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H I G H L I G H T S

• Building and grid digital twins operate in isolation despite critical interdependencies.

• Digital twins evolve from monitoring to autonomous district energy management.

• Proposed framework bridges semantic, temporal, and sequential planning gaps through integration.

• Framework transforms reactive grid expansion into proactive building-grid co-evolution.
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A B S T R A C T

Districts face dual pressures: reducing carbon emissions while managing surging electricity demand from electrifi­

cation and urban growth. Traditional grid expansion cannot match the speed and complexity required for modern 

energy transitions. District energy transitions require connecting different scales, from individual buildings to 

grid networks, and different timeframes, from daily operations to long-term planning. Despite growing interest 

in Digital Twin (DT) for energy management, their application to integrated district-level energy transitions re­

mains poorly understood. This review investigates how DTs can enable district energy transitions by examining 

their applications in built environment and energy infrastructure at district level, analyzing implementations 

across Positive Energy Districts (PEDs), microgrids (MGs), and related district energy paradigms. DT components 

(physical models, core capabilities, data infrastructure, and functional evolution) are investigated to assess their 

integrative potential. The analysis reveals three disconnects: building and grid systems are modeled separately 

despite inherent interdependencies; operational insights rarely inform infrastructure planning; and intervention 

strategies overlook sequential dependencies. To address these gaps, we propose an integrated framework advanc­

ing DTs toward district energy planning. The framework bridges semantic, temporal, and sequential planning 

through: knowledge graph architectures enabling cross-domain data integration, coupled simulation pipelines 

capturing building-grid interactions, and reinforcement learning optimizing intervention sequences. Unlike opti­

mization that fixes strategies upfront, sequential planning accommodates technology emergence and regulatory 

shifts inherent to multi-decade transitions. This integrated approach transforms DTs from domain-specific moni­

toring tools into strategic planning platforms where coordinated building improvements and distributed energy 

resources defer costly grid expansions while accelerating district decarbonization.

1 . Introduction

1.1 . The energy transition imperative

The global energy sector is undergoing a fundamental transfor­

mation towards sustainability, driven by urgent climate imperatives 

and international decarbonization commitments. This shift is char­

acterized by three key trends: Decarbonization, Digitalization, and 

Decentralization (DDD) [1–3]. With cities consuming 75% of global en­

ergy and generating 70% of emissions [4], international targets—55% 

EU emission cuts by 2030 and increased renewable energy share toward 
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Abbreviations

AI Artificial Intelligence

API Application Programming Interface

BIM Building Information Modelling

CIM Common Information Model

CityGML City Geography Markup Language

DDD Decarbonization, Digitalization, and Decentralization

DERs Distributed Energy Resources

DT Digital Twin

EVs Electric Vehicles

GIS Geospatial Information Systems

HVAC Heating, Ventilation, and Air Conditioning

IFC Industry Foundation Classes

IoT Internet of Things

KPIs Key Performance Indicators

MGs Microgrids

ML Machine Learning

nZED Near Zero Energy Districts

OGC Open Geospatial Consortium

PEDs Positive Energy Districts

PV Photovoltaic

RESs Renewable Energy Sources

RL Reinforcement Learning

SCADA Supervisory Control and Data Acquisition

UML Unified Modeling Language

2050 [5,6]—demand urgent district-scale action. Decarbonization 

focuses on increasing adoption of Renewable Energy Sources (RESs) 

alongside technologies such as distributed generation, Electric Vehicles 

(EVs), and energy storage [2,7]. This transformation includes grid de­

centralization to enhance resilience, requiring coordinated solutions at 

district, urban, and building levels [8–11].

1.2 . Districts as the critical scale

Districts represent a critical scale for energy transformation—large 

enough to achieve meaningful impact yet small enough to enable coordi­

nated action among stakeholders. At this scale, the interactions between 

individual buildings, shared infrastructure, and local energy resources 

create both complexity and opportunity for optimization [12].

1.3 . The challenge: coordinating district energy planning

Managing growing energy demand presents major challenges at the 

district scale, where both building operations and grid infrastructure 

must evolve to support decarbonization. Traditional grid expansion 

through transformers, cables, and substations remains costly and time-

intensive. Meanwhile, building energy management has advanced sig­

nificantly with sophisticated monitoring and control technologies. The 

complex interplay between building energy systems and grid infrastruc­

ture calls for new approaches that can support coordinated planning 

across different time horizons—from real-time operations to long-term 

strategic investments [13–18].

Various district-level energy transition concepts have emerged as 

strategies for achieving sustainability and decarbonization goals at 

intermediate scales between individual buildings and city-wide sys­

tems [19–22,47]. These approaches face challenges including renew­

able energy integration and grid stability due to variable generation 

[23]. Addressing these coordination challenges requires platforms ca­

pable of bridging building operations, grid infrastructure, and strategic 

planning—precisely the integration capabilities that Digital Twin (DT) 

technologies promise.

1.4 . Digital twins as potential integrative platform

Digitalization, a pillar of the DDD movement, supports the establish­

ment of sustainable districts by enabling the collection and analysis of 

extensive data sets. This, in turn, facilitates real-time monitoring, pre­

dictive analytics, and scenario planning [24]. Among emerging digital 

technologies, DTs represent a paradigm shift from static modeling to 

dynamic, data-driven representations that evolve with their physical 

counterparts. Exploring how DT technologies can support district-level 

energy transitions calls for systematic investigation of their applica­

tions across energy system components and coordination requirements 

[25,26,76].

Recent scholarly efforts have examined DTs in energy contexts from 

distinct disciplinary perspectives. Building-focused reviews [20,27] 

identified four application clusters—design optimization, occupant com­

fort, operation/maintenance, and energy consumption simulation—with 

Building Information Modelling (BIM)-Revit-Internet of Things (IoT) 

integration dominating but limited multi-building coordination. Grid-

focused reviews [28,29] documented sophisticated Supervisory Control 

and Data Acquisition (SCADA)-enhanced simulation and power flow 

analysis capabilities, yet consistently treated buildings as aggregated 

load nodes rather than examining building-grid interactions. Urban 

reviews [30–32] attempted broader integration: taxonomies tracking 

BIM-to-DT evolution found most implementations concentrated in mid-

level autonomy (BIM-IoT integration), while lifecycle analyses revealed 

energy applications remained isolated within single phases rather than 

spanning design through operations.

What remains unaddressed is systematic examination of how 

domain-specific DT capabilities could enable coordination across build­

ing and grid systems, how operational insights could inform strategic 

infrastructure planning, and how intervention strategies could ac­

count for sequential dependencies where building retrofits reshape 

grid requirements. This gap—between domain-specific sophistication 

and cross-domain coordination—motivates the present review’s focus 

on district-level energy transitions where buildings and grids must 

co-evolve rather than optimize independently.

1.5 . Research objectives and contribution

Addressing the integration gap identified above, this study advances 

understanding of DT applications for district energy transitions. While 

existing reviews examine DTs within specific domains—such as building 

performance or grid operations—separately, few systematically inves­

tigate coordination opportunities or propose frameworks to enable 

cross-domain planning. This review addresses this gap through three 

interconnected objectives:

1. Analyze DT implementations across district energy domains to 

identify patterns in current applications and integration ap­

proaches.

2. Synthesize technical requirements from emerging solutions: 

knowledge graphs, coupled simulation, and sequential optimiza­

tion.

3. Propose an integrated framework to enable coordinated district 

energy planning across organizational and technical boundaries.

The proposed framework provides both conceptual architecture and 

technical guidance, structured around five integrated components—

from physical infrastructure through data systems to stakeholder 

interfaces. Rather than requiring wholesale replacement of existing 
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domain-specific tools, the framework identifies integration mechanisms 

that enable specialized capabilities to inform cross-domain planning.

Unlike prior domain-specific reviews, this study examines DT appli­

cations across multiple district energy concepts to reveal insights not 

visible within single-domain analyses.

1.6 . Paper organization

The remainder of this paper is structured as follows. Section 2 es­

tablishes conceptual foundations for DTs and district energy transitions, 

providing context for the analysis that follows. Section 3 describes the 

systematic review methodology employed to identify and analyze rele­

vant literature. Section 4 presents network analysis revealing structural 

patterns in the research landscape. Section 5 provides detailed examina­

tion of DT components, technologies, and applications across building 

and grid domains, documenting current capabilities. Section 6 synthe­

sizes these findings into an integrated framework addressing identified 

coordination gaps. Section 7 discusses implementation challenges, re­

search limitations, and implications for practitioners and researchers. 

Section 8 concludes by summarizing key contributions and future re­

search directions.

2 . Background

2.1 . Digital twin fundamentals

DT concepts have evolved across multiple domains, resulting in vary­

ing definitions that reflect different application contexts and priorities. 

Grieves established the foundational DT concept as a comprehensive vir­

tual model integrating physical system characteristics, real-time sensor 

data, historical data, and future prediction capability [26,33]. In energy 

management contexts, DTs integrate advanced modeling with data an­

alytics, offering capabilities including real-time monitoring, simulation, 

scenario planning, and optimization [2]. Different research communi­

ties emphasize distinct aspects: high-fidelity virtual representations with 

bidirectional data exchange enabling monitoring and prediction [29], 

virtual models supporting simulation and decision support across build­

ing and grid systems [20], and multi-physics simulation approaches 

combining physics-based models with sensor data [2]. These definitions 

share core elements: virtual models of physical systems, bidirectional 

data flows, and capabilities spanning monitoring to predictive analysis.

