most 

heavily researched areas are predictive and prescriptive maintenance strategies [25–27], 

with manufacturing, energy and aerospace leading DT application by sector. 

More recent building-oriented studies also indicate that DT-enabled maintenance is 

advancing toward Maintenance 4.0 logics, while standardization, validation, and scalable 

integration with operational building data remain open challenges [28]. In parallel, recent 

reflections on the Cognitive Digital Twin have emphasized the importance of graphical 

and interpretative interfaces for supporting the comprehension and management of com-

plex data environments, extending the DT discussion beyond real-time synchronization 

alone [29]. 

Extended Reality (XR) technology (which includes AR, VR, and MR) has been shown 

to add value to BIM models through measurable impacts on construction site inspections, 

safety training, and access to information while working on the construction site [30–33]. 

By using AR-based systems to add digital information to a physical asset, it has been 

proven that workers can perform maintenance tasks with less cognitive load and higher 

efficiency [34]. 

VR environments provide complete immersive simulation space which enables users 

to create safety plans and validate design components [35]. This operational perspective 

is also consistent with Coupry et al. [36], who frame BIM-based Digital Twins and XR 

devices as complementary enablers for maintenance procedures in smart buildings. How-

ever, despite these demonstrated gains, XR deployment has predominantly remained at 

the visualization layer, with limited integration into predictive Digital Twin ecosystems 

[24,37]. 

The structural separation between XR-based field interfaces and DT-based analytical 

cores represents a significant gap in the realization of closed-loop maintenance workflows. 

Recent reviews on XR in facility management and maintenance further confirm that track-

ing robustness, ergonomics, software fragmentation, and real-world deployment con-

straints still limit the transition from visualization support to fully integrated DT-con-

nected operational interfaces [38,39]. At the same time, recent contributions have high-

lighted the potential of DT-, VR-, and metaverse-oriented environments to support the 

asset management workforce by expanding training, interaction, and operational assis-

tance in lifecycle-oriented settings [40]. 

BIM, DT, and XR have each been extensively researched, but their combined appli-

cation to electrical system management remains largely unexplored. Existing reviews 

have addressed BIM adoption in existing buildings [10], BIM–facility management inte-

gration [1], BIM–IoT convergence [41], Digital Twin applications in power systems [17–

20,42–44], XR integration with BIM workflows [30,37,45], and Digital Twin applications 

in maintenance [24]. 

Coupry et al. [36] have already highlighted the conceptual proximity between BIM-

based Digital Twins and XR-enabled maintenance in smart buildings, yet this conver-

gence has not been critically consolidated around the specific lifecycle requirements of 

electrical systems. Likewise, more recent studies on DT-enabled maintenance and XR-

supported operational interfaces confirm growing cross-domain convergence, but not yet 

a stable analytical framework focused on electrical asset lifecycle management [28,38,39]. 
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For this reason, the novelty of the present contribution does not lie in claiming that 

BIM, DT, and XR are individually new, but in examining the structural integration ten-

sions that emerge when these three domains are brought together around a safety-critical 

and interoperability-intensive maintenance problem. The gap exists because electrical sys-

tems possess unique traits which set them apart from other building disciplines. These 

traits include requirements for safety that match technical standards, protection coordi-

nation systems, maintenance record tracking and increasing interaction with grid-level 

information models such as the Common Information Model (CIM) standardized under 

IEC 61970/61968 [46–48]. 

Recent studies on IFC–ontology integration and semantic interoperability further 

confirm that cross-domain model alignment remains an open issue whenever building-

centered information structures must interoperate with external semantic frameworks 

and reusable ontology bridges [49,50]. 

This study addresses that gap by bringing the three domains into a single analytical 

framework, examining not only their individual maturity but also the structural tensions 

that emerge at their intersection. Accordingly, the paper does not simply juxtapose three 

technology domains but critically examines their convergence through the lenses of infor-

mation modeling, dynamic synchronization, predictive maintenance support, and opera-

tional human–machine interaction. 

The review is organized along three analytical dimensions. Section 2 addresses BIM-

based modeling and lifecycle information management for electrical assets. Section 3 ex-

amines Digital Twin architectures and their applications in electrical and power systems. 

Section 4 assesses Extended Reality as the visualization and interaction layer within BIM–

Digital Twin ecosystems. 

To strengthen the practical relevance of the analysis, Section 5 presents cross-domain 

implementation evidence drawn from two complementary application contexts—an in-

dustrial electrical facility and a tertiary smart-building pilot—illustrating transferable in-

tegration patterns and context-specific constraints. Section 6 synthesizes the integration 

issues and gaps in research highlighted above, concentrating specifically on semantic in-

teroperability between building-oriented models and grid-oriented models, and the is-

sues associated with data governance and lifecycle connectivity. Section 7 recommends 

an organized research program aimed at filling the identified gaps. Section 8 concludes 

the research. 

To guide the analysis, the review is structured around the following research ques-

tions: 

• (RQ1) How have BIM, Digital Twin, and Extended Reality been developed in the 

literature with respect to electrical system lifecycle management? 

• (RQ2) What integration challenges emerge at the intersection of these three domains? 

• (RQ3) To what extent do implementation cases reflect and validate these challenges 

in real-world applications? 

These questions inform both the thematic synthesis of the literature and the interpre-

tation of the implementation evidence discussed in Section 5. 

This study adopts a structured narrative review approach. The objective is not to 

provide an exhaustive or protocol-driven survey of the literature, but to critically interpret 

the convergence of Building Information Modeling (BIM), Digital Twin (DT), and Ex-

tended Reality (XR) in the context of electrical system lifecycle management. The review 

was developed through targeted searches in major scientific databases, including Scopus, 

Web of Science, and IEEE Xplore, covering the period 2010–2025. The search strategy com-

bined domain-specific terms related to BIM, DT, and XR with application-oriented key-

words such as electrical systems, power systems, maintenance, facility management, in-

teroperability, and BIM–IoT integration. 
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Sources were selected based on their conceptual, technical, and application relevance 

to the intersection of these domains. Rather than applying rigid inclusion–exclusion pro-

tocols, the selection process followed an iterative and interpretative logic, progressively 

refining the corpus to retain contributions that were most significant for identifying recur-

ring integration challenges. The analysis was conducted through thematic synthesis, fo-

cusing on cross-domain issues such as semantic interoperability, fragmented standards, 

governance discontinuities, validation limitations, and the separation between XR inter-

faces and predictive DT cores. 

Accordingly, this work is not intended as a systematic review and does not follow 

protocol-driven frameworks such as PRISMA, as its objective is not to provide an exhaus-

tive or statistically reproducible mapping of the literature. Rather, it provides a structured 

and critical synthesis designed to identify cross-domain integration challenges and re-

search gaps at the intersection of BIM, DT, and XR for electrical maintenance. This posi-

tioning is also consistent with recent review contributions that treat DT, XR, and semantic 

interoperability as convergent yet still insufficiently consolidated strands within the built 

environment literature [21,36,51]. 

The overall workflow adopted in this structured narrative review—from targeted lit-

erature search and iterative corpus refinement to thematic synthesis, implementation-

based interpretation, and research-question validation—is summarized in Figure 1. 

The conceptual scope of the review is illustrated in Figure 2, which positions electri-

cal system management at the intersection of three technology domains—BIM as the 

structured information backbone, Digital Twin as the dynamic analytical and predictive 

layer, and Extended Reality as the human–machine operational interface—while high-

lighting the cross-cutting integration challenges that currently limit their systemic consol-

idation. 

In this sense, the review is framed around convergence rather than coexistence: BIM 

structures asset knowledge, DT operationalizes dynamic and predictive behavior, and XR 

mediates field-level access and interaction, but their systemic value depends on whether 

semantic, organizational, and cybersecurity barriers can be jointly addressed [41]. 
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Figure 1. Literature screening, thematic synthesis, and implementation-based validation process. 
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Figure 2. Conceptual scope of the review: BIM, Digital Twin, and Extended Reality as complemen-

tary technology domains for electrical system lifecycle management, with cross-domain integration 

challenges addressed in Section 6. The diagram emphasizes that value does not arise from the coex-

istence of these domains, but from their effective integration across lifecycle-oriented workflows. 

2. BIM for Electrical Systems 

2.1. BIM in Existing Buildings and Lifecycle Context 

BIM serves as the standard common to construction projects yet its use in renovation 

work and building management activities for current structures creates major problems 

which need to be solved. The BIM Handbook [5] provides comprehensive guidance on 

BIM procedures across all stages of the building lifecycle and defines the parametric ob-

ject-based modeling approach that underpins current BIM applications. BIM processes 

have reached established status in new construction projects although their application to 

existing buildings still requires development especially for maintenance and restoration 

and demolition work [10]. A review of more than 180 studies found three main obstacles 

which prevent BIM adoption within this context; these obstacles include the high expense 

required to transform building data into semantically rich BIM objects and the challenges 

associated with maintaining up-to-date information and the need to control uncertainties 

which affect data and objects and their connections. 

These issues are particularly critical for electrical systems. In existing facilities, elec-

trical installations are often modified incrementally throughout operation, yet such 

changes are not always properly documented. The frequent absence of complete and up-

dated building records further increases the uncertainty associated with digital modeling 

in existing assets [10]. This condition directly affects the reliability of information related 

to asset registers, protection coordination records, and maintenance documentation, all of 

which are essential for the safe and effective management of electrical systems. 

A further important distinction concerns BIM understood in a narrow sense—as a 

digital building model functioning mainly as an information repository—and BIM in a 
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broader sense, which also includes functional, informational, technical, organizational, 

and legal dimensions [10]. This distinction is especially relevant in the management of 

electrical systems. Although a narrow BIM model may geometrically represent elements 

such as switchboards, transformers, and cable routes, effective lifecycle use depends on a 

broader framework that addresses information delivery, interoperability standards, and 

the allocation of stakeholder responsibilities. 

2.2. BIM and Facility Management: Interoperability and Operational Gaps 

The use of BIM (Building Information Modeling) in facility management (FM) pro-

cesses is still something that looks good on paper, but is not working that well in practice. 

According to Pärn et al. [1], there has been a surge in interest in using BIM for O&M; 

however, to date, there is not much empirical evidence to demonstrate the efficacy of BIM–

FM integration. The review performed by them revealed that there are still many ongoing 

issues preventing FM and BIM from being effectively integrated including insufficient 

long-term above all, strategic alignment between parties, weak data interoperability, and 

fragmentation of asset-related information. Singh et al. [6] have proposed a theoretical 

framework that suggests that efficient BIM collaboration should be based on not only tech-

nical interoperability between parties but also on organizational and process-level align-

ment between the parties involved. 