For district energy applications, this study adopts a synthesized 

working definition: DTs are dynamic virtual representations of physi­

cal energy systems that maintain bidirectional data exchange, enabling 

real-time monitoring, predictive simulation, and scenario evaluation to sup­

port decision-making across organizational and technical boundaries. This 

definition encompasses both operational monitoring capabilities and 

strategic planning applications essential for district energy transitions. 

Having established what DTs are, we now examine the district energy 

planning contexts they must support.

2.2 . District energy transition: planning contexts

District energy transitions involve coordinating multiple technolo­

gies and interventions across different spatial and temporal scales [2,7,

13,14]. Various conceptual frameworks have emerged for district-level 

energy transitions, each emphasizing different aspects of sustainability, 

reliability, and energy balance [19–21,29].

Planning at the district scale spans temporal horizons from op­

erational management to strategic infrastructure investment, and in­

volves diverse stakeholders with distinct objectives and decision con­

texts [10,12,13,16]. Strategic horizons spanning 20–40 years face irre­

ducible uncertainty—building stock turnover, climate impacts, policy 

evolution—rendering optimization’s fixed-objective paradigm inade­

quate. Sequential frameworks treat planning as continuous adaptation 

rather than one-time solution.

Understanding how DT technologies are being applied across these 

district-level energy transition concepts motivates the systematic review 

described in the following section.

3 . Article review methodology

3.1 . Research design

This systematic review examines how DTs are being applied to 

support district-level energy transitions.

The investigation is guided by the following question:

1. How are digital twin technologies being applied across different 

scales and timeframes to support district-level energy transitions, 

and what framework can synthesize these applications to guide 

future implementations?

The review adopts an exploratory approach, examining DT ap­

plications across district-level energy transition concepts. This scope 

enables understanding how DTs function within different contexts and 

identifying opportunities for coordinated approaches (Fig. 1).

3.2 . Search strategy

Systematic literature searches were conducted in Web of Science and 

Scopus on January 15, 2024, covering publications from 2015 through 

2023. The search strategy combined DT terminology with energy man­

agement and district-level terms, as detailed in Fig. 2. Complete Boolean 

search strings combined core terms (“digital twin” OR “Virtual Model” 

OR “Cyber-Physical Model” OR “Digital Simulation”) with energy man­

agement terms (energy AND [manage* OR Communit* OR decentralized 

OR balance* OR microgrid]) and district-level terms (Positive OR zero 

OR Neutral AND Energy AND [District OR Block OR Neighbour OR 

Building]). Searches were limited to peer-reviewed publications in 

English without geographic restrictions. Fig. 2 illustrates the complete 

search and selection process following PRISMA guidelines.

3.3 . Screening and selection

Following PRISMA guidelines, articles underwent multi-stage screen­

ing. Title screening assessed DT-energy relevance (N = 283 retained). 

Abstract screening evaluated district-scale focus, DT implementation, 

and energy management applications (N = 168 retained). Full-text 

screening required explicit DT frameworks, district-level system focus, 

energy transition relevance, and sufficient technical detail (N = 85 re­

tained). An April 2025 update included recent 2024–2025 publications 

(Fig. 2). Articles were included if they: (1) addressed energy transi­

tion concepts or energy management in buildings, grids, or districts; (2) 

presented DT development, implementation, or applications for energy 

systems; and (3) provided sufficient technical detail on DT architecture 

or functionality at district scale. Forward and backward citation search­

ing of key articles, combined with an April 2025 update search for recent 

publications, identified approximately 54 additional studies, yielding a 

final corpus of 139 articles for systematic review. Including method­

ological references and supporting literature, the complete bibliography 

comprises 139 references.

3.4 . Analysis framework

Systematic analysis was performed using Atlas.ti software [34]. 

The analysis framework evolved through iterative coding, beginning 

with preliminary themes based on the research question and refin­

ing categories as patterns emerged from the literature. Complementing 

qualitative analysis, bibliometric network examination of keyword co-

occurrence patterns and terminology revealed thematic clusters and 

research community structures within the corpus.
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Fig. 1. Research framework overview.

Given the heterogeneous nature of included studies (simulation 

studies, framework proposals, case implementations, tool demonstra­

tions) and the review’s focus on synthesizing technical approaches 

rather than evaluating intervention effectiveness, quality considerations 

were embedded in inclusion criteria requiring peer-reviewed publica­

tions with explicit DT frameworks, district-level focus, and sufficient 

technical detail.

4 . Bibliometric network analysis

4.1 . Community detection in keyword co-occurrence networks

4.1.1 . Network construction and community detection

Two complementary keyword co-occurrence networks were con­

structed following established bibliometric methodologies [35,36]: one 

from titles and abstracts using Term Frequency-Inverse Document 

Frequency vectorization to capture comprehensive semantic content, 

and another from author-assigned keywords to validate thematic struc­

ture [37]. Keywords were normalized using a thesaurus approach to con­

solidate variants (e.g., “optimisation” → “optimization”, “smart grids” →
“smart grid”).

Community detection employed the Leiden algorithm [38] with 

RBConfigurationVertexPartition. Resolution parameter selection (𝛾 = 

0.5–2.0) optimized modularity [39], community count (4–10), and size 

distribution balance (largest community <30%) (Fig. 3). For abstracts, 

𝛾 = 1.0 yielded optimal results (10 communities, Q = 0.5134, largest 

= 15.0%); for keywords, 𝛾 = 1.1 proved optimal (5 communities, Q 

= 0.5533, largest = 32.8%). Stability validation using Adjusted Mutual 

Information [40] confirmed AMI > 0.7 across 𝛾 = 0.8–1.2, indicating 

robust thematic structure.

4.1.2 . Identified research communities

Keyword-level analysis identified five broad thematic clusters: 

(1) Digital Twin Technology & Smart Systems, (2) Smart Grid 

& Renewable Energy Systems, (3) Building & Community Energy 

Management, (4) Positive Energy Districts, and (5) Information 

Modeling & Interoperability. Abstract-level analysis revealed ten 

more granular communities: Distributed Energy & Digitalization, 

Artificial Intelligence (AI)/Machine Learning (ML)-Driven Renewable 

Optimization, Microgrid & Power Systems, Digital Twins & Semantic 

Integration, Building Energy Performance, Urban Energy Modeling & 

Geospatial Information Systems (GIS), Positive Energy Districts, District 

Monitoring & Control, Climate Impact & Emissions, and Knowledge 

Graphs & Planning. Community labels were assigned by the authors 

based on the dominant themes and keywords within each cluster.

The two analysis levels reveal consistent patterns with inter­

nal differentiation (Figs. 4 and 5). Broad keyword clusters frag­

ment into more specialized abstract-level communities, revealing 

how major research directions contain distinct sub-specializations 

in modeling approaches, operational implementation, and strategic

planning.

4.1.3 . Community connectivity patterns

Network analysis revealed limited connectivity between commu­

nities. While some communities showed high internal cohesion (e.g., 

Positive Energy Districts: 0.667), external connections remained sparse, 

with most communities connecting to few keywords in other do­

mains. Shared keywords primarily involved generic terms rather than 

domain-specific technical vocabulary, suggesting limited cross-domain 

integration in current research.
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Fig. 2. The flowchart shows the search and inclusion strategy used in the literature review.

4.1.4 . Hierarchical clustering analysis

Hierarchical clustering revealed three meta-groups (Fig. 6) [41]. 

Communities were grouped by shared focus: physical infrastructure 

and spatial planning, building-district implementation, and operational 

control with algorithmic optimization. Meta-groups exhibited weak 

inter-cluster connections, indicating limited integration across these 

broader research orientations.

4.1.5 . Discoveries: three fundamental patterns

Network analysis revealed three patterns that illuminate the current 

state of DT research across district energy domains.

The digital twin paradox. Despite frequent reference across the 

network, “digital twin” appears within a community exhibiting low 

internal coherence, connecting primarily through generic terms (“data,” 

“model,” “system”) rather than domain-specific vocabulary. The term 

carries different meanings across domains: BIM-enhanced visualiza­

tion (buildings), SCADA-enhanced simulation (grids), and data platform 

architecture (integration), reflecting different domain priorities.

Technology abstraction without integration architecture.

Semantic technologies—knowledge graphs, ontologies, and information 

modeling—show high internal coherence but limited connections 

to building and grid application domains. Similarly, the Knowledge 

Graphs & Planning community maintains minimal engagement with 
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Fig. 3. Resolution parameter optimization for community detection. Optimal resolution marked with red star.
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Fig. 4. Combined keyword co-occurrence network showing all identified communities. Node size represents keyword frequency, edge width indicates co-occurrence 

strength between keywords. Network filtered to include only edges with weight ≥2 for clarity.

operational implementation communities despite their theoretical 

capability to bridge heterogeneous data sources. This pattern suggests 

that these technologies have developed as research domains without 

yet achieving widespread deployment in district energy applications.