A key issue highlighted in [1] is the disparity between the amount of information 

provided in BIM models and the amount of operational information required to operate 

the building during the O&M phase. The designers focus primarily on geometric coordi-

nation and construction deliverables, while Facility Managers need well-structured se-

mantic data that relate to maintenance schedules, asset performance, warranties and op-

eration history, as outlined by Becerik-Gerber et al. [52], who systematically identified the 

nine areas of application, along with their data requirements for BIM-enabled FM, con-

firming a continuing lack of maintenance-related information being delivered. This misa-

lignment directly affects electrical system management, where access to up-to-date com-

ponent specifications and maintenance records is essential for safe operation. It is also 

highlighted by Pärn et al. [1] that interoperability between BIM systems and Computer 

Aided Facility Management (CAFM) remains a significant issue. While there are stand-

ards, such as COBie, that provide a framework for the transfer of structured data from 

one system to another, there are still limitations around the ability of FM with regard to 

the transfer of semantic data in a holistic manner. Also, Gao and Pishdad-Bozorgi [2] have 

noted that even though there is currently strong interest in BIM–FM research, there are 

still barriers to BIM–FM integrations including inadequate handover processes, and lim-

ited interoperability between BIM authoring tools and CAFM systems. In the context of 

electrical systems, this implies that even when equipment data is embedded in BIM, inte-

gration with maintenance management systems may require additional manual pro-

cessing or bespoke workflows. 

2.3. BIM–IoT Integration as an Enabler for Operational Data Contextualization 

As the use of static Building Information Modeling (BIM) models in a number of op-

erational contexts has expanded, there has been a significant rise in exploring how to pair 

BIM with real-time data streams. In their 2019 paper, Tang et al. [41] defined BIM as 

providing geometric and semantic (representing the properties of a building or structure) 

representations of components of the building, while the Internet of Things (IoT) is created 

by combining multiple devices that provide dynamic (changing over time) operational 

data (e.g., environmental conditions, status of equipment, and sensor measurements). 

Based upon their review of the literature on BIM-IoT integration, Tang et al. [41] di-

vided the research on the integration of BIM and IoT into categories of application areas 
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that include facility management and building operations. Subsequent studies have rein-

forced that this convergence is particularly relevant for facility management, as it enables 

real-time data streams to be contextualized within asset-oriented digital environments ra-

ther than treated as isolated monitoring outputs, while also highlighting persistent limi-

tations related to interoperability fragmentation and uneven implementation maturity 

[53]. 

Regarding the integration of electrical systems, IoT/BIM integration allows contextu-

alization (i.e., relating data to its surroundings) of real-time measurements (e.g., load/tem-

perature monitoring/diagnostic) to the spatial and semantic attributes of the BIM Model. 

In smart-building environments, this capability becomes critical for electrical operation 

and maintenance, where many failure modes and maintenance triggers depend on time-

dependent signals rather than static asset descriptions. Typical application scenarios in-

clude switchboard and panel thermal monitoring, transformer loading conditions, protec-

tion device status tracking, alarm event management, abnormal current or voltage detec-

tion, and fault localization within circuits and distribution networks. In these cases, BIM 

acts as a semantic and spatial backbone that links sensor data to asset identity, system 

relationships, and maintenance history, enabling more informed and context-aware deci-

sion-making. 

Tang et al. [41] identified five primary definitions for integrating BIM and IoT system 

functionality: Application Programming Interface (API) based BIM Tools with Relational 

Databases; Transformation of BIM based Data to Relational Schema; Creation of Domain 

Specific Query Languages; Application of Semantic Web Technologies; and Hybrid (Re-

lational and Semantic) Architectures. From the perspective of intelligent electrical mainte-

nance, these architectures are not equally suitable, since smart-building electrical systems 

generate heterogeneous data streams ranging from relatively low-frequency condition 

monitoring to high-frequency signals and real-time alarms. API-based BIM tools and re-

lational database approaches are effective for operational monitoring and asset-level que-

ries because of their relative simplicity and efficiency, but they remain limited in manag-

ing complex semantic relationships across lifecycle data. Semantic web-based approaches 

provide stronger support for interoperability, ontology alignment, and lifecycle reason-

ing, although they may become more demanding when high-frequency electrical data and 

near real-time response requirements must be handled. In this sense, hybrid architectures 

appear particularly suitable for electrical maintenance, because they combine perfor-

mance-oriented handling of time-series measurements and alarms with semantically 

structured representations of assets, system relationships, and maintenance history, 

thereby supporting both operational responsiveness and lifecycle interoperability. 

Recent implementation-oriented studies demonstrate how such architectures can 

support maintenance workflows by integrating real-time sensor acquisition, alert systems, 

and 3D model interaction within a unified decision-support environment, allowing oper-

ational anomalies to be directly associated with specific assets and spatial contexts [54]. 

This approach is directly applicable to electrical maintenance scenarios, such as alert-

based inspection of overloaded panels, abnormal thermal behavior of equipment, or re-

current fault signals linked to specific subsystems. More targeted applications focusing on 

electrical subsystems confirm this trend. For instance, BIM- and IoT-based smart-lighting 

maintenance systems have shown how electrical assets can be embedded within digital 

workflows that support inspection planning, intervention management, and operational 

decision-making, highlighting the importance of aligning digital models with mainte-

nance procedures and organizational practices [55]. 

However, BIM–IoT integration is still at a relatively early stage of development, with 

most implementations confined to prototype scenarios and fragmented use cases, as re-

ported in the literature [41]. This limitation is further exacerbated in real-world electrical 
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systems by the frequent presence of incomplete or inconsistent as-built information, 

which affects the reliability of model–sensor alignment and the continuity of asset identi-

fication over time [56]. 

Interoperability, scalability, and real-time synchronization challenges persist. Addi-

tional studies on operational platforms confirm that the main challenge is not the availa-

bility of sensor data itself, but its integration into accessible and usable management en-

vironments, where multiple data sources can support coordinated inspection and mainte-

nance activities [57].For electrical systems, where operational reliability and safety are 

critical, these technical constraints must be carefully addressed before BIM-based opera-

tional environments can be considered mature. In this sense, the key issue is not only cap-

turing real-time data, but ensuring that such data remain semantically anchored to per-

sistent asset identifiers, interoperable across systems, and interpretable within mainte-

nance workflows [53,55,56]. 

2.4. Synthesis: Role of BIM in Electrical Lifecycle Management 

The results from [1,10,41] demonstrate that BIM serves as a vital part of the solution 

but does not provide all of what is needed for managing an electric system. The degree of 

complexity when modeling existing buildings and the degree of uncertainty of actual in-

formation is still the biggest inhibitor to doing things correctly [10]. In the context of asset 

management, semantic interoperability issues or a difference in what information supply 

and information demand exists, prevent electric systems from being ran efficiently [1]. 

The combination of BIM and IoT devices enables better electric system performance while 

creating new architectural and interoperability problems which require resolution [41]. 

The knowledge-based approach to BIM-based maintenance demonstrated that enriching 

BIM with case-based reasoning supports the decision-making process of maintaining a 

system, but Motawa and Almarshad [11] did not study how to scale their system to main-

tain complex electric systems. Succar [7] proposes a BIM maturity framework comprising 

three stages—object-based modeling, model-based collaboration, and network-based in-

tegration—which provides a useful benchmark for assessing the current state of BIM 

adoption in electrical system management. 

From a practical perspective, BIM serves as an organized information repository for 

representing electrical assets; however, by itself, BIM is a semi- static entity. Its operational 

transformation depends on external synchronization mechanisms, interoperable data in-

frastructures, and standardized information exchange. A further challenge, examined in 

detail in Section 6, concerns the semantic gap between building-oriented information 

models (IFC) and grid-oriented ontologies (CIM), which currently limits the scalability of 

BIM-based electrical asset data toward network-level Digital Twin integration. This tran-

sition toward dynamic Digital Twin architectures is examined in the following section. 

3. Digital Twin for Electrical and Power Systems 

3.1. From Monitoring Platforms to Cyber-Physical Grid Intelligence 

The notion of a Digital Twin—originally formalized by Grieves and Vickers [12] as a 

triad of physical product, virtual representation, and bidirectional data connection—has 

progressively expanded from manufacturing roots toward infrastructure-scale systems. 

Glaessgen and Stargel [13] further elaborated on the definition of the DT, specifically de-

fining it as an integrated multi-physics, multi-scale, probabilistic simulation of the physi-

cal object using the best available models and sensor updates to replicate the life of that 

physical object. The transition of the electric grid from a traditional method of monitoring 

it to one employing DT-enabled cyber-physical intelligence is a transformational, qualita-

tive shift in how the electric grid will be managed, rather than just a new technology. For 
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most of the history of electric grid management, it was primarily accomplished using ei-

ther Supervisory Control and Data Acquisition (SCADA) systems or Wide Area Monitor-

ing Systems (WAMS) that provide real-time observability to isolated grid variables. These 

variables typically have been available from either SCADA or WAMS in large blocks of 

time and space, but lack the detail needed to give a complete picture of the system. How-

ever, as emphasized by Zomerdijk et al. [20], such infrastructures provide partial observ-

ability and limited predictive capability, particularly under a high penetration of distrib-

uted energy resources (DERs) and converter-based generation. Digital Twins extend be-

yond classical SCADA paradigms by embedding dynamic system models directly into the 

digital representation, thereby enabling bidirectional synchronization between physical 

measurements and computational simulations. Although DT, Cyber-Physical Systems 

(CPS), and IoT share technological foundations, they differ in concept, core element, and 

application scope, with DT specifically emphasizing bidirectional synchronization and 

model-based prediction [15]. Yassin et al. [16] argue that modern power systems require 

measurement tools which can detect fast transients and stability limits and nonlinear sys-

tem behavior because of their reduced inertia and increased use of power electronic inter-

faces. A Digital Twin needs to process measurement data while its internal models must 

undergo continuous updates to match the current operational state of the system. The 

increasing use of Phasor Measurement Units (PMUs) provides high-resolution synchro-

nized measurements of the voltage and current phasors at each PMU’s location. When 

PMU measurements are incorporated into a Digital Twin architecture, the state estimation 

algorithms will produce more accurate estimates of the voltage magnitude and angle at 

each node than traditional methods of obtaining data from SCADA systems due to PMUs 

having a higher resolution than the sampling rates of most SCADA measurement devices. 

However, as noted in [20], measurement noise, synchronization delays, and data latency 

introduce uncertainty that must be explicitly managed within the twin’s computational 

core. 

Therefore, an operational Digital Twin for power systems can be interpreted as a con-

tinuous state estimator augmented by predictive simulation capabilities. This reframing 

positions the DT not merely as a visualization layer, but as a computationally active entity 

participating in grid control and planning. 

3.2. Real-Time State Estimation and Model Synchronization 

One of the key engineering challenges of developing a Digital Twin (DT) of a power 

system is to have the physical dynamics of the power system accurately reflected digitally. 

The classical state estimation method uses weighted least squares techniques to combine 

multiple measurements which contain duplicate data elements for computing system 

states [58]. However, under high DER penetration and bidirectional flows, distribution 

networks often lack full observability, requiring pseudo-measurements or probabilistic 

estimation. 

In this context, recent studies highlight that DT architectures increasingly rely on hy-

brid modeling strategies, in which physics-based representations of network behavior are 

combined with data-driven models capable of capturing unmodeled dynamics and sup-

porting adaptive estimation under uncertainty [17,59]. Within such frameworks, physics-

based components are typically used to enforce network constraints (e.g., Kirchhoff’s laws 

and power-flow relationships), while data-driven components are employed for anomaly 

detection, pattern recognition, and the interpretation of incomplete or noisy measure-

ments. 

This distinction is particularly relevant for electrical system operation and mainte-

nance, where accurate state estimation must support not only system monitoring but also 

fault detection, condition assessment, and predictive maintenance strategies. In these 
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scenarios, hybrid DT models enable the identification of abnormal operating conditions, 

degradation trends, and incipient faults that may not be directly observable through de-

terministic models alone [60]. 

Yet, as the authors observe, such integration introduces risks of model drift and over-

fitting, particularly when data distributions shift due to seasonal or operational changes. 

These issues become critical in real-world applications, where variations in load profiles, 

environmental conditions, and system configurations can significantly affect the reliabil-

ity of data-driven components, requiring continuous model updating and validation. 

Zomerdijk et al. [20] further emphasize the importance of uncertainty propagation in 

DT frameworks. Measurement errors together with communication delays and parameter 

uncertainty about impedance models create nonlinear pathways which affect power flow 

equations. A mature DT must therefore incorporate probabilistic modeling or Monte 

Carlo–based scenario evaluation to prevent deterministic misinterpretation of uncertain 

states. 

More broadly, recent DT research in electrical and power systems confirms that real-

time synchronization between physical systems, measurement infrastructures, and digital 

models requires architectures capable of managing heterogeneous data sources, temporal 

misalignments, and multi-scale system dynamics [61,62]. 

This perspective shifts the understanding of DTs from deterministic replicas to prob-

abilistic cyber–physical estimators capable of quantifying confidence intervals around op-

erational states. From a maintenance-oriented perspective, this implies that DT outputs 

should not be interpreted as exact system representations, but as decision-support tools 

providing confidence-aware insights for operational and maintenance actions, particu-

larly in safety-critical electrical environments. 

3.3. Multi-Physics Modeling of Power Equipment 

Digital Twins require better modeling accuracy for power equipment components 

than grid-level monitoring twins need. The IEEE PES White Paper [19] provides an abun-

dance of examples of Digital Twin models of transformers, circuit breakers, transmission 

lines and energy storage systems where models of electro-thermal, mechanical and elec-

tromagnetic field conditions have been combined to create a complete model of degrada-

tion behaviors of the actual asset. For example, Digital Twin transformer models will fre-

quently incorporate a thermal model based on the calculation of the winding hot spot 

temperature, combined with the use of dissolved gas analysis (DGA) and load history 

information. This creates an accurate representation of the transformer that can be used 

to calculate insulation degradation and predict remaining useful life. Twins provide more 

advanced capabilities than static condition monitoring systems because they enable the 

simulation of future load conditions. Tao et al. [26] demonstrate that Digital Twin-driven 

prognostics can integrate real-time sensor data with physics-based degradation models to 

predict remaining useful life, an approach directly applicable to power equipment condi-

tion assessment. Similarly, DTs for transmission lines incorporate spatio-temporal mod-

eling of conductor temperature, sag, and environmental exposure [19]. Together with 

forecasts of future weather, DTs create dynamic line rating (DLR) and allow us to manage 

congestion proactively. According to Heluany and Gkioulos [43], one of the most well-

established applications of DTs is diagnosing faults in generation assets; however, they 

note that most studies remain confined to individual asset optimization rather than coor-

dinated system-level integration. The integration of multi-physical equipment twins into 

higher-level grid twins remains largely unresolved. Interfacing asset-level thermal models 

with network-level power flow simulations introduces computational and architectural 

challenges, particularly under real-time constraints. 
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3.4. Grid-Level Digital Twins and Self-Healing Capabilities 

Digital Twins at the grid level do more than just provide information about equip-

ment condition; they help coordinate and improve network-wide resilience. Sifat et al. [18] 

conceptualize an Electric Digital Twin Grid capable of integrating historical and real-time 

data to detect overheated lines, anticipate outages, and support self-healing actions. Alt-

hough their conceptual framework is still in its infancy, it indicates a trend towards the 

use of predictive operational support. Twin technology needs to create virtual models 

which allow for dynamic operational testing at near real-time speeds. This requires effi-

cient load flow solvers, dynamic stability simulations, and event-driven modeling. De-

spite the clear requirements for the Digital Twin to be able to perform these functions, [17] 

and [20] point out that scalability issues continue to be a critical barrier. Large-scale grids 

can consist of thousands of buses and branches and therefore the computational intensity 

required for real-time simulation at a high frequency is very significant. Edge-cloud col-

laborative computing architectures [26,44], may be potential solutions for mitigation of 

this barrier by distributing the processing load among hierarchical layers. Aghazadeh Ar-

debili et al. [44] further emphasize the importance of architectural modularity in Smart 

Energy Systems. Service-oriented architectures and micro-services have the potential to 

create modular DT components which can operate semi-independently but remain cohe-

sive through the sharing of data. Hence modularity plays an important role in the future 

of creating broadened ecosystems of twins by integrating microgrids, energy communi-

ties and DER clusters with one another across system-level twins. 

3.5. Lifecycle Integration and Planning-Phase Twins 

The research by Song et al. [42] and Zomerdijk et al. [20] introduces a fundamental 

innovation which extends Digital Twin capabilities into the domain of long-term plan-

ning. Planning studies currently rely on static load flow and probabilistic forecasting, both 

of which operate independently from operational data streams. The Digital Twin system 

with planning capabilities uses historical operational data to create demand growth fore-

casts and DER penetration scenario simulations which help assess investment plans when 

facing uncertain situations. The integration process requires data persistence layers which 

can secure multi-year data records and enable simulation through multiple scenarios. 

Zomerdijk et al. [20] argue that such lifecycle integration necessitates a standardized DT 

ecosystem architecture capable of reconciling transmission operators, distribution opera-

tors, and local energy communities. The system-of-systems perspective connects to the 

System of Digital Twin Systems (SDTS) concept introduced in [42] which describes mul-

tiple Digital Twin Systems working at different hierarchical levels while using common 

communication standards. The transition to lifecycle-aware Digital Twins changes the 

twin from its original function as a monitoring tool into a system which supports strategic 

decision making. Werner et al. [27] propose a holistic approach integrating Digital Twin 

capabilities within predictive maintenance workflows, emphasizing that effective lifecycle 

integration requires both data infrastructure maturity and organizational readiness. 

3.6. Synthesis: Toward Engineering-Grade Digital Twin Maturity 

In the power engineering field, Digital Twin evolution can be described as a progres-

sive maturity pathway, in which model fidelity increases from static parameter replication 

toward hybrid, multi-phase, and AI-enhanced modeling approaches. This progression en-

tails a transition from the representation of individual components to the integration of 

coordinated system-level ecosystems. At the same time, temporal integration evolves 

from real-time monitoring toward lifecycle-oriented predictive capabilities enabled by 

structured data environments. 
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Tao et al. [14] propose a five-dimensional Digital Twin framework encompassing 

physical entity, virtual model, services, data, and connections, providing a structured ref-

erence for assessing DT completeness across application domains. Despite significant ar-

chitectural advancements, several structural limitations persist. Measurement uncertainty 

and data latency continue to hinder reliable real-time synchronization [20]. In addition, 

security is not yet fully embedded as a core component of Digital Twin architectures and 

is still frequently treated as an ancillary function rather than an integral design require-

ment [43]. 

Finally, there has been limited work done on establishing a standardization of data 

models and frameworks for interoperable large-scale deployment [17]. As a result of these 

realities, the structural architecture of Digital Twins has evolved significantly but has yet 

to be converted into standardized, interoperable systems with full engineering-quality in-

frastructures; thus, the evolution continues as an active area of research. Comprehensive 

reviews of Digital Twin implementations across industrial sectors [16] confirm that man-

ufacturing and energy remain the most active application domains, while construction 

and building systems represent emerging frontiers. Kritzinger et al. [24] propose a cate-

gorical distinction between Digital Model (manual bidirectional data flow), Digital 

Shadow (automatic physical-to-digital flow), and full Digital Twin (automatic bidirec-

tional flow), providing a useful classification framework for assessing implementation 

maturity. 

Table 1 classifies the principal DT implementations from the reviewed literature 

along five dimensions: system scope, coupling intensity, modeling approach, lifecycle in-

tegration, and latency tolerance/synchronization profile. This additional dimension clari-

fies the different temporal profiles associated with the DT categories reviewed in this sec-

tion. The table shows that most advanced systems operate at the component and subsys-

tem levels, while Digital Twin systems operating at ecosystem level currently remain 

largely conceptual [20,42]. 

Table 1. Structured classification of Digital Twins in electrical and power systems. 

System Scope 
Coupling 

Intensity 

Modeling  

Approach 

Lifecycle 

Integration 

Latency Tolerance/ 

Synchronization Profile 

Representative 

References 

Component-Level  

(e.g., transformer, 

breaker, line) 

Real-time mon-

itoring or 

closed-loop 

Physics-based, 

multi-physical 

field modeling 

Operation and 

maintenance 

Real-time/low-latency 

synchronization 
[19,42] 

Component-Level  

(advanced implemen-

tations) 

Predic-

tive/semi-au-

tonomous 

Hybrid physics + 

data-driven (AI-

supported) 

Operation + condi-

tion-based mainte-

nance 

Real-time monitoring 

with predictive update 

cycles 

[17,19] 

Subsystem-Level  

(substation, plant, mi-

crogrid) 

Real-time mon-

itoring with co-

ordination 

Hybrid modeling Operation phase 
Coordinated real-time 

synchronization 
[18,43] 

Grid-Level  

(distribution or trans-

mission network) 

Closed-loop 

operational 

twin 

Hybrid/AI-en-

hanced 

Operation + resili-

ence management 

Operational real-time 

synchronization 
[17,18] 

Grid-Level  

(advanced conceptual 

frameworks) 

Predictive and 

scenario-based 

AI-enhanced 

probabilistic 

modeling 

Operation + short-

term planning 

Scenario-based synchro-

nization with operational 

updates 

[17,20] 

Ecosystem-Level  

(TSO–DSO–market–

prosumers) 

Bidirectional 

real-time auto-

mated 

Multi-layer mod-

ular architecture 

Lifecycle-wide inte-

gration (design–op-

eration–planning) 

Multi-timescale synchro-

nization across intercon-

nected layers 

[20,42] 
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Smart Energy Systems 

(SES, CPSS perspec-

tive) 

Modular, ser-

vice-oriented 

Edge–cloud col-

laborative, AI-in-

tegrated 

System-level orches-

tration 

Distributed synchroniza-

tion across modular ser-

vices 

[44] 

None of the reviewed studies simultaneously combine broad system scope, strong 

bidirectional physical–digital coupling, advanced AI-enhanced modeling, and full lifecy-

cle integration. This observation suggests the existence of a structural maturity gap in cur-

rent Digital Twin implementations for power systems. 