Goal-oriented and method-oriented research in parallel. Two 

patterns reveal systematic separation between outcome-focused and 

technique-focused research. The Positive Energy Districts community 

shows exceptional internal cohesion with rich outcome vocabulary 

but limited connections to technical implementation communities. 

Conversely, the Microgrid & Power Systems community focuses on 

technical capabilities (scheduling, resilience, control, power flow) with 

minimal engagement with sustainability outcomes or district-scale goals. 

The Climate Impact & Emissions community, though addressing environ­

mental justification for district energy transitions, maintains separation 

from technical implementation communities.

4.1.6 . Interpretation: understanding the barriers

These structural patterns admit multiple interpretations, each illu­

minating different aspects of why integration remains elusive despite 

substantial research investment.

The maturity gradient problem. Communities exhibit dramatically 

different maturity levels, creating mismatched incentives for integra­

tion. High-density communities (Positive Energy Districts: 0.667; Smart 

Grid & Renewable Energy Systems: 0.309) represent established research 

traditions with standardized methodologies, shared benchmarks, recog­

nized expertise hierarchies, and accumulated domain knowledge. This 

depth enables sophisticated within-domain progress but creates inte­

gration barriers: specialized vocabularies become opaque to outsiders, 

review processes favor incremental advances, and researchers opti­

mize for within-community recognition. Consequently, no community 

is positioned to lead integration efforts.

Disciplinary boundaries and professional silos. Detected com­

munities align with traditional academic disciplines and professional 

domains—building science, electrical engineering, urban planning, com­

puter science—each maintaining separate institutional structures includ­

ing degree programs, journals, and career pathways. These structures 

create disincentives for integration work requiring fluency across mul­

tiple domains.

Incompatible problem framing. Different communities concep­

tualize “district energy transition” through fundamentally different 

lenses emphasizing orthogonal dimensions. Building-focused research 

frames the problem as energy demand reduction: optimizing envelopes, 

Heating, Ventilation, and Air Conditioning (HVAC) systems, and oc­

cupant behavior to minimize consumption while maintaining comfort. 

Success metrics involve annual energy use intensity, lifecycle costs, 

and thermal performance. Grid-focused research frames the problem 
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Fig. 5. Community structures identified by Leiden algorithm. (A) Ten communities detected in abstract-based network. (B) Five communities detected in keyword-

based network. Colors distinguish different research communities.
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Fig. 6. Hierarchical clustering dendrogram of abstract-level communities based on inter-community connection strengths using Ward’s linkage method.

as reliability maintenance: managing voltage regulation, frequency con­

trol, and stability amid variable renewable generation. Success metrics 

involve power quality indices, outage duration, and stability margins. 

These frames are not contradictory—buildings must reduce consumption 

AND grids must maintain stability—but they are orthogonal, empha­

sizing different aspects of the same physical system. Without explicit 

reconciliation, researchers naturally pursue their own frame’s objec­

tives, developing terminology and methods specific to their problem 

definition rather than seeking common ground.

The integration research dilemma. Integration research faces a 

fundamental coordination problem revealed by network structure. To 

demonstrate value, integration technologies (digital twins, knowledge 

graphs, semantic models) must solve problems important to application 

domains. But application domains define problems using their own 

terminology and methods, which integration researchers often lack 

expertise in. Integration research focuses on tools (data pipelines, on­

tologies) without engaging problems (coordinating building retrofits with 

grid planning), explaining both the Digital Twin community’s low inter­

nal density and Knowledge Graphs’ isolation from application domains.

5 . Digital twin components for district energy transition

Building on the conceptual foundations established in Section 2, 

this section examines how DT architectures can support district energy 

transitions.

Commonly, a DT is characterized by three primary elements: a phys­

ical model—the physical twin that the digital twin seeks to replicate, a 

virtual model, and the linkage between the two, which can be data ex­

change, analysis, and communication platforms [42–44]. As it evolves 

and based on the applications of DT, more elements or components are 

introduced [45,46].

In this study, five components are considered as follows: 1) Physical 

world 2) DT 3) Data Infrastructure 4) Analysis & Simulation Engine 

5) Interactive Stakeholder Gateway. In Fig. 7, the interactions between 

these components are shown.

The Physical World component—encompassing district energy in­

frastructure and conceptual frameworks—forms the foundation for DT 

architecture, as examined in Section 5.1.

5.1 . Two paradigms in district energy transitions

District-level energy transitions manifest through various conceptual 

frameworks, each with distinct origins and priorities. Two prominent 

paradigms emerged from the literature: microgrids and Positive Energy 

District (PED)-type approaches [47].

Microgrids originate from electrical engineering perspectives, em­

phasizing grid architecture, power quality, and operational reliability 

[29,48]. They treat buildings as controllable loads within electrical 

networks, optimizing for grid stability and resilience [21]. Recent de­

velopments incorporate demand-side management and building HVAC 

systems as flexibility resources [49–51].

PED-type approaches—including Positive Energy Districts, Near-

Zero Energy Districts, and Zero Energy Communities—emerge from 

sustainable urban planning, prioritizing net-positive or net-zero energy 

balance through building performance improvements and renewable 

integration [19,52–56]. These approaches view the grid as infrastruc­

ture for energy exchange, focusing on building stock improvement and 

annual energy balance.

5.1.1 . Paradigm characteristics and origins

Examining Microgrids (MGs) alongside PEDs offers valuable insights, 

given their similarities in striving for energy autonomy and sustain­

ability within buildings and district settings. Table 1 compares key 

characteristics of microgrids and PED-type approaches across multiple 

dimensions, clarifying their distinct priorities and potential complemen­

tarities.

These distinctions shape DT development. Microgrid applications 

emphasize grid topology modeling and real-time control, while PED ap­

plications prioritize building physics modeling and strategic planning 

[71,72].
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Fig. 7. Key components in development of a framework for employing DT in district-level energy planning.

5.1.2 . Applications organized by paradigm

DT applications in energy management can be categorized by their 

paradigm alignment. Table 2 organizes applications from the reviewed 

literature according to primary focus area, revealing distinct application 

portfolios serving different objectives and stakeholder needs.

Applications align with paradigm priorities: PED-focused (urban 

planning, sustainability assessment [1,73,74]), MG-focused (power sys­

tems, predictive maintenance [21,22,69,78]), or cross-cutting (“Both”), 

which serve foundational functions bridging operational and strate­

gic objectives [29,53,79,85,86]. Benefits span operational, strategic, 

economic, and technical dimensions.

5.2 . Value propositions and benefits

The benefits realized through DT implementation reflect application 

priorities and paradigm alignment. Table 3 organizes benefits by type, 

showing how different value propositions serve distinct stakeholder 

needs and planning horizons.

Subsequent sections examine data infrastructure, functional evo­

lution, modeling and analysis methods, technology platforms, and 

implementation considerations for integrated planning.

5.3 . Economic viability of digital twin-enabled district coordination

Economic viability ultimately determines DT implementation fea­

sibility despite demonstrated operational and environmental benefits 

(Table 3).

Traditional distribution network reinforcement follows lumpy invest­

ment patterns, requiring large capacity additions carried out in costly 

increments with extended periods of underutilized capacity [12]. These 

investments recover costs through regulated rate increases regardless of 

utilization, offering limited flexibility as district requirements evolve. 

DT systems enable alternative pathways where distributed generation, 

storage, demand response, and energy efficiency serve as alternatives 

to grid capacity enhancement [12]. Beyond deferring physical infras­

tructure, DT implementations deliver maintenance cost reductions and 

enhanced decision-making capabilities across system lifecycles [2].

Empirical evidence demonstrates feasibility across multiple scales. 

At the building level, Kaewunruen et al. [79] showed DT-enabled 

evaluation achieving 6.76% energy demand reduction through 

BIM-based retrofit assessment, with investment requirements of 

£111,000–£446,000 yielding 23-year payback periods for integrated 

net-zero conversions in existing UK buildings. At the network scale, 

Poudineh and Jamasb [12] demonstrate coordination value through ISO 

New England’s capacity auction, where demand-side resources gener­

ated $24 million in ratepayer savings by reducing market clearing prices. 

Neumann et al. [52] provide systematic feasibility assessment method­

ologies for positive energy districts across Vienna urban typologies, 

incorporating economic, financial, legal, and regulatory aspects. Policy 

validation emerges through the U.S. Department of Energy’s $65 million 

allocation for “Connected Communities” transactive energy demonstra­

tions [14], signaling federal recognition of coordination approaches as 

credible pathways for district-scale transformation.

5.4 . Functional evolution and maturity

DT capabilities evolve across five functional levels, each enabling 

progressively sophisticated applications [20,46]:

1. Informative function: Provides basic information about the state 

of a system or component.

2. Diagnostic function: Offers insights into why certain states are 

occurring.

3. Predictive function: Anticipates future states and potential issues 

based on current and historical data trends.

4. Advisory function: Uses insights to recommend actions for achiev­

ing desired outcomes or preventing undesired ones.

Renewable and Sustainable Energy Reviews 234 (2026) 116872 

10 



A. Jalilzadeh, A. Rafiee, P. van Oosterom et al.

Table 1 

Comparison of microgrids and PED-type approaches*.