4. Extended Reality Within BIM–Digital Twin Ecosystems: A Critical 

Synthesis for Electrical System Management 

The use of Extended Reality (XR) technologies through BIM-enabled environments 

has developed at a fast pace during the last ten years. The literature shows that researchers 

have studied XR technology through two main approaches which include its use as a BIM 

workflow extension and its function as a separate visualization tool instead of studying 

its role as a core element in Digital Twin (DT) systems [25,30,37]. This section provides a 

synthesis of the existing literature about XR implementation in Architecture Engineering 

and Construction (AEC) contexts while evaluating the current development stage of these 

technologies and their limitations for use in maintenance and electrical system manage-

ment. 

4.1. XR and BIM: Maturity, Scope, and Limitations 

The systematic reviews which study BIM-based AR applications demonstrate that 

most XR research work concentrates on construction sites. The study by Chi et al. [32] 

discovered that AR applications mainly concentrate on design visualization and infor-

mation retrieval during on-site operations while operational and maintenance tasks re-

ceive minimal focus. Wang et al. [33] identify two AR application categories for built en-

vironments which show that most systems exist as prototypes without actual performance 

testing in genuine operational environments. The PRISMA framework served as the basis 

for Sidani et al. [30] to perform their systematic review of BIM-based AR applications 

which revealed that construction management and safety and quality control functions 

represented the main focus for most applications. The review identifies ongoing problems 

with localization and connectivity and the incomplete integration of non-geometric data 

although AR has become an accepted technology that assists BIM workflows. The major-

ity of AR systems main function centers on displaying 3D models of assets whereas the 

system documentation about asset lifecycle and operational data remains inadequately 

represented [30]. Schiavi et al. [37] investigate BIM data flow architectures which use 

AR/VR technologies to demonstrate that successful BIM-to-XR integration needs estab-

lished data processing routes. The study results show that transforming BIM models into 

XR formats requires both geometry simplification and metadata filtering which results in 

the loss of certain semantic content. The operational value of electrical maintenance suf-

fers when semantic depth is lost, since it depends on component-level properties such as 

ratings, inspection history, and protection settings. 

In practice, XR tools improve visual access to BIM models but remain front-end over-

lays rather than fully integrated components of operational information systems. 

4.2. Empirical Evidence of Operational Performance Gains 

Despite integration challenges, empirical studies demonstrate measurable perfor-

mance improvements associated with BIM–XR integration. Chua et al. [31] did a study in 

which they evaluated a mobile BIM–AR artifact for retrieving information while complet-

ing construction tasks. They found that participants using the AR-integrated system 
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completed their tasks approximately 50% faster and committed fewer errors compared 

with participants relying on traditional 2D documentation. However, the study was con-

ducted under controlled laboratory conditions with a limited sample size, and the tasks 

involved were construction-oriented rather than maintenance-specific, which limits direct 

generalizability to electrical system O&M contexts. 

The evidence indicates that contextualized visualization will reduce the cognitive 

load on workers during their tasks and would therefore improve the efficiency of workers 

completing their tasks. Pan and Isnaeni [63] further explore AR–BIM integration in con-

struction inspection. 

The case study shows that AR technology enables inspection processes to work with-

out paper documents while enabling better information dissemination. The study reports 

that virtual overlays do not align correctly with physical objects which creates a major 

problem for their technology. For electrical systems—where millimetric discrepancies 

may have safety implications—this issue is particularly critical. Bae et al. [64] developed 

a high-precision vision-based mobile AR system which enables user position tracing 

through 3D point cloud reconstruction. The approach established by them enables better 

location tracking because it eliminates the need for both GPS and fiducial markers. The 

method requires pre-acquired images along with image processing work which creates 

limitations for using the method in situations with quickly changing conditions. A further 

issue concerns the usability of XR systems in safety-critical electrical environments. In real 

maintenance settings, operators may work under constrained spatial and environmental 

conditions and may also need to wear personal protective equipment, which can affect 

field of view, interaction precision, and the practical use of AR/XR devices. These con-

straints become particularly relevant in substations, switchgear rooms, and other techni-

cally dense environments, where limited accessibility, glare, noise, and restricted move-

ment may further reduce interaction robustness. In such contexts, XR performance cannot 

be assessed only in terms of visualization gains or task efficiency, but must also consider 

hardware ergonomics, overlay stability, and the compatibility of the interface with field 

conditions. 

Together, these studies confirm that XR technologies can enhance operational effi-

ciency and situational awareness. However, their deployment remains technologically 

sensitive, ergonomically constrained, and strongly context-dependent, particularly in 

safety-critical electrical environments. 

4.3. VR and Simulation-Based Safety Planning 

AR technology serves to enhance operational work in actual locations, whereas VR 

technology delivers additional advantages through its capacity to create fully immersive 

simulations. Getuli et al. [35] explore the use of BIM-based immersive VR technology to 

create construction sites which architects use for their design work and safety assess-

ments. The study results show that users develop better safety information sharing skills 

through immersive environments and these environments enable users to evaluate spatial 

limitations through tangible experiences. However, in the context of electrical mainte-

nance in smart buildings, the value of VR extends beyond general safety training and be-

comes particularly relevant for simulating high-risk operational scenarios that are difficult 

or unsafe to reproduce in real conditions. These include, for example, maintenance oper-

ations within cable tunnels [65] and confined technical spaces [66], interventions in switch-

gear rooms under fault conditions, and emergency response procedures related to electri-

cal failures or short-circuit events. 

This simulation-based approach is particularly relevant for electrical maintenance 

scenarios involving confined substations, switchgear rooms, or high-risk environments. 

In cable tunnels [65], VR environments can simulate restricted accessibility, limited 
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visibility, thermal conditions, and the spatial configuration of cable trays and electrical 

lines, allowing operators to anticipate movement constraints and identify potential haz-

ards before entering the physical environment. Sidani et al. [30] observe that design vali-

dation processes and safety training programs use VR applications as their primary as-

sessment tool instead of active operational systems. The distinction shows a common 

trend in which AR technology supports fieldwork through real-time interactions while 

VR technology finds its main application in training and planning activities. In fault and 

emergency scenarios, Nee et al. [66] observe that VR simulations enable the reproduction 

of abnormal system states, such as overload conditions, arc faults, or equipment failures, 

allowing operators to rehearse response procedures, evaluate decision sequences, and un-

derstand system behavior under stress conditions without exposure to real risk. VR tech-

nology enhances pre-operational risk evaluation through its entire lifecycle, while AR 

technology aids tasks which take place during the execution of projects. 

From a technical design perspective, effective VR applications for electrical mainte-

nance require the integration of accurate geometric models (derived from BIM), simula-

tion of system states and fault conditions, representation of environmental constraints 

(e.g., temperature, accessibility, visibility), and interaction mechanisms that allow users 

to perform maintenance actions within the virtual environment. These elements are es-

sential to ensure that VR simulations are not only immersive, but also operationally mean-

ingful and transferable to real-world maintenance activities [66]. 

4.4. XR as an Interface to Digital Twin–Enabled Maintenance 

The relationship between XR and Digital Twin–based maintenance remains insuffi-

ciently operationalized in current research, yet holds important conceptual value. Erran-

donea et al. [25] provide a comprehensive review of Digital Twin applications in mainte-

nance contexts, emphasizing predictive, condition-based, and prescriptive maintenance 

strategies. While XR was not at the center of their inquiry, the review pointed to the in-

creasing reliance on real-time data streams and prognostic analytics in Digital Twin 

frameworks. 

Casini [45] bridges this gap by positioning XR as a key enabler of smart building 

operation and maintenance. XR technologies enable human performance improvements 

through their ability to project real-time information which originates from BIM and IoT 

sources onto actual physical assets. Within this perspective, XR should be interpreted as 

an operational interface that enables the translation of Digital Twin outputs into actiona-

ble maintenance decisions, rather than as a standalone visualization layer. The different 

roles and levels of integration of XR modalities within BIM–Digital Twin workflows are 

comparatively synthesized in Table 2. XR functions as the human–machine interface that 

interprets maintenance decisions when it gets used together with Digital Twin predictive 

analytics. This role is particularly critical in electrical maintenance scenarios, where oper-

ators must interpret real-time system states, alarms, and predictive indicators derived 

from sensor networks and supervisory systems (e.g., SCADA-like environments), often 

within safety-critical spaces such as switchgear rooms, substations, and distributed elec-

trical infrastructures. In these contexts, XR systems enable the spatial mapping of Digital 

Twin data onto physical assets, allowing operators to query asset-specific information, 

visualize real-time operating conditions, and access predictive maintenance indicators di-

rectly in situ. This integration supports operational tasks such as fault localization, condi-

tion assessment, and intervention planning by linking sensor data streams, BIM-based 

asset identities, and DT-based analytical outputs within a unified interaction environ-

ment. Palmarini et al. [34] have performed a systematic review of AR applications in 

maintenance contexts specifically and highlighted hardware-driven limitations, tracking 

accuracy, and content authoring complexity as the primary barriers for adopting AR 
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technology in the industrial space. Complementary contributions further highlight that 

XR implementations are frequently deployed as standalone systems or loosely coupled 

solutions, limiting their ability to access synchronized Digital Twin data and to operate 

within closed-loop maintenance workflows [66]. Throughout the literature, however, 

there is a structural disconnect between the analytics of Digital Twins and the deployment 

of XR [25,34,45]. XR studies examine how well visualizations perform while DT studies 

investigate predictive modeling and data integration. This fragmentation becomes partic-

ularly critical in electrical systems, where maintenance operations depend on the contin-

uous alignment between physical assets, real-time measurements, and predictive models. 

Without such alignment, XR interfaces risk delivering partial or outdated information, 

reducing their reliability in safety-critical decision-making processes. 

The existing body of research lacks studies showing how XR can be embedded within 

the full Digital Twin lifecycle architecture. Addressing this gap requires the development 

of integrated XR–DT–IoT architectures capable of ensuring data consistency, real-time 

synchronization, and bidirectional interaction between field operators and analytical 

models. In this perspective, XR should be considered a core component of human–ma-

chine interaction within Digital Twin ecosystems, enabling not only data visualization but 

also operational feedback and decision execution within lifecycle-oriented maintenance 

processes. 

Table 2. Comparative positioning of XR technologies within BIM–Digital Twin workflows for elec-

trical system management. 

XR Modality 

Dominant Application 

Domain in the litera-

ture 

Typical Lifecy-

cle Phase 

Integration Depth 

with BIM 

Integration with 

Digital Twin 

Observed Ma-

turity Level 

Augmented 

Reality (AR) 

On-site inspection, in-

formation retrieval, 

construction monitor-

ing [30,31,63] 

Construc-

tion/Early 

O&M 

Primarily geometric 

visualization with 

partial metadata ac-

cess 

Rarely embedded 

within predictive DT 

frameworks; mostly 

visualization layer 

Applied in pilot 

and case-based sce-

narios 

Virtual Real-

ity (VR) 

Safety planning, work-

space simulation, im-

mersive training [30,35] 

Design/Pre-

construc-

tion/Training 

High geometric fidel-

ity through BIM-

based simulation 

Limited operational 

coupling; typically 

disconnected from 

real-time DT data 

Applied in struc-

tured simulation 

environments 

Mixed Reality 

(MR) 

Smart building O&M 

interface, contextual-

ized visualization [45] 

Operation and 

Maintenance 

Contextual overlay of 

BIM models and IoT 

data 

Conceptually aligned 

with DT but limited 

empirical integration 

Emerging and con-

ceptually promis-

ing 

4.5. Structural Gaps and Research Implications 

The literature reviewed has identified three structural deficits. In the first instance, a 

continued lack of interoperability for data exchange between the different platforms (BIM, 

IoT, XR) exists. This results in a high number of manual adjustments to data pipelines for 

those systems as well as a limited number of standard methods to achieve that interoper-

ability [37]. 

The second structural deficit occurs because most XR applications undergo testing in 

controlled pilot environments instead of testing their performance during actual field op-

erations which experience real-world operational changes; this limitation particularly af-

fects electrical systems which require extensive service and maintenance because their op-

erational requirements exceed existing validation research that uses long-term empirical 

data [53]. The primary purpose of XR applications is to support construction and inspec-

tion work but they do not contribute useful operational value when used in Digital Twin 

predictive maintenance workflows that follow an integrated lifecycle pattern [18]. This 
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limitation is particularly relevant for electrical maintenance, where real-world validation 

should also address usability under constrained field conditions, including visibility, ac-

cessibility, and interaction robustness in safety-critical spaces. The three structural defi-

ciencies of interoperability fragmentation along with limited real-world validation and 

predictive DT workflow disconnection affect all fields beyond XR technology. The prob-

lems intersect with multiple semantic and governance and standardization issues which 

have a complete impact on the BIM–DT–XR ecosystem as explained through detailed 

analysis in Section 6. 

Collectively, the reviewed studies indicate that XR technologies have advanced pri-

marily as visualization enhancers rather than as embedded components of predictive Dig-

ital Twin ecosystems [15,16,24,25]. Bridging this divide requires tighter integration be-

tween semantic data structures, real-time analytics, and field-level interaction mecha-

nisms. 

5. Cross-Domain Implementation Evidence of BIM–Digital Twin–XR 

Integration in Electrical System Management 

The literature reviewed in Sections 2–4 shows that BIM, DT and XR technologies have 

progressed rapidly, yet often in partially disconnected strands: BIM-centered asset mod-

eling, DT-centered analytics and synchronization, and XR-centered visualization and in-

teraction. 

To strengthen the practical relevance of the review and to contextualize the integra-

tion gaps discussed in Section 6, this section reports cross-domain implementation evi-

dence drawn from two complementary application contexts: (i) a published industrial de-

ployment integrating BIM and DT concepts for electrical systems [67], and (ii) a tertiary 

smart-building pilot (Torre Regione Piemonte, Turin, Italy) where a BIM-based DT is cou-

pled with an AR maintenance interface [9]. 

The intent is not to present a full experimental evaluation, but to compare transfera-

ble implementation patterns, contextual constraints, and recurring governance issues that 

affect lifecycle-oriented electrical system management. 

For transparency, it should be noted that the industrial case [67] is a published con-

tribution by the present authors, and the TRP pilot represents original unpublished im-

plementation work conducted by the same research group. Their inclusion is motivated 

by the need to provide concrete, first-hand implementation evidence that complements 

the theoretical gaps identified in the reviewed literature. These two cases are not pre-

sented as standalone validation exercises. Rather, they are used as triangulated imple-

mentation evidence to test whether the integration issues identified in the literature—such 

as semantic misalignment, data-governance discontinuities, and the limited operational 

coupling between XR and Digital Twin environments—also emerge in real application 

contexts. Their comparative use therefore strengthens the credibility of the analytical syn-

thesis developed in this study by showing how literature-based gaps translate into con-

crete implementation constraints under different operational conditions. 

5.1. Electrical Facility: BIM-Driven Asset Modeling and Maintenance-Oriented Digitalization 

The industrial case demonstrated in [67] established a practical method which used 

BIM technology to manage electrical assets throughout the manufacturing process. The 

parametric BIM system created in Autodesk Revit enables users to model essential elec-

trical components through semantically enriched objects which contain inspection and 

maintenance planning attributes. 

The project uses a dual data exchange system which lets users synchronize BIM pa-

rameters with structured registers through Dynamo scripts which create systematic 
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maintenance field updates and enable users to track all maintenance activities. In addition, 

the same case study demonstrated how a BIM-based electrical asset registry would pro-

vide information required by engineering disciplines within industrial sites (including 

power calculations, visual inspection of electrical components, clash detection, and light-

ing simulations) through the use of external tools. 

Mixed reality (XR) prototypes were also created to allow users to visualize and inter-

act with the BIM-based digital representation of the assets, thus improving the ability to 

locate assets and conducting training for safety purposes. Importantly, [67] supports a 

central claim of the present review: XR interfaces provide operational value only when 

the underlying data governance is robust—especially regarding identifier consistency and 

update policies that prevent divergence between the physical installation and its digital 

representation over time. The overall integration logic underlying both industrial and ter-

tiary implementations can be abstracted as a BIM–Digital Twin–XR pipeline, as illustrated 

in Figure 3. 

 

Figure 3. Simplified BIM–Digital Twin–XR pipeline for electrical maintenance, highlighting identi-

fier-based data integration, Digital Twin analytics, and XR-supported operational feedback. 

5.2. Tertiary Smart Building Pilot: BIM-Based Digital Twin and AR for Electrical Maintenance 

in Torre Regione Piemonte 

The Torre Regione Piemonte (TRP) building in Turin, Italy consists of 42 office floors 

with advanced building systems that operate under the typical operational constraints of 

tertiary smart buildings. The BIM environment was developed using a federated ap-

proach which models building parts separately through dedicated models for each archi-

tectural, structural, mechanical and electrical discipline. The federated model maintains 

lifecycle consistency between systems through shared instance parameters which include 

a unique Identifier that follows a predefined nomenclature system for all elements. This 

Identifier strategy serves as the essential requirement for all DT implementations that 

need to combine different data sources while sustaining continuous tracking of all assets 

in the system. From an electrical-system perspective, the TRP model covers three power 

distribution networks (ordinary, privileged, and security), busbar-fed floor boxes embed-

ded in raised floors, lighting fixtures in suspended ceilings, and dedicated special systems 

for data networks, fire detection, sound diffusion, and security. The electrical model in-

cludes multiple floor-level panels, busbar-fed floor boxes, lighting fixtures, and safety-

related systems distributed across 42 office floors, resulting in a high-density asset envi-

ronment that stresses identifier governance and data synchronization mechanisms. The 

systems require shared routing infrastructures which include walkways under ceilings 

and raised floors, leading to increased geometric coordination difficulties and semantic 

mapping challenges. 

This context is therefore particularly informative for assessing whether BIM-centered 

registries can support DT-enabled maintenance beyond isolated subsystems. The TRP 

Digital Twin Workflow is established using BIM primarily as its semantic base with a 

Digital Twin Layer representing the dynamic maintenance state of electrical components. 
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The workflow proceeds in four steps: (i) extraction of maintenance-relevant BIM attributes 

via identifier-based queries; (ii) data consolidation from BIM, CAD, and inspection rec-

ords into a unified representation; (iii) DT instantiation through identifier mapping; and 

(iv) interactive 3D navigation for asset exploration and maintenance access. Dynamo en-

ables maintenance planning through its ability to extract structured data which trans-

forms into maintenance registers (e.g., spreadsheets) for subsequent processing into 

scheduling and dashboarding (e.g., calendar-oriented visualization) purposes. The AR ap-

plication enables two-way data synchronization which permits field updates to be sent 

back to the BIM-based DT layer thus decreasing the chance of lifecycle discrepancies be-

tween the actual installation and its digital counterpart. The research shows that BIM–

IoT/DT integration functions as an operational context provider while creating new chal-

lenges for organizations to establish interoperability and governance frameworks [28]. 

The TRP pilot enables users to access a single AR maintenance interface which operates 

through Unity and Vuforia from their mobile devices (tablets). The AR application uses 

image targets which engineers place on electrical panels to create overlays which access 

data linked to the Digital Twin. The selection of image-target anchoring improves spatial 

alignment strength which protects against localization errors that would disrupt mainte-

nance work in electrical systems that require high safety standards. The TRP electrical 

maintenance pilot project has developed an architecture which integrates BIM with Digi-

tal Twin and XR technologies according to the summary presented in Figure 4. 

 

Figure 4. BIM–Digital Twin–XR architecture overview of the TRP pilot for electrical maintenance, 

showing the Revit-based model environment, identifier-based data structuring, maintenance data 

extraction, and AR visualization through Unity and Vuforia. 

The interface enables users to view equipment information from different contexts 

by providing three-dimensional equipment models and showing circuits which connect 

to the selected panel and displaying maintenance history and maintenance instructions. 

The design implements an XR pattern which prioritizes maintenance by using AR as an 

asset data management system instead of an independent AR visual display system. The 

approach demonstrates how XR devices improve maintenance operations because they 

enable better access to contextual information while making it easier for workers to com-

prehend information when BIM/DT data structures function correctly as reliable interop-

erable systems [25,36,45]. At the same time, TRP also illustrates real-world constraints 

representative of integration gaps discussed later in this literature review. First, integrat-

ing heterogeneous data sources (BIM, CAD-derived datasets, inspection records, and—

when available—sensor data) requires explicit mapping rules and validation steps to 
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prevent semantic drift. Second, the scalability of the solution depends on data volume 

management and update frequency, since building-scale deployments involve thousands 

of assets and frequent changes. Third, the AR layer introduces additional constraints re-

lated to alignment robustness and operational usability, which can become critical in 

safety-sensitive electrical environments. 

The AR-supported maintenance logic adopted in the TRP pilot can be abstracted as 

the workflow illustrated in Figure 5. 

 

Figure 5. AR-enabled electrical maintenance workflow, showing panel recognition, identifier re-

trieval, Digital Twin query, and bidirectional maintenance update. 

5.3. Comparative Discussion: Transferable Patterns and Context-Specific Constraints 

The two implementations demonstrate that BIM–D–-XR integration feasibility de-

pends more on lifecycle management processes and cross-platform semantic interopera-

bility than on the particular modeling capabilities of individual modeling systems. 

Although the two cases are not presented as controlled performance-validation ex-

periments, their comparison makes it possible to identify a set of preliminary evaluative 

dimensions for future operational assessment, including the time required to retrieve as-

set-specific information, the number of documentary sources unified within a mainte-

nance task, identifier consistency across BIM–DT–XR layers, the traceability of bidirec-

tional updates between field input and digital records, and the robustness of AR align-

ment during panel-level access. 

To support a clearer interpretation of the architectural and operational differences 

between the two contexts, Figure 6 presents a comparative diagram highlighting data flow 

structures, governance mechanisms, XR interaction roles, and integration bottlenecks for 

both the industrial facility and the TRP smart-building scenario. 