Category Microgrids PED-type approaches Similarities/differences

Primary origin Managing renewable energy intermittency and ensuring 

energy security. Modern concept emerged in 1990s 

[57–59]

Climate mitigation, decarbonization, and sustainable 

urbanization. Driven by European Union (EU) SET Plan 

Action 3.2 [20,47,52,60,61]

Diff: PEDs emerge from policy and 

climate targets; MGs from power 

system stability needs

Scale Localized power systems with capacities from few 

kilowatts to multiple megawatts. Electrical boundary 

defines scale [28,58]

Urban districts or neighborhoods with connected build­

ings. Upscales energy solutions from single-building to 

complex district level [19,20,55]

Diff: PED scale tied to geograph­

ical urban area; MG scale tied to 

electrical distribution boundary

Energy target Reliable power supply and resilience during outages 

[59,62]

Net positive energy balance and net zero greenhouse 

gas (GHG) emissions on annual basis [19,20,48]

Diff: PED mandates environmen­

tal targets with annual energy 

surplus; MG prioritizes electrical 

reliability and islanding capacity

Grid relationship Operates on-grid or isolated (island mode). Acts as sin­

gle controllable entity with seamless mode transitioning 

[29,59]

Active interaction with utility grid and District Heating 

Network (DHN). Types: Dynamic (bidirectional 

exchange), Virtual (external generation/storage), 

Autonomous (self-sufficient) [19,55,63,64]

Diff: MGs designed for isolated op­

eration ensuring resilience; PEDs 

manage annual surplus/deficit via 

predefined grid exchange

Time horizon Real-time scheduling and control due to renewable 

energy resource (RER) intermittency. Planning spans 

real-time to long-term expansion [29,57,65,66]

Annual energy accounting with seasonal variations. 

Life cycle planning considers Positive Energy Quotient 

(PEQ) Omega [20]

Diff: MGs emphasize rapid (sub-

second) response for stability; 

PEDs rely on annual energy flow 

summation

Key technologies Distributed Energy Resources (DERs), Battery Energy 

Storage System (BESS)/Energy Storage System (ESS), 

power electronic converters, control systems. IoT, 

AI/ML, and MODBUS protocols [22,49,59]

RESs, energy efficiency measures, ESS, EVs/Vehicle-to-

Grid (V2G), DHN, and Information and Communication 

Technology (ICT) integration [4,47,53,67]

Sim: Both use RESs and ESS with 

ICT/IoT. Diff: PED explicitly in­

corporates multi-carrier urban 

infrastructure

Control focus Reliable, secure, economic operation via hierarchi­

cal control (primary, secondary, tertiary). Frequency 

stability and voltage control prioritized [21,22,51,58]

Optimizing energy flow, resource sharing, and flex­

ibility across urban infrastructure via Smart Energy 

Management System (EMS) to meet annual goals 

[52,55,67]

Diff: MG control centers on elec­

trical stability and fast regulation; 

PED optimizes broader energy 

flexibility across urban systems

Planning priority Resilience, reliability, system stability, and operational 

cost minimization [59,62,68]

High energy efficiency, local RESs supply, system flex­

ibility optimization, and integrating urban, social, 

energy aspects [52,60,64]

Diff: PED framework is multi-

domain (urban, social, energy); 

MG framework primarily electrical 

power operation

Economic model Cost minimization and profitability via optimal schedul­

ing. Revenue through energy arbitrage and demand 

response (DR) programs. Peer-to-peer (P2P) trading 

model [59,62,69,70]

Cost savings via efficiency and local generation. Shared 

ESS deployment, open market participation, surplus 

energy sales. Energy Community cooperative models 

[4,58,63,67]

Sim: Both seek financial benefits 

via optimal energy management 

and RER maximization. Diff: 

PED uses community cooperative 

models; MG focuses on operator 

efficiency

Stakeholder priority Providing reliable, high-quality power to customers. 

Government, utilities, owners of critical facilities 

(military bases, hospitals, academic institutions) 

[59,62]

Ensuring social, economic, environmental sustain­

ability for all inhabitants. Citizens, local authorities, 

Transmission System Operators (TSOs)/Distribution 

System Operators (DSOs), developers. High priority on 

engagement and social justice [19,52,71]

Diff: PED integrates citizen welfare 

into core definition and metrics; 

MG prioritizes technical reliabil­

ity for critical loads and utility 

standards

Includes Positive Energy Districts, Near-Zero Energy Districts, and Zero Energy Communities

5. Autonomous function: The most advanced function, where the 

DT autonomously makes and implements decisions.

Application scales for DTs extend from elemental to enterprise lev­

els. In energy management, this ranges from sub-building components 

to individual buildings, districts, urban areas, and beyond (Fig. 8). At 

district scale, convergence of building operators, grid utilities, and ur­

ban planners creates both complexity and opportunity for integrated 

infrastructure decisions.

DT complexity increases with functional advancement and applica­

tion scale expansion. Current implementations in district energy man­

agement primarily demonstrate informative and diagnostic functions 

(levels 1-2), with emerging predictive capabilities (level 3). The pro­

gression toward advisory and autonomous functions (levels 4-5) remains 

largely theoretical at district scale, where coordination across multi­

ple stakeholders complicates automated decision-making. This review 

focuses specifically on district-level applications, examining capabili­

ties across these functional levels to identify pathways toward more 

sophisticated implementations.

5.5 . Data infrastructure and management

Effective data infrastructure forms the foundation enabling DT ca­

pabilities to support district energy transitions. This infrastructure must 

reconcile heterogeneous data sources operating across distinct temporal 

scales while preserving domain-specific semantics essential for decision-

making.

5.5.1 . Semantic differences between domains

Building and grid systems characterize energy flows through funda­

mentally different conceptual frameworks. Building models emphasize 

thermal performance—envelope characteristics, HVAC efficiency, and 

thermal zone interactions [106,107]. Grid representations focus on elec­

trical parameters—power flows, voltage profiles, and frequency stability 

[29,108]. These semantic differences manifest in data structures: build­

ings represented in Industry Foundation Classes (IFC) format contain 

geometric and thermal properties [87,98], while grid models charac­

terize buildings as aggregated load nodes [81,109]. Converting between 

these representations—translating thermal characteristics into electrical 

flexibility or mapping grid constraints to building operations—typically 

requires custom implementations. Semantic technologies offer poten­

tial approaches. SAREF ontologies provide domain-neutral vocabular­

ies, with SAREF4BLDG addressing building systems and SAREF4ENER 

capturing energy flexibility [42]. Knowledge graph architectures like 

Akroyd et al.’s Universal Digital Twin demonstrate multi-ontology in­

tegration, connecting OntoCityGML urban data with OntoPowerSys 

electrical representations through standardized SPARQL queries [103]. 

These implementations remain primarily research demonstrations, with 

widespread adoption not yet realized [20,98,110].
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Table 2 

Digital twin applications by domain and paradigm alignment.

Category Specific application Description Paradigm Refs

Urban devel­

opment and 

planning

Urban System Monitoring and 

Predictive Analysis

In-depth monitoring and predictive analytics for urban infrastructure, 

emphasizing preemptive actions to mitigate potential system failures.

PED [73]

Strategic Urban Development 

Planning

Leveraging DT for effective strategic planning, incident response, and 

pattern assessment in urban environments.

PED [74]

Methodological Approach in 

Urban Planning

DT for planning, research, virtual experimentation, and testing in 

urban development, focusing on digital, ecological, and energy 

transitions.

PED [1,75]

Infrastructure and 

construction

Smart City Optimization Utilizing sensor data for real-time monitoring to optimize city ser­

vices, urban living, and intelligent management and maintenance of 

civil infrastructures using DT.

Both [74]

Industry 4.0 and Construction 4.0 

Applications

Data-driven management of physical processes in industry and 

construction, featuring decentralized, self-learning mechanisms.

Both [53,76,77]

Technology 

integration

DT Interoperability Ensuring interoperability and secure sharing of models and data 

among different DT services.

Both [29]

Incorporation of Advanced 

Technologies

Integration of AI, IoT, cloud computing, 5G, Big Data, Blockchain, 

BIM, and City Information Modelling for enhancing urban environ­

ments.

Both [1]

Energy sector 

applications

Power System Operations and 

Smart Grids

DTs as virtual mirrors of power systems for enhancing demand-

side management, energy distribution efficiency, and integration of 

renewable energy sources into power grids using forecasting tools.

MG [78]

Urban sustainability and planning Support for climate adaptation and proactive planning in PEDs, 

assessing the impact of new strategies, aiding in construction 

decision-making, and reducing waste and inefficiency.

PED [20]

Near Zero Energy Districts (nZED) 

and battery energy storage systems

Simulation of renewable energy integration into districts, aiding 

in the transformation toward nZEDs, and assessing the health and 

efficiency of batteries in MGs.

Both [21,53,79]

Predictive maintenance and 

optimization in MGs

Using DTs for forecasting potential failures and enhancing MGs op­

erations for planning, maintenance, control, fault diagnosis, and 

real-time monitoring.

MG [21,22,69]

Innovative control systems and 

energy sector revolution

Development of advanced automated control systems for reducing 

manual interventions, connecting digital platforms to real systems for 

improved energy system management, and promoting sustainability.