Table 3 provides a structured comparison of their key implementation dimensions, 

constraints, and transferability implications. In both cases, BIM is the semantic foundation 

for representing electrical assets and operational performance is predicated on maintain-

ing persistent identifiers, disciplined parameterization, and controlled bidirectional up-

date workflows. 

These principles align with the literature on BIM’s role in Facility Management and 

BIM and IoT integration as there have been sustained about long-term interoperability 

and the alignment of the information supply and demand in these deployments [1,41]. 

Although there are similar operational drivers for BIM–DT–XR Implementation, in-

dustrial deployments focus on equipment oversight and safety training and therefore 

place greater burden on the development of engineering and maintenance analysis, 

whereas TRP pilot deployments place greater burden on navigation of high-density assets 

and on-site use of AR during maintenance interactions. 

Consequently, tertiary smart-building deployments exhibit stronger requirements 

for scalable federation management, identifier governance across multiple special sys-

tems, and human–machine interface robustness. 
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Hence the differences between implementations lead to integration challenges dis-

cussed in Section 6 and require that there be standardization of exchange protocols; that 

validation goes beyond syntactic compliance; and that closed-loop coupling exists be-

tween analytics and XR-based execution interfaces [18,33]. 

Furthermore, Digital Twin-based maintenance cost evaluation, as demonstrated in 

railway infrastructure contexts [68], suggests that lifecycle cost analysis should be explic-

itly integrated within BIM–DT workflows to support evidence-based maintenance sched-

uling in both industrial and tertiary environments. 

Table 3. Cross-domain comparison of BIM–DT–XR implementation evidence for electrical system 

management. 

Dimension Industrial Facility  TRP Tertiary Smart Building  

Primary objective 
Engineering analyses + maintenance planning 

+ training 

On-site maintenance support via AR + scalable as-

set navigation 

BIM strategy Parametric BIM focused on electrical assets 
Federated BIM by discipline with shared parame-

ters 

Key governance 

mechanism 

Identifier consistency + bidirectional update 

policy 

Unique Identifier mapping across systems and DT 

data layer 

Data integration 

workflow 
BIM↔structured register via Dynamo 

BIM extraction (Dynamo)→register/dashboard; 

DT keyed by Identifier 

XR role AR/VR visualization and training interface 
AR operational front-end for panel-level mainte-

nance 

Main bottleneck 
Lifecycle drift without strict update govern-

ance 

Scalability + interoperability with existing opera-

tional systems 

Validation approach 
BIM–DT integration evaluated in a controlled 

industrial implementation context 

BIM–DT–XR integration assessed within a real 

building lifecycle and operational maintenance 

context 

Observed limitation 

Limited real-time synchronization; Depend-

ence on structured data updates; Potential in-

consistencies in asset information over time 

Complex integration of heterogeneous data 

sources; scalability constraints in high-density as-

set environments; AR alignment and usability lim-

itations in technical spaces 

Transferability/scal-

ing implication 

High control and replicability within similar 

industrial environments, but limited transfer-

ability to heterogeneous building contexts 

Higher transferability to smart-building scenarios, 

but increased complexity in scaling across large as-

set portfolios and maintaining data consistency 
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Figure 6. Comparative BIM–DT–XR architecture for electrical system management in industrial and 

tertiary smart-building contexts, illustrating differences in data flow configuration, identifier-based 

governance mechanisms, DT structuring approaches, XR interaction roles, and key integration bot-

tlenecks affecting lifecycle-oriented implementation. 

5.4. Implications for Lifecycle-Oriented Electrical Asset Management 

The review proves its main point through cross-domain evidence which demon-

strates that local BIM–DT–XR solutions can work technically yet require specific govern-

ance and validation methods for development toward lifecycle-aware interoperable sys-

tems. The first requirement for identifier governance mandates its recognition as an es-

sential engineering component which needs to include stable nomenclatures mapping 

rules and validation routines that prevent semantic drift across BIM, DT and XR layers. 

Bidirectional synchronization offers significant maintenance advantages yet requires spe-

cific procedures to handle conflict resolution and verification and rollback processes. XR 

should be evaluated as part of a closed operational loop—linking predictive or condition-

based maintenance insights to field execution—rather than as an isolated visualization 

enhancement [25,36,45]. The following section contains research gaps and integration 

challenges which these implications directly connect to. 

6. Integration Challenges and Research Gaps in BIM–Digital Twin–XR 

Ecosystems for Electrical System Management 

The previous sections showed how BIM and Digital Twin and XR technologies 

evolved quickly in their shared development areas between different domains. A recur-

ring pattern across the literature is the persistence of structural gaps that prevent these 

technologies from converging into fully integrated systems, that operate throughout elec-

trical system management processes. A critical reading of the reviewed works reveals that 
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the most persistent challenges are not purely technological, but rooted in semantic misa-

lignment, governance fragmentation, and uneven standard adoption. 

6.1. Semantic Interoperability Between BIM and Power-System Information Models 

The basic problem of semantic interoperability arises from the need to connect BIM 

building representations with power-system information models which include the Com-

mon Information Model (CIM). The BIM environments create their spatial and architec-

tural component representations through object-oriented design according to Section 2 

discussion. In contrast, CIM, standardized under IEC 61970 and IEC 61968, provides a 

domain ontology tailored to power-system networks, assets, and operational data ex-

change [46]. The Industry Foundation Classes (IFC) standard [69], while providing a com-

prehensive schema for building data exchange, offers limited native support for electrical 

power system semantics such as connectivity graphs, protection coordination, or load 

flow parameters. Kim et al. [46] emphasize that achieving interoperability in smart grids 

requires semantic consistency across heterogeneous domains. They categorize practical 

CIM-related issues into three major areas: model extension, harmonization between het-

erogeneous standards (notably CIM and IEC 61850), and validation. These categories di-

rectly reflect the challenges faced when attempting to align building-centric BIM data with 

grid-centric CIM structures. The review by Xue et al. [48] further clarifies that BIM and 

CIM evolved independently with different semantic emphases. BIM traditionally organ-

izes information around building elements and their lifecycle attributes, whereas CIM or-

ganizes data around electrical connectivity, operational states, and equipment relation-

ships. Although both BIM and CIM are ontological representations, the difference in the 

scope of their semantics means that in order to introduce the BIM-based electrical asset 

data generated from the actual build environment into a CIM-based network model, it 

will require either an ontology-alignment mechanism or a unified modeling approach to 

do so; both will require extensive technical work and are still being developed at this time 

[48]. In examining the interoperability gap between BIM, IoT, and building-specific infor-

mation model Digital Twins, Boje et al. [70] also further illustrate the interoperability is-

sues discovered in this review. The absence of standardized mapping frameworks be-

tween BIM object classes and CIM equipment classes represents a structural gap. Most 

current implementations rely on project-specific transformations or intermediate schemas 

rather than reusable semantic bridges. This limitation constrains scalability and cross-do-

main interoperability. 

6.2. Fragmentation of Standards and Model Extensions 

The process of standard fragmentation creates difficulties which make it impossible 

to achieve successful system integration. The authors Shen et al. [71] demonstrate that 

systems integration in AEC/FM remains hampered by fragmented data structures and in-

consistent collaboration protocols, challenges that persist over a decade later in BIM–DT 

ecosystems. The CIM ecosystem spans three IEC standards: IEC 61970 (transmission), IEC 

61968 (distribution), and IEC 62325 (market processes) [47]. Within CIM there are also 

many practical challenges associated with extending models to new business require-

ments, distributed resources, and advanced monitoring applications [46]. In particular, 

the extension of models introduces the potential for inconsistent data due to a lack of har-

monized design rules within the industry [46]. The need for extending existing or devel-

oping new models is most critical to modern electrical systems which must provide new 

methods for integrating distributed energy resources, advanced metering infrastructure, 

and edge devices. The CIM provides some guidelines for extending models but does not 

have an industry recognized method for developing and implementing extensions which 

will result in interoperability challenges between utilities and/or vendors. Anderson et al. 
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[47] describe how enterprise-level data integration using CIM profiles requires careful 

down-selection of relevant classes and attributes. This profiling process is vital to prevent-

ing models from becoming overly complex while still retaining semantic integrity. How-

ever, inconsistent profiling practices across organizations may undermine interoperabil-

ity, especially when exchanging operational data or Digital Twin state information. When 

BIM–DT–XR ecosystems are considered, this fragmentation multiplies. XR platforms of-

ten rely on simplified geometry and metadata subsets extracted from BIM, while DT plat-

forms operate on CIM-based or custom network models. Without standardized cross-do-

main alignment mechanisms, these systems remain loosely coupled rather than fully in-

tegrated. This fragmentation is not an isolated issue but directly exacerbates semantic mis-

alignment and limits the effectiveness of governance strategies across BIM–DT–XR eco-

systems. 

Current research and practice are beginning to address this fragmentation through a 

limited set of recurring strategies. A first direction concerns ontology-alignment mecha-

nisms and reusable semantic bridges capable of relating BIM object structures to CIM-

based electrical models, rather than relying exclusively on project-specific transformations 

[48,70]. A second direction involves more disciplined CIM profiling practices, in which 

classes and attributes are carefully down-selected to preserve semantic integrity while re-

ducing implementation complexity [47]. A third response concerns the attempt to struc-

ture model extensions more explicitly, so as to reduce inconsistency when new monitoring 

requirements, distributed resources, or edge devices must be incorporated into existing 

information models [46]. Taken together, these efforts do not yet constitute a unified so-

lution, but they indicate that the field is moving from merely recognizing fragmentation 

toward developing more reusable alignment and integration strategies across BIM–DT–

XR ecosystems. 

6.3. Data Governance, Naming Consistency, and Lifecycle Continuity 

The main data integration challenge which Anderson et al. [47] identified as their 

central research focus exists because the essential naming problem requires resolution. 

Different databases in heterogeneous software environments use distinct identifiers to re-

fer to the same physical assets. The CIM system uses master resource identifiers (mRID) 

to establish unique identification for resources which allows machine-readable identifica-

tion to function independently from human-readable identification systems [47]. Identi-

fying electrical systems consistently is essential for both accurate network analysis and 

maintenance traceability, as well as synchronizing Digital Twins (DT). If a Breaker or 

Transformer is referenced differently in the BIM model, DT analytics engine and XR in-

terface, then automated data exchange will not work reliably. These issues extend beyond 

naming consistency to broader lifecycle governance mechanisms, including validation, 

synchronization, and long-term data integrity. Issues of lifecycle continuity add to the 

challenges faced by governance. BIM models are typically developed in design and con-

struction phases while CIMs are predominantly in place in operational contexts. As power 

systems mature through retrofit, replacement of equipment and reconfiguration of the 

grid; the alignment between building-level and grid-level models must be continuously 

maintained. Kim et al. [46] underline that validation mechanisms are necessary to ensure 

that exchanged information conforms to established profiles and standards. Without ro-

bust validation workflows, semantic drift between digital representations and physical 

reality becomes likely. 

The governance challenge presented here applies to the Digital Twin’s fidelity as 

well. For instance, DT systems must maintain continuous synchronization to reflect actual 

conditions as new measurements are made in real-time (discussed in Section 3). Model 

validation practices currently focus primarily on syntactic and semantic conformity, while 
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limited attention is given to dynamic accuracy and uncertainty propagation, as high-

lighted in the literature [46]. This imbalance underscores the need for validation frame-

works that incorporate temporal consistency and state estimation accuracy in order to 

bridge the gap between formal model compliance and real-world system behavior. 

6.4. XR Integration: From Visualization Layer to Systemic Component 

According to studies outlined in section four, XR technologies have demonstrated 

substantial efficiency gains for tasks related to inspection and training [30,31,63]. How-

ever, there exists a lack of effective integration between these XR technologies and Digital 

Twin-enabled maintenance ecosystems. Most XR implementations remain confined to ge-

ometric overlays derived from BIM, with limited access to operational metadata. There is 

also a substantial structural separation between the visualization technologies and the 

predictive Digital Twin infrastructure which creates a significant gap in overall systems 

integration. Research conducted by Errandonea et al. [25] highlights predictive mainte-

nance and condition monitoring as two primary areas for ongoing future research in the 

Digital Twin arena. Nevertheless, there is little to no embedding of XR within these newly 

developed predictive workflows. Similarly, XR studies do not generally include network 

semantics that are based on Collaborative Integrated Model (CIM) infrastructures or in-

corporate enterprise-level data integration principles. The result is a partial integration 

paradigm: BIM–XR systems enhance field visualization, and DT–CIM systems enhance 

analytics, but full BIM–DT–XR ecosystems remain rare. This separation reduces the sys-

temic potential of Digital Twins for electrical system management, where predictive ana-

lytics and field execution should ideally form a closed feedback loop. 

6.5. Synthesis of Integration Gaps 

Across the reviewed literature and implementation evidence, five recurring integra-

tion tensions emerge that limit systemic interoperability: 

1. The inability for building-oriented and grid-oriented ontologies to semantically align 

creates interoperability constraints. 

2. The use and extensions of fragmented standards creates friction to enable scalable 

integrations. 

3. Inconsistent profile and naming conventions prevent effective data governance. 

4. Validation mechanisms have historically focused primarily on syntactic compliance 

versus dynamic model fidelity. 

5. XR deployment has outpaced systemic integration with predictive Digital Twins. 

These gaps confirm that component-level technological maturity has outpaced sys-

tem-level interoperability. Table 4 synthesizes the identified challenges—spanning se-

mantic alignment, standardization, governance, validation, and XR integration—by link-

ing each gap to its underlying technical causes and corresponding impacts on electrical 

system management, as derived from the literature [25,45–48]. 
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Table 4. Cross-domain integration gaps in BIM–Digital Twin–XR ecosystems for electrical system 

management. 

Integration  

Dimension 
Identified Gap Technical Root Cause 

Impact on Electrical  

System Management 

Representative 

References 

Semantic In-

teroperability 

Misalignment between BIM 

object schemas and CIM-

based power system ontolo-

gies 

Independent evolution of 

building-oriented and grid-

oriented information mod-

els; lack of standardized on-

tology alignment 

Limited scalability of BIM–

CIM integration; difficulty 

in embedding building-

level assets into grid-level 

Digital Twins 

[46,48] 

Standard Har-

monization 

Fragmented adoption and 

extension of IEC 

61970/61968/61850 stand-

ards [72–74] 

Heterogeneous profiling 

practices; custom model ex-

tensions without unified 

governance 

Reduced cross-utility in-

teroperability; vendor lock-

in and project-specific inte-

gration solutions 

[46,47] 

Data Govern-

ance and Identi-

fication 

Inconsistent naming con-

ventions across platforms 

Absence of unified global 

identifiers or inconsistent 

implementation of mRID-

based strategies 

Synchronization errors be-

tween BIM, DT, and XR sys-

tems; compromised lifecycle 

traceability 

[47] 

Validation and 

Model Fidelity 

Validation focused on syn-

tactic and profile conform-

ity rather than dynamic 

consistency 

Limited integration of un-

certainty propagation and 

state estimation validation 

within interoperability 

frameworks 

Reduced reliability of Digi-

tal Twin predictions in 

safety-critical electrical en-

vironments 

[46] 

XR–Digital Twin 

Coupling 

XR deployed primarily as 

visualization layer, not as 

integrated DT interface 

Weak integration between 

predictive analytics engines 

and XR front-end systems 

Fragmented maintenance 

workflows; limited realiza-

tion of closed-loop predic-

tive maintenance 

[25,45] 

The synthesis shows integration issues are across multiple levels of technology, i.e., 

semantic modeling, standardization, lifecycle governance, and human–machine interac-

tion. Gaps exist across both technical and organization dimensions and will require ongo-

ing co-ordination to advance these challenges. However, these gaps should not be inter-

preted as independent limitations, but rather as an interconnected and hierarchical system 

of constraints. 

Semantic interoperability—especially the misalignment between BIM (IFC) and 

power-system ontologies (CIM)—emerges as a foundational condition that directly affects 

all other integration dimensions. Without a consistent semantic bridge between building-

oriented and grid-oriented data structures, downstream processes such as data govern-

ance, Digital Twin synchronization, and XR-based interaction cannot be reliably estab-

lished. 

At the same time, weaknesses in data governance frameworks, including inconsistent 

identifier strategies and fragmented update policies, further amplify interoperability is-

sues and contribute to lifecycle misalignment between physical assets and their digital 

representations. These limitations propagate upward, reducing the reliability of Digital 

Twin analytics and constraining the operational integration of XR technologies, which of-

ten remain decoupled from real-time system states. The identified gaps should therefore 

be understood as a layered structure, where semantic interoperability and governance 

represent enabling conditions, while validation, XR integration, and scalability challenges 

emerge as dependent and progressively higher-level constraints. 

The cross-domain implementation evidence discussed in Section 5 independently 

corroborates this hierarchical structure of gaps, confirming that identifier governance, bi-

directional synchronization, and XR–DT coupling represent recurring practical barriers in 
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both industrial and tertiary deployment contexts [67]. These issues extend beyond naming 

consistency to broader lifecycle governance mechanisms, including validation, synchro-

nization, and long-term data integrity. 

Beyond the structural gaps synthesized above, it is also necessary to consider a set of 

practical implementation constraints that affect real-world deployment. While Table 5 

outlines the key research gaps and directions, additional constraints emerge when con-

sidering real-world implementation. 

First, input data quality and reliability remain critical, particularly in existing build-

ings, where incomplete as-built documentation, undocumented retrofits, inconsistent as-

set naming, and fragmented maintenance records compromise the semantic integrity of 

BIM models and limit their effective use within Digital Twin environments [1,10]. 

Second, the integration of heterogeneous data sources requires continuous data cu-

ration and validation processes, introducing operational complexity and increasing the 

risk of inconsistencies between physical assets and their digital representations [28,41]. 

Third, BIM–DT–XR implementation entails non-negligible technical and organiza-

tional costs, especially in high-density or legacy asset environments, where reconstructing 

reliable digital models and maintaining synchronized data flows require significant effort 

[1,10]. 

Table 5. Hierarchical ranking and interdependence of BIM–Digital Twin–XR integration gaps for 

electrical system management, highlighting their relative priority, technical complexity, and impact 

on real-world deployment. 

Gap Main Consequence Interdependence 
Technical 

Difficulty 
Application Impact 

Priority/ 

Urgency 

Semantic 

Interoperability 

Inability to integrate build-

ing-level and grid-level 

data models 

Foundational 

(enables all other lay-

ers) 

High 

Very high 

(blocks cross-domain 

integration) 

Critical 

Standard 

Harmonization 

Inconsistent model exten-

sions and lack of reusable 

integration workflows 

Strong  

(depends on semantic 

alignment, affects in-

teroperability at scale) 

High 

High 

(limits scalability and 

cross-organization ex-

change) 

High 

Data Governance 

and 

Identification 

Synchronization errors 

and loss of lifecycle tracea-

bility 

Strong  

(depends on interoper-

ability, directly impacts 

DT and XR) 

High 

Very High 

(compromises lifecy-

cle traceability and 

operational reliability) 

Critical 

Validation and 

Model Fidelity 

Limited reliability of Digi-

tal Twin predictions in dy-

namic conditions 

Dependent  

(requires governance 

and interoperability) 

Medium-

high 

High 

(affects safety-critical 

decision-making) 

High 

XR–DT 

Coupling 

XR remains a visualization 

layer with weak integra-

tion into DT workflows 

Dependent  

(requires DT reliability 

and data availability) 

Medium 

Medium–high 

(limits operational use 

in maintenance) 

Medium-high 

Finally, integration with existing operational systems remains a key constraint, as 

non-interoperable platforms and heterogeneous standards often require bespoke solu-

tions, limiting scalability and transferability. These aspects indicate that, beyond struc-

tural integration gaps, the transition toward lifecycle-oriented BIM–DT–XR ecosystems is 

also constrained by data quality, cost, and governance factors, which must be explicitly 

addressed in both research and practice. 
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7. Future Research Directions 

Addressing the integration challenges identified above requires coordinated ad-

vances at the semantic, architectural, and organizational levels. The following directions 

identify priority areas for the development of lifecycle-aware BIM–DT–XR ecosystems in 

electrical system management, which are synthesized in the research agenda presented in 

Table 6. 

Table 6. Proposed research agenda for BIM–Digital Twin–XR integration in electrical system man-

agement. 

Research Dimension Core Challenge Required Advancement Expected Impact 

Semantic Integration 
BIM–CIM ontology misalign-

ment 

Standardized cross-domain 

semantic mapping frame-

works 

Seamless lifecycle data conti-

nuity 

Lifecycle Governance 
Fragmented design–opera-

tion workflows 

Persistent identifier manage-

ment and synchronized 

model updates 

Improved asset traceability 

and DT reliability 

Model Validation 
Limited dynamic fidelity as-

sessment 

Uncertainty-aware validation 

and benchmarking frame-

works 

Increased trust in predictive 

DT systems 

XR Coupling 
Visualization detached from 

analytics 

Closed-loop DT–XR integra-

tion models 

Safer and more efficient elec-

trical maintenance 

Cybersecurity and Govern-

ance 

Expanding attack surface in 

integrated ecosystems 

Secure data exchange proto-

cols and governance policies 

Resilient digital infrastruc-

ture 

7.1. Semantic Alignment Between Building and Grid Ontologies 

A primary research challenge concerns the establishment of robust semantic align-

ment mechanisms between BIM-based building models and CIM-based power system on-

tologies. As discussed in Section 6, building and grid information models have evolved 

largely independently, generating persistent forms of structural interoperability mis-

match [46,48]. Existing mapping strategies remain largely project-specific and therefore 

do not yet provide a sufficiently transferable basis for cross-domain implementation. 