MG [2,69,80]

Energy man­

agement and 

optimization

Energy System Management and 

Urban and District Planning

Development of DT models for energy systems in smart cities, includ­

ing City Information Modelling, and BIM-based toolkit for building 

renovation and urban-scale building energy modeling.

PED [73,81,82]

Renewable energy optimization 

and grid and MGs operations

Modeling renewable energy systems, optimizing Photovoltaic 

(PV) system and wind turbines installation, real-time DT for grid 

operations, and management of battery energy storage systems.

MG [83,84]

Energy demand response and 

simulation, forecasting

Distributed energy management strategy, demand-side management 

in smart MGs, simulation of energy performance, and forecasting of 

renewable energy sources.

Both [85,86]

Sustainability, Environmental 

Impact and Decision Support, 

Optimization

Enhancing sustainability in smart buildings, designing energy-resilient 

neighborhoods, decision-making support for energy systems, and 

multi-objective optimization in HVAC systems.

PED [87,88]

Innovative Energy Solutions Development of a metaverse in the Energy Internet, application of 

AI, IoT, and DT technologies in campuses, and implementation of 

innovative energy management models.

Both [89,90]

5.5.2 . Temporal coordination across planning horizons

Energy systems operate across nested temporal scales from 

sub-second grid regulation to multi-decade infrastructure planning

[12,87,108]. Data architectures typically optimize for specific 

timescales—SCADA systems for real-time grid stability, smart me­

ters for operational dispatch, and building simulations for long-term 

planning [29,109]. Building HVAC optimization yields operational 

efficiency improvements [87], yet connecting operational patterns 

to long-term infrastructure strategies remains uncommon. Strategic 

planning typically projects demand using historical trends while 

building evolution models operate separately [111]. Linking these 

temporal scales would require preserving sufficient operational detail 

while enabling meaningful decade-scale projections—a data architec­

ture capability that implementations identify as necessary but rarely 

demonstrate systematically [112,113].

5.5.3 . Standards within and across domains

Each domain has developed mature standards reflecting opera­

tional priorities. Building domains widely adopt IFC for geometric 

representation and system specifications [87,98], City Geography 

Markup Language (CityGML) for 3D urban models [106], and vari­

ous formats for energy simulation exchange. Grid operations rely on 

Common Information Model (CIM) (IEC 61,970/61,968) for topol­

ogy and equipment representation [114]. Geospatial frameworks pro­

vide spatial context through OGC standards—WFS for vector data, 

SensorThings Application Programming Interface (API) for IoT streams 

[106,115].

These within-domain standards achieve widespread use and enable 

effective data exchange among domain specialists. Cross-domain coordi­

nation presents different challenges. Santhanavanich et al. demonstrate 

spatial data infrastructure connecting CityGML building models with 

SensorThings API energy data streams for district-scale analysis [106]. 

BIM-GIS integration reveals how geography influences energy flows 

and infrastructure constraints [9,43]. Process modeling through Unified 

Modeling Language (UML) captures system evolution—how building 

retrofits propagate through load profiles and grid impacts [103,114].

Semantic alignment between standards remains limited despite var­

ious approaches. Bjornskov and Jradi [42] show SAREF4BLDG enables 
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Table 3 

Benefits of integrating digital twins in the energy sector.

Benefit type Specific benefit Description Refs

Operational excellence Grid Resilience DTs contribute to the stability and reliability of energy grids by facilitating advanced simu­

lation and analysis, thereby enhancing the resilience of energy systems to fluctuations and 

disruptions.

[58,91,92]

Forecasting, Simulation DTs provide capabilities for accurate forecasting, scenario modeling and what-if analyses, 

crucial for efficient operation and strategic planning.

[93,94]

Data-Driven Decision Making Equipping professionals with the tools for proactive decision-making, DTs enable the optimiza­

tion of system and network operations through data-driven insights, including the prediction 

of system failures.

[76,95]

Building Operations DTs, in conjunction with other digital technologies, streamline building operations. They 

address and overcome the limitations of traditional approaches, facilitating seamless 

management practices.

[96]

Strategic planning Decision Making, Planning DTs support integrated decision-making that validates long-term infrastructure plans against 

operational constraints and evaluates intervention sequences across temporal scales.

[1,95]

Non-Wire Alternative Evaluation Enables systematic techno-economic comparison of building retrofits, Distributed Energy 

Resources (DERs), and demand response against traditional grid upgrades, revealing 

cost-effective deferral opportunities.

[12]

Building Energy Assessment DTs significantly improve the precision of energy assessments for buildings. By integrating 

with other technological solutions, DTs offer detailed insights into energy efficiency, enabling 

more accurate evaluations and informed decision-making.

[97–99]

Economic value Cost Reduction DTs lead to notable reductions in operating costs, thereby achieving energy savings and 

improving the economic viability of energy systems.

[89,93,100]

Market Innovation DTs provide the foundation for new-age market structures, especially for distributed RESs and 

enable the emergence of efficient energy market structures.

[20,42]

Sustainability & 

environment

Environmental Impact Supporting the goals of decarbonization and the integration of RESs, DTs play a significant 

role in advancing towards low-carbon objectives.

[43,79]

Renewable Energy Optimization By modeling and predicting the behavior of renewable energy systems, DTs are instrumental 

in their integration and optimization, ensuring effective use of renewable resources.

[101]

Smart Urban Development At the forefront of smart urban development, DTs contribute to the intelligence and evolution 

of urban infrastructure. They support real-time decisions on energy performance, pushing the 

boundaries of what’s possible in smart buildings and cities.

[74,102]

Technical integration Interoperability Enhancing the coordination and integration of energy assets, DTs support cross-domain 

interoperability and are essential for comprehensive urban energy planning.

[75,103]

Security, Resilience DTs improve situational awareness and ensure the resilient operation of energy management 

systems.

[1]

Innovation Future Development Drives future advancements in energy systems and supports the evolution of innovative energy 

management models.

[44,104,105]

Fig. 8. Mapping the evolution and potential of DT functions in energy management.

“almost direct mapping between IFC and SAREF,” yet components like

s4bldg:SpaceHeater lack behavioral models needed for simulation. 

Akroyd et al. [103] federate OntoCityGML with OntoPowerSys through 

SPARQL queries, enabling cross-domain traversal from building sys­

tems to grid infrastructure. Dabirian et al. [75] employ central data 

models with Import/Export Factories as interface layers, prioritizing 

implementation practicality. Extending CIM for distributed energy sys­

tems reveals ontology inconsistencies requiring continuous harmoniza­

tion with proprietary systems [116].

These cross-domain implementations remain demonstrations rather 

than established practice. Smart meter infrastructure, while serving 

multiple purposes [106,117], typically operates within single domains.
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5.5.4 . Data quality and governance requirements

Application requirements shape data precision needs: revenue-grade 

metering requires ±0.5% accuracy, while building energy monitoring ac­

cepts ±2–5% for operational insights [49,107]. Urban-scale implementa­

tions balance computational efficiency with modeling fidelity when pro­

cessing thousands of buildings [115,118]. Archetype-based approaches 

enable district analysis when detailed building data remains unavail­

able [118,119]. Reconciling competing stakeholder interests presents 

fundamental governance challenges. Municipalities, private operators, 

and prosumers maintain distinct priorities regarding data ownership, 

curation, quality, and liability—questions that remain active research 

areas [103]. Distributed architectures offer a pathway forward, enabling 

data owners to retain hosting control while defining granular access 

rights [103]. This approach becomes increasingly critical given esca­

lating security threats: cyberattacks on European energy systems dou­

bled between 2020–2022 [120]. Beyond external threats, cloud-based 

architectures introduce API vulnerabilities and access management com­

plexities [74,75]. Privacy protections remain essential when combining 

building-level sensor streams with grid operational information, partic­

ularly for prosumer consumption patterns [10,58,74]. Blockchain-based 

data management offers promising mitigation through enhanced trace­

ability and tamper-resistant records, increasing trust for authorized 

information sharing [29]. These governance challenges manifest differ­

ently across planning horizons. Strategic planning can leverage building 

archetypes and simulated data to address privacy concerns, while opera­

tional deployment demands secure historical consumption data that may 

be incomplete or proprietary. Knowledge graph architectures within DT 

frameworks enable federated queries across distributed data sources, 

preserving ownership boundaries through semantically explicit access 

controls. As state-sponsored cyberattacks intensify, such distributed gov­

ernance models become essential for maintaining operational security 

while enabling cross-domain coordination.

5.5.5 . Integration requirements

Three integration requirements emerge: semantic translation be­

tween thermal and electrical representations, temporal aggregation 

preserving operational detail while enabling long-term analysis, and 

coordination mechanisms building on existing standards rather than 

requiring replacement. Current implementations demonstrate sophisti­

cated capabilities within individual domains. Cross-domain coordina­

tion frameworks that systematically address these requirements rep­

resent an area where technical demonstrations exist but widespread 

practice has not yet developed. The challenge appears less technical than 

organizational—requiring coordination among stakeholders who cur­

rently operate with distinct priorities, timescales, and success metrics.

5.6 . Modeling and analysis methods

5.6.1 . Physics-based and data-driven energy modeling

Energy modeling employs two complementary paradigms. Physics-

based models use first-principles equations for building thermal 

dynamics, HVAC systems, and power flow analysis, providing mech­

anistic understanding but requiring detailed physical parameters and 

enabling prediction under conditions beyond historical experience 

[20,109,117,121,122]. Data-driven models leverage machine learning 

for forecasting, occupancy detection, and load prediction, offering 

adaptive learning from operational data without explicit physics 

representation [20,24,117,123].

Building-focused applications couple thermal simulation with con­

trol optimization, while grid-focused implementations integrate power 

flow analysis with operational monitoring [29,109,122]. Hybrid frame­

works combining both paradigms prove effective for strategic planning, 

where long-term evolution requires mechanistic understanding while 

operational patterns inform model calibration [2,109]. Co-simulation 

interfaces enable coupling between domain-specific tools, allowing 

evaluation of building improvements’ effects on grid infrastructure 

across timescales [20,109]. Building thermal models achieve strong 

predictive accuracy when validated against utility data, though per­

formance degrades in rapidly electrifying districts where technology 

adoption alters load patterns [3,109].

Renewable generation modeling combines resource characterization 

with stochastic forecasting [7,83]. Grid integration analysis couples gen­

eration profiles with power flow models, revealing how distributed 

renewable injection creates reverse power flows challenging tradi­

tional planning [3,109,124]. Storage system models optimize renewable 

utilization through learning-based approaches [20,67].

5.6.2 . Multi-domain performance indicators

DTs model diverse performance dimensions reflecting multi-

stakeholder priorities. Thermal comfort modeling maintains indoor 

conditions while optimizing HVAC energy consumption [24,87]. Grid 

stability analysis simulates voltage regulation and frequency control, 

with power flow models identifying where building-level interventions 

alleviate feeder constraints [3,49,109]. Emissions quantification tracks 

operational carbon footprints, with district implementations demon­

strating substantial reductions through coordinated retrofits and renew­

able integration [20,109]. Economic optimization employs lifecycle cost 

analysis comparing infrastructure alternatives [12,21,67], while pre­

dictive maintenance applies anomaly detection to equipment sensor 

streams [2,7]. Flexibility assessment quantifies load-shifting potential 

and demand response capacity, revealing grid service value from build­

ing thermal mass and storage systems [20,50]. This multi-indicator 

approach enables holistic evaluation recognizing trade-offs between 

energy efficiency, comfort, reliability, and economic viability [24,87].

5.7 . Scenario planning, optimization, and decision support

Strategic planning for district energy transitions requires evaluating 

alternatives across multiple temporal scales and uncertainty dimensions. 

DTs support this through scenario analysis, optimization methods, and 

demand flexibility coordination.

5.7.1 . Temporal scales and decision contexts

Applications span real-time operational control through strategic 

infrastructure planning. Real-time control addresses grid frequency 

regulation and building HVAC optimization [24,49,87,108]. Short-term 

scheduling optimizes day-ahead generation-storage-demand coordina­

tion using load and renewable forecasts [20,67,125]. Mid-term planning 

addresses seasonal storage strategies and maintenance scheduling across 

weather patterns [2,20,126]. Strategic infrastructure planning evalu­

ates building retrofit sequences, distributed resource deployment, and 

grid reinforcement timing over multi-decade horizons [109,111,126]. 

These scales interconnect through hierarchical frameworks where strate­

gic commitments constrain operational flexibility, while operational 

insights—such as recurring constraint violations—inform infrastructure 

priorities [3,29].

5.7.2 . Scenario analysis approaches

Scenario analysis serves distinct purposes across planning contexts. 

Design-phase evaluation explores technology alternatives, installation 

sequences, and investment timing before implementation. Johari et al. 

demonstrate systematic comparison of retrofit scenarios across building 

portfolios, evaluating options by economic performance, demand im­

pacts, emissions reductions, and grid effects to identify cost-effective 

intervention sequences [12,109]. Operational scenario planning sim­

ulates system response to disturbances—weather changes, equipment 

failures, renewable variability—developing contingency protocols and 

validating control strategies [69,108,127,128]. Microgrid implementa­

tions employ scenario-based stress testing to ensure reliability under 

diverse conditions [29,49]. Real-time scenario analysis supports op­

erational decisions, with “what-if” queries informing dispatch within 

short response windows [24]. Strategic scenarios explore long-term 

implications of regulatory changes, technology evolution, and climate 
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adaptation [1,17,111,126]. Knowledge graph approaches enable com­

parative evaluation of alternative futures without overwriting baseline 

scenarios, allowing exploration of policy combinations and cascade 

effects across coupled systems [103,129]. Scenario analysis proves valu­

able when uncertainties exceed historical variability—as electrification 

transforms load profiles, historical patterns become unreliable predic­

tors [109]. Simulating diverse futures under explicit assumptions bounds 

decision risks and reveals robust strategies performing acceptably across 

plausible conditions [31,32].

5.7.3 . Optimization methods and algorithms

Method selection depends on problem structure, time horizon, 

and model characteristics. Mixed-Integer Linear Programming (MILP) 

addresses scheduling problems combining discrete decisions with 

continuous variables, proving effective for battery dispatch, HVAC 

control, and demand response coordination where system models 

are well-defined [2,20,24,110]. Model Predictive Control (MPC) ex­

tends this to receding-horizon frameworks, re-optimizing as forecasts 

update and demonstrating energy savings in building applications 

[24,87,130]. Reinforcement Learning (RL) learns optimal sequences 

where interventions create path dependencies [65]. RL addresses prob­

lems where explicit models prove intractable or environments exhibit 

non-stationary dynamics, learning optimal policies through simulated 

experience [8,67,127,131]. RL proves effective for adaptive control 

under renewable uncertainty, though requiring substantial training 

and hyperparameter tuning [67,105,132,133]. Genetic Algorithms 

and metaheuristics tackle non-convex design problems—renewable 

system sizing, building retrofit selection, topology optimization—where 

gradient-based methods fail [69,87,134]. Multi-objective optimiza­

tion explicitly balances competing goals through Pareto frontier 

generation, revealing trade-offs essential for stakeholder negotiation 

[24,87]. Optimization effectiveness depends critically on data quality—

incomplete or biased operational data produces unreliable strategies 

regardless of algorithmic sophistication [135].

5.7.4 . Demand management strategies

Demand-side flexibility represents a critical resource for balancing 

renewable variability and deferring infrastructure upgrades. Building-

level implementations activate thermal mass and HVAC flexibility 

through automated load shifting, while microgrid coordination aggre­

gates heterogeneous resources—batteries, controllable loads, EVs—for 

optimized dispatch [24,49,85,136]. District-scale orchestration demon­

strates infrastructure value: systematic activation across aggregated 

buildings reduces substation peak loading, potentially deferring grid 

upgrades through distributed interventions rather than centralized in­

frastructure [12,17,109]. DTs enable this coordination by forecasting 

flexibility availability and simulating aggregated impacts on feeder 

voltages and transformer loading [3,29].

5.8 . Technology platforms and visualization

5.8.1 . Technology and tools

DT implementations employ commercial platforms, open-source 

toolchains, and emerging integration frameworks. Tool selection reflects 

domain priorities, with distinct ecosystems across building and grid 

domains and fragmented cross-domain integration [2,20,117].

Building domain toolchains prioritize geometric modeling and 

thermal simulation. Autodesk Revit dominates as the BIM founda­

tion, storing building topology, material properties, and equipment 

specifications via Industry Foundation Classes (IFC) export [79,98,

117]. EnergyPlus provides physics-based thermal simulation comput­

ing hourly HVAC loads through Conduction Transfer Functions [20,

117]. TRNSYS extends capabilities to district heating networks and

multi-zone analysis, with BCVTB/FMI co-simulation enabling building-

grid coupling at 15-minute synchronization intervals [20,24].

Grid domain platforms emphasize power flow analysis and oper­

ational control. MATLAB/Simulink dominates microgrid implementa­

tions through Simscape Power Systems for AC/DC network modeling 

and rapid controller prototyping, with OPAL-RT enabling hardware-

in-the-loop validation [29,30,93]. OpenDSS performs distribution grid 

power flow calculations under unbalanced three-phase conditions [20,

109]. Commercial optimization solvers (GAMS, Gurobi, CPLEX) handle 

unit commitment and economic dispatch formulations [29].

Cross-domain integration platforms address building-grid silos 

through semantic knowledge graphs and unified data models. Neo4j 

knowledge graph database enables the World Avatar project’s “par­

allel worlds” scenario analysis, storing alternative configurations as 

queryable subgraphs [103,112]. Cloud platforms (AWS, Azure, Google 

Cloud) provide computational infrastructure for district-scale simula­

tions, with InfluxDB managing IoT sensor streams at 1–15 minute gran­

ularity [2,24]. Web-based visualization frameworks enable stakeholder 

coordination across organizational boundaries [84,119].

Commercial DT platforms offer integrated solutions with vary­

ing domain specialization. Leading city-scale providers (Autodesk, Esri, 

Bentley, Cityzenith, Dassault Systèmes, Siemens) target urban plan­

ning and infrastructure management [20], while energy sector plat­

forms (SPHERE, BuildingMinds, Siemens Building Twin) embed domain-

specific analytics for renewable forecasting and HVAC optimization 

[2,137]. Tools like ENECO2Calc enable municipality-level energy tran­

sition scenarios but operate at aggregated sectoral levels rather than 

building-by-building resolution needed for targeted infrastructure plan­

ning [126].