Three issues appear particularly relevant. The first is the definition of formal ontology-

alignment methodologies capable of linking IFC-based BIM schemas with IEC 

61970/61968 CIM structures. The second concerns the development of automated seman-

tic translation pipelines that preserve both geometric meaning and electrical connectivity 

semantics. The third concerns the design of validation frameworks able to verify the cor-

rectness of model transformations across converted instances. This perspective is con-

sistent with the view of Digital Twin common data environments as shared infrastruc-

tures for managing heterogeneous sources, stakeholders, and data consumers across fed-

erated ecosystems [75]. It is also aligned with ontology-enabled intelligent Digital Twin 

environments, in which semantic consistency supports not only model translation but also 

higher-level operational reasoning, allowing applications, data, and expert knowledge to 

be structured within a coherent ontological framework [76]. In the same direction, the in-

tegration of IFC and ontology-based representations continues to highlight the difficulty 

of constructing scalable and reusable cross-domain semantic bridges [49]. Taken together, 

these issues suggest that semantic alignment is not merely a conversion problem, but a 

prerequisite for connecting building-level electrical assets with grid-level Digital Twin 

systems in a consistent and operationally meaningful manner. 
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7.2. Lifecycle-Consistent Digital Twin Architectures 

The literature shows that Digital Twin technologies have achieved significant analyt-

ical progress in power systems, yet they still lack stable connections with design-oriented 

BIM models and field-based XR systems [17,20,25]. A central research direction therefore 

concerns lifecycle continuity, especially in relation to the persistence of information across 

design, operation, retrofit, and end-of-life phases. 

In this respect, future architectures should be able to track asset identifiers from de-

sign through operational use, synchronize BIM updates with changes occurring in opera-

tional CIM-based environments, and incorporate upgrade and retrofit processes within 

unified digital settings. The challenge is not limited to model linkage, but concerns the 

creation of governed lifecycle transitions between static design representations and dy-

namic operational systems. This need is reinforced by bibliometric and review evidence 

on BIM–DT integration in operation and maintenance, which indicates that lifecycle con-

tinuity remains underdeveloped despite the rapid expansion of digital tools for building 

operations [77]. Reviews of building Digital Twin frameworks similarly identify poor in-

teroperability, non-standardized integration procedures, and low automation as persis-

tent barriers to the transition from monitoring-oriented twins to lifecycle-consistent deci-

sion-support architectures [78]. The need for lifecycle-consistent architectures is further 

reinforced by recent work on common data environments [75], which frames Digital Twin 

deployment as a data ecosystem problem rather than a standalone modeling exercise. 

Within this broader perspective, the maturity model proposed by Madni et al. [79] re-

mains useful as an incremental roadmap, moving from pre-Digital Twin conditions to 

more intelligent Digital Twin configurations capable of supporting lifecycle integration. 

7.3. Validation Beyond Syntactic Conformity 

The validation of interoperable environments cannot be limited to verifying whether 

system outputs satisfy data schema requirements and profile definition specifications [26]. 

In safety-critical electrical contexts, syntactic conformity alone does not provide sufficient 

assurance regarding the fidelity, reliability, and operational usability of the resulting Dig-

ital Twin environment. Three priorities emerge from this limitation. The first is the dy-

namic validation of Digital Twin state estimation against field measurements. The second 

is the quantification of uncertainty propagation across multi-level twins. The third is the 

performance benchmarking of predictive maintenance models integrated with BIM–XR 

interfaces. This shift from structural compliance to fidelity-oriented validation is sup-

ported by verification studies on geometric Digital Twins, which show that models may 

appear visually acceptable while still exhibiting quality degradation or failing replace-

ment criteria [80]. This concern is further reinforced by framework reviews that identify 

limited predictive-data integration and weak benchmarking practices among the main 

constraints on Digital Twin reliability [78].In addition, ontology-enabled intelligent digital 

twin environments imply that validation should also examine whether applications, rea-

soning services, and semantic dependencies operate correctly within the structure of the 

DT environment, rather than limiting assessment to formal schema compliance alone [76]. 

The transition from validating data structure to validating data fidelity therefore rep-

resents a necessary step toward greater confidence in Digital Twin-enabled maintenance 

processes. 

7.4. XR as a Closed-Loop Operational Interface 

Although XR technologies have shown consistent value in improving inspection ef-

ficiency, situational awareness, and safety-related functions, they are still only partially 

integrated into predictive Digital Twin systems. In this regard, the prescriptive mainte-

nance perspective described by Ansari et al. [81], which combines predictive analytics 
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with action-oriented recommendations, provides a useful direction for the evolution of 

BIM–DT–XR ecosystems. The three research areas which show the most value for study 

include the real-time connection between DT analytical results and XR-based maintenance 

applications and the creation of assessment criteria which measure the accuracy and 

safety of XR-based maintenance work and the examination of human cognitive load and 

other human elements in areas which contain complex electrical systems. Evidence sup-

porting the latter area of investigation can be found in neurophysiological research into 

AR-assisted industrial tasks. Researchers in this area have developed some initial frame-

works that could serve as a starting point for measuring cognitive load during mainte-

nance activity associated with XR technologies, though the direct use of these frameworks 

for assessing cognitive load while performing electrical maintenance tasks has yet to be 

established [82]. Accordingly, future research should rely on assessment approaches that 

combine cognitive-load evaluation with task-performance and safety-oriented usability 

criteria, so as to verify whether XR systems remain operationally reliable in complex elec-

trical environments. Examples from literature that evaluate DT–MR integration in build-

ing maintenance and operation lead to one conclusion—there is potential for immersive 

interfaces through XR technologies, but they are currently limited by standardization, 

scalability, and real-time deployment issues [83]. Complementary evidence from imple-

mentation-oriented research on 3D interactive building operations further indicates that 

BIM, IoT-enabled BAS, AI, and mixed reality can be connected within multi-layer DT ar-

chitectures, supporting both on-site and remote operational workflows [84]. From this 

perspective, the integration of XR into the predictive maintenance lifecycle should be un-

derstood not as an accessory visualization layer, but as a potential closed-loop operational 

interface between digital analysis and field action. 

7.5. Cybersecurity and Data Governance in Integrated Ecosystems 

The growing interconnectedness of BIM–DT–XR ecosystems introduces an addi-

tional layer of complexity related to cybersecurity and data governance. While interoper-

ability standards can contribute to semantic consistency [46], they do not, by themselves, 

ensure secure data exchange, protected communication, or security-aware system design. 

Three issues deserve particular attention: the definition of secure communication proto-

cols for DT-enabled grid monitoring; the development of role-based access control models 

across BIM–CIM–XR environments; and the design of governance frameworks capable of 

maintaining mRID consistency and lifecycle asset traceability. This direction is supported 

by studies on cyber-resilient smart grids, which show that the combination of Digital 

Twins and shared data spaces requires governance models that are not only interoperable, 

but also resilient by design [85]. A similar conclusion is reached in reviews of cyber-phys-

ical power system Digital Twins, where the integration of monitoring, control, and com-

munication layers is associated with a substantial expansion of the attack surface of DT 

ecosystems [86]. Accordingly, data governance and cybersecurity should be treated as 

constitutive components of integrated BIM–DT–XR infrastructures, rather than as second-

ary layers added after interoperability has been achieved. 

The research directions outlined above show that technological maturity alone is not 

sufficient to achieve fully integrated BIM–Digital Twin–XR ecosystems. Their transition 

from isolated pilots to scalable infrastructures for electrical system management depends 

on coordinated advances in semantic alignment, lifecycle governance, validation rigor, 

human-centered interface design, and cyber-resilient governance. These priorities are 

summarized in Table 6. 
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8. Conclusions 

Taken individually, BIM, Digital Twin, and XR technologies have reached consider-

able levels of maturity. With reference to RQ1, this review shows that these domains pro-

vide complementary capabilities for electrical system lifecycle management: BIM sup-

ports structured information modeling, Digital Twin enables dynamic system representa-

tion and predictive analytics, and XR facilitates visualization and interaction within oper-

ational environments. However, their convergence into interoperable, lifecycle-consistent 

infrastructures remains limited. With reference to RQ2, the main barriers do not arise from 

isolated technological immaturity, but from cross-domain integration gaps. These include 

semantic misalignment between building-oriented (IFC) and grid-oriented (CIM) ontolo-

gies, fragmented standard adoption, inconsistent data governance and naming practices, 

limited validation of dynamic model fidelity, and the weak coupling of XR interfaces with 

DT analytical cores. The implementation evidence discussed in Section 5 reinforces these 

findings. With reference to RQ3, the analyzed cases show that BIM–DT–XR integration is 

technically feasible at pilot scale, but that its transition toward lifecycle-aware ecosystems 

still depends on persistent identifier management, controlled synchronization workflows, 

and stronger governance of data continuity across platforms and phases. 

Collectively, the taxonomic classification, comparative analysis, implementation ev-

idence, integration gap synthesis, and research agenda indicate that component-level 

technological maturity has advanced more rapidly than ecosystem-level interoperability. 

For electrical systems—where safety-critical maintenance, protection coordination, and 

interaction with power networks impose stringent requirements—this gap has direct op-

erational consequences. 

This study also has some limitations that should be acknowledged. First, as a struc-

tured review, it is intended to provide a critical and synthesis-oriented interpretation of 

BIM–DT–XR convergence rather than an exhaustive protocol-driven survey of the litera-

ture. Second, the implementation evidence discussed in Section 5 is based on two pilot 

contexts—an industrial electrical facility and a tertiary smart-building case—which are 

useful for testing recurring integration issues but do not cover the full range of electrical 

maintenance conditions encountered in more complex environments. Third, these cases 

are not presented as controlled performance-validation experiments and therefore do not 

support statistically generalizable claims regarding task-time reduction, error reduction, 

or operational safety gains. 

From a practical perspective, three priorities emerge. First, persistent identifiers and 

consistent nomenclature are needed to ensure asset traceability across BIM, DT, and op-

erational platforms. Second, BIM models must incorporate maintenance-relevant seman-

tic attributes to support predictive and lifecycle-oriented uses beyond design and con-

struction. Third, XR should evolve from a standalone visualization layer to a closed-loop 

operational interface connected to DT-based analytical workflows. 

Overall, effective electrical system lifecycle management depends less on the isolated 

advancement of BIM, DT, or XR than on the ability to ensure continuity between data 

structures, analytical models, and user interfaces across lifecycle phases. Future progress 

therefore requires not only further technological development, but also stronger advances 

in semantic alignment, lifecycle governance, validation, and scalable integration frame-

works. 
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The following abbreviations are used in this manuscript: 

AR Augmented Reality 

BIM Building Information Modeling 

CAFM Computer Aided Facility Management 

CIM Common Information Model 

CPS Cyber-Physical Systems 
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DGA Dissolved Gas Analysis 

DLR Dynamic Line Rating 

DT Digital Twin 
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IoT Internet of Things 

mRID Master Resource Identifiers 

PMUs Phasor Measurement Units 

SCADA Supervisory Control and Data Acquisition 

SDTSs System of Digital Twin Systems 

VR Virtual Reality 
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XR Extended Reality 
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