Tool selection involves trade-offs between flexibility and integration 

complexity. Open-source toolchains (EnergyPlus+OpenDSS+Python) 

enable deep customization but require substantial development effort, 

while commercial platforms accelerate deployment at significant licens­

ing costs [24,117]. However, neither approach adequately addresses 

sequential intervention optimization—current tools excel at what to in­

stall but lack frameworks for determining when and in what order, the 

temporal dimension critical for Non-Wire Alternative evaluation.

5.8.2 . Visualization technologies

Visualization architectures reflect dual purposes: technical mon­

itoring for operators and stakeholder communication for planning 

processes. Domain differences shape technology choices—microgrids 

employ 2D dashboards for power flow monitoring, while district energy 

planning requires 3D visualization to capture building geometry, solar 

access, and spatial relationships affecting energy performance [20,115].

Operational dashboards prioritize real-time data density and re­

sponsive updates. Grafana dominates as open-source framework, query­

ing InfluxDB time-series databases to display building energy consump­

tion, renewable generation, and grid metrics with sub-minute refresh 

rates [20,24]. Microgrid control rooms employ SCADA-style single-line 

diagrams showing transformer loading and voltage profiles as animated 

2D schematics [9,29]. Web-based interfaces (D3.js, Chart.js) enable 

remote monitoring through REST APIs [24,112].

Stakeholder-specific interfaces balance technical detail against ac­

cessibility. Building managers receive simplified mobile displays show­

ing energy costs and comfort metrics, while grid operators access 

detailed topology exposing transformer status and power flows [3,24]. 

Urban planners interact through scenario comparison interfaces dis­

playing alternative buildout strategies—contrasting capital costs, carbon 

trajectories, and grid impacts—rather than raw simulation outputs 

[79,109].

A key limitation: 2D electrical schematics obscure spatial interdepen­

dencies essential for district planning, masking geographic load patterns 

that create localized constraints [109,115].
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5.9 . Implementation considerations

5.9.1 . Validation and adaptive control

Validation strategies differ by application context. Annual energy 

predictions compare simulated consumption against utility billing data 

through multi-month calibration periods [109]. Operational control 

applications validate against submetered sensors at higher temporal res­

olution [20,24]. Power flow calculations verify against standardized 

test networks before field deployment [29,112,117], with field pilots 

comparing predictions against operational measurements to qualify sys­

tems for production use [3]. Coupled thermal-electrical models require 

end-to-end verification against utility measurements [20,109].

Key Performance Indicators (KPIs) quantify validation accuracy and 

operational effectiveness across energy systems. Uspenskaia et al. de­

fine temporal alignment metrics including Onsite Energy Ratio, Annual 

Mismatch Ratio, Maximum Hourly Surplus, and Maximum Hourly 

Deficit for Positive Energy Districts [71]. Shen et al. specify photo­

voltaic system KPIs such as Self-Consumption, Self-Sufficiency, and 

Levelized Cost of Electricity for techno-economic optimization [137]. 

Xu and Liu introduce demand-side management metrics including 

PAR Improvement Percentage and Wait Time Reduction to balance 

technical optimization with user satisfaction [138]. Bâra and Oprea 

define community-level indicators such as Self-Sufficiency Index, Self-

Consumption Index, and Fairness Index for Energy Communities [139]. 

These metrics enable continuous performance monitoring, optimization 

benchmarking, and cross-system comparison.

Bidirectional architectures enable DTs to monitor systems and exe­

cute control commands. Sensor data streams at intervals matching con­

trol requirements, with building systems updating at minute intervals 

and grid variables at sub-second frequencies [24,29,117]. Optimization 

algorithms compute setpoint adjustments executed by building man­

agement and grid control systems [24,29]. Distributed implementations 

deploy edge agents that execute control autonomously while receiving 

objectives from centralized platforms [29,50].

Adaptive mechanisms maintain model accuracy as systems evolve. 

Predictive controllers re-solve optimization problems as forecasts update 

and conditions change [24,87]. Machine learning components retrain 

on recent operational data at intervals preventing degradation as pat­

terns shift [20,67,133,137]. Anomaly detection algorithms flag sensor 

malfunctions or model drift when errors exceed thresholds [2,7].

5.9.2 . Stakeholder coordination requirements

District energy transitions engage multiple actors with distinct pri­

orities requiring coordination mechanisms. Grid operators prioritize 

infrastructure cost management, building owners focus on investment 

returns, urban planners pursue emissions targets, and residents expect 

maintained comfort [2,12,20,24,109,141].

Coordination approaches span centralized utility programs to dis­

tributed market-based platforms [3,12,14]. Information architectures 

employ privacy-preserving techniques and standardized interfaces en­

abling cross-organizational analytics [3,103,112]. Regulatory frame­

works increasingly specify performance metrics and permit utili­

ties to fund customer-side efficiency when cost-effective [12,141]. 

Implementation requires governance across district managers, building 

operators, utilities, planners, and community representatives [2].

6 . Toward integrated district energy planning: a framework 

approach

This section presents an integrated framework that addresses 

three coordination gaps identified in Sections 4.1–Section 5: semantic 

integration across domains, temporal coordination across planning hori­

zons, and sequential intervention optimization. Rather than replacing 

domain-specific tools, the framework provides integration infrastructure 

enabling existing capabilities to inform coordinated district energy 

planning.

6.1 . Framework rationale and architecture

Network analysis (Section 4.1) revealed isolated building and grid 

communities despite critical interdependencies, while systematic re­

view (Section 5) documented mature capabilities (knowledge graphs, 

coupled simulation, sequential optimization) that rarely integrate for 

coordinated planning.

Four interconnected components address this integration gap:

1. Knowledge graph foundation provides semantic data integration, 

linking building properties, grid topology, and operational data 

through standardized ontologies (Section 6.4).

2. Coupled simulation engine enables temporal coordination, link­

ing real-time operations with strategic planning across multiple 

timescales (Section 6.5).

3. Sequential optimization captures path dependencies where inter­

vention order fundamentally shapes outcomes (Section 6.6).

4. Stakeholder platform reconciles competing objectives across grid 

operators, urban planners, building owners, and policymakers 

(Section 6.7).

Fig. 9 illustrates the framework architecture spanning five layers. 

The Physical World (bottom) encompasses district buildings, electrical 

networks, and DERs. The Data Infrastructure provides bidirectional ex­

change between physical systems and digital representations. The DT 

Platform (center) integrates the four components: Knowledge Graph 

Foundation for semantic integration, Coupled Simulation Engine for 

temporal coordination, Sequential Optimization for intervention path­

ways, and Stakeholder Platform for decision support. The Analysis 

& Simulation Engine executes computational workflows, while the 

Stakeholder Gateway (top) provides role-specific interfaces. Feedback 

loops between layers enable continuous refinement: operational data im­

proves models, simulation results inform optimization, and stakeholder 

input guides evolution, transforming the framework from static planning 

tool to an adaptive management system.

6.2 . Framework operation: an illustrative example

To illustrate how framework components operate in concert, con­

sider the following district decarbonization scenario.

Consider a 200-building district planning decarbonization over 

10+ years. The Knowledge Graph integrates heterogeneous data—

building geometries (IFC), electrical topology (CIM), spatial relation­

ships (CityGML), and sensor streams—enabling cross-domain queries 

like “which buildings on Feeder F-12 have solar potential exceeding 

50kW?”.

Co-simulation tools couple building energy models with power 

flow analysis through standardized API, enabling automated iteration: 

Building retrofits generate new load profiles → Power flow reveals grid 

impacts → Constraint violations trigger building intervention refine­

ment. Multiple configurations execute in parallel, exploring intervention 

combinations at scale.

Sequential optimization employs RL to discover effective interven­

tion sequences across domains. The agent selects actions—building 

envelope retrofits, HVAC electrification, rooftop solar deployment, 

community battery installation—balancing multi-dimensional rewards: 

capital costs, CO2 reductions, thermal comfort, and grid reliability. 

Constraints include feeder capacity limits and import/export thresholds.

The agent trains across diverse scenarios capturing demand, 

technology, and policy uncertainties. Through thousands of sim­

ulated district futures, the system learns robust strategies for 
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Fig. 9. Proposed integrated DT framework for district energy planning.

achieving decarbonization goals under uncertainty. The result­

ing pathway specifies where (which buildings/feeders), when

(intervention timing), and what (technology combinations) to 

implement, with accumulated rewards tracking progress toward 

economic (net present value), environmental (emissions reduc­

tions), policy (renewable targets), building (comfort, efficiency), 

and grid (reliability, capacity) objectives across the planning

horizon.

6.3 . Mapping existing implementations to framework components

Table 4 maps existing implementations to framework components, 

showing what they demonstrate in semantic integration, coupled 

simulation, and sequential optimization, identifying missing capabil­

ities, and proposing integrated district energy planning approaches. 

This systematic assessment reveals that while individual components 

exist in mature form within specialized domains, their integration for 

district-scale energy planning remains an open challenge.

Renewable and Sustainable Energy Reviews 234 (2026) 116872 

17 



A. Jalilzadeh, A. Rafiee, P. van Oosterom et al.

Table 4 

Framework component implementations: mapping existing research to integration requirements.

Framework 

component

Existing implementa­

tion(s)

What they demonstrate What’s missing Framework contribution

Knowledge 

graph 

integration

Akroyd et al. [103], 

Zucconi et al., Bjørnskov 

& Jradi [42], Jahromi 

et al. [3]

Semantic data infrastructure link­

ing domain standards (BIM/IFC, 

CIM, CityGML, SAREF). Geospatial 

queries connect building locations 

with grid topology.

Heterogeneous data formats across domains 

require manual integration. Spatial data in­

frastructure linking building geometry and 

grid topology lacks standardization.

Framework provides semantic 

infrastructure unifying heteroge­

neous data formats. Spatial data 

infrastructure supports integrated 

district energy transition.

Coupled 

simulation

Johari et al., Zhang 

et al. [20], Satchwell 

et al., Yang et al. [67]

Building energy models generate 

demand profiles validated against 

utility data. Power flow analy­

sis identifies grid impacts from 

building interventions.

Critical automation gap: Manual coupling 

via custom scripts. Cannot scale to district-

wide scenarios. One-way coupling without 

feedback loops.

Framework requires automated 

coupling infrastructure with stan­

dardized interfaces. Cloud-based 

parallel execution. Bidirectional 

feedback where grid violations 

trigger building refinement.

Sequential 

optimization

Pang et al., Yuan [95], 

Gao et al. [101], Shen 

et al. [137]

Deep RL for long-term strategic 

planning. Multi-objective opti­

mization balancing economic, 

resilience, and environmental 

goals.

Building retrofit sequencing absent. Path 

effects not captured. Domain isolation: 

building and grid optimization proceed 

independently.

Framework needs unified op­

timization across domains 

with joint action spaces for 

building retrofits AND grid in­

vestments. Scenario-based robust 

optimization.

6.4 . Strengthening domain connections through semantic integration

6.4.1 . Coordination need

As documented in Sections 4.1 and 5.5.1, building and grid domains 

employ fundamentally different conceptual models, creating semantic 

fragmentation that prevents coordinated analysis without formal bidi­

rectional translation mechanisms.

6.4.2 . Framework response: knowledge graph architecture

Knowledge graphs provide infrastructure unifying disparate data 

sources while preserving domain semantics. Building on semantic stan­

dards reviewed in Section 5.5.3 (CIM for grid components, BIM/IFC for 

buildings, SAREF for cross-domain bridges) and implementations like 

the World Avatar project (Section 5.5.1), the framework adds district 

energy planning concepts: load aggregation patterns, hosting capacity 

constraints, and intervention sequencing dependencies. Spatial integra­

tion through GIS and CIM enables queries spanning building characteris­

tics through distribution networks to substation constraints. This enables 

cross-domain analyses. The framework implements bidirectional trans­

lation layers where building characteristics (thermal mass, equipment 

schedules) map to grid-relevant parameters (demand flexibility, ramp 

rates), while grid constraints (voltage bands, protection settings) trans­

late to building operational boundaries. Cross-domain queries—“which 

buildings could defer a transformer upgrade?” or “which buildings 

could provide evening peak reduction?”—become answerable by linking 

thermal storage capacity with load forecasts while preserving existing 

domain models.

6.5 . Strengthening temporal coordination across planning horizons

6.5.1 . Coordination need

Despite parallel temporal structures across building and grid sys­

tems (Section 5.5.2), operational insights remain disconnected from 

strategic planning. Grid planning employs static building assumptions 

while monitoring data rarely informs infrastructure decisions, and cur­

rent approaches handle timescales independently despite coordination 

opportunities.

6.5.2 . Framework response: coupled simulation engine

District energy analysis currently employs Urban Building Energy 

Models (UBEM) and power flow tools as separate workflows. The frame­

work creates tightly coupled pipelines where UBEM-generated profiles 

immediately feed power flow calculations, revealing how district in­

terventions stress feeders or create reverse power flows. Bidirectional 

coupling enables feedback: grid constraint violations inform build­

ing intervention refinement, creating iterative convergence on feasi­

ble strategies. Temporal coordination extends beyond coupling model 

types to linking timescales through multi-fidelity approaches: high-

resolution operational models inform strategic planning parameters, 

real-time monitoring calibrates building models for improved long-

term projections, and seasonal analyses reveal intervention perfor­

mance across weather patterns. This addresses how building retrofits 

affect peak loads immediately, influence grid investments over years, 

and shape district profiles for decades—treating building-grid systems 

as co-evolving entities where interventions reshape future decision

landscapes.

6.6 . Enabling sequential planning through optimization

6.6.1 . Coordination need

Current optimization evaluates interventions independently, missing 

sequential dependencies where order fundamentally shapes outcomes: 

envelope retrofits reduce loads, enabling smaller heat pumps and greater 

solar hosting capacity, while early battery placement improves subse­

quent renewable integration economics.

6.6.2 . Framework response: sequential optimization component

The framework employs RL to learn optimal intervention sequences. 

While RL demonstrates operational success—battery scheduling, de­

mand response—the framework extends these to strategic planning 

where order determines outcomes. Hua et al. [140] demonstrate 

progress in bridging timescales through DT-based RL for network 

reconfiguration, achieving cost reductions. State representations capture 

building characteristics, grid topology, installed technologies, and costs. 

Actions include envelope retrofits, HVAC replacements, solar, batteries, 

and grid upgrades. Reward functions balance emissions, costs, relia­

bility, and stakeholder preferences. Through simulated exploration of 

district futures, agents learn which sequences achieve goals effectively. 

This reveals non-obvious strategies: prioritizing commercial retrofits 

in district cores for transformer loading benefits, concentrating stor­

age at specific nodes to enable broader solar adoption, or small-scale 

pilots providing operational data reducing uncertainty for large-scale 

rollouts. Extending RL to strategic timescales requires addressing un­

certainty over decades, technology evolution, and multiple objectives. 

The framework employs scenario-based RL where agents learn robust 

strategies across multiple futures rather than optimizing for single

conditions.
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6.7 . Cross-cutting infrastructure: stakeholder coordination platform

District energy transitions involve diverse stakeholders: grid opera­

tors prioritizing reliability, urban planners seeking sustainability, build­

ing owners focusing on returns, and policymakers pursuing emission 

targets. Current tools struggle to reconcile these trade-offs—grid-focused 

tools optimize stability without building economics, while building 

models ignore grid constraints. The platform translates optimization 

into stakeholder insights: infrastructure deferral (operators), interven­

tion sequences (planners), savings projections (owners), and emission 

impacts (policymakers). This enables participatory scenario analysis 

where stakeholders adjust parameters, explore alternatives, and under­

stand trade-offs. Evolving regulatory frameworks increasingly enable 

models where infrastructure budgets can fund customer-side efficiency 

improvements. The platform quantifies benefits across groups: utili­

ties defer capital, building owners receive incentives, and communities 

achieve targets. Network analysis (Section 4.1) revealed that techni­

cal separation reflects institutional barriers. The platform addresses this 

by creating spaces where groups develop shared language, catalyzing 

integration-focused communities fluent in multiple domains.

6.8 . Managing uncertainty

Strategic planning confronts uncertainties in demand growth, re­

newable variability, technology costs, policy changes, and climate im­

pacts compounding over decades. Three categories prove particularly 

relevant: (1) data uncertainties from sensor accuracy and archetype 

assumptions, (2) model uncertainties from simplified physics represen­

tations, (3) behavioral uncertainties in occupant patterns and adoption 

rates. These uncertainties interact and amplify across domain bound­

aries. Building variabilities aggregate non-linearly at district scale while 

grid constraints impose hard limits. The framework employs probabilis­

tic approaches capturing full outcome distributions—expected impacts 

plus confidence bounds and risk profiles. This proves valuable when 

uncertainties cascade through intervention sequences, showing stake­

holders not only expected impacts but ranges under different scenarios. 

Scenario-based methods enable agents to learn robust strategies through 

exposure to diverse futures during training. Rather than assuming per­

fect foresight, sequential optimization experiences uncertainty during 

learning, developing strategies hedging against unfavorable outcomes 

while capitalizing on opportunities. This aligns with decision-making 

under deep uncertainty, acknowledging adaptive strategies succeeding 

across plausible ranges prove more useful than single-future predictions.

7 . Discussion

The pronounced fragmentation revealed through network analysis 

has profound implications for district energy planning. Low cross-

domain connectivity despite critical interdependencies suggests that 

coordination difficulties stem not from technical impossibilities but from 

misaligned incentives, incompatible methodologies, and separate insti­

tutional structures. Researchers optimize within familiar domains rather 

than bridging unfamiliar territories.

The framework’s significance lies in understanding each domain’s 

objectives, constraints, solutions, and stakeholder motivations, then en­

abling them to work together through integrated infrastructure. This 

advances DT maturity from simple monitoring or what-if scenario 

tools toward recommendation systems capable of strategic guidance. 

Recognizing district transformation as sequential planning rather than 

static optimization—whether linear or nonlinear—proves essential: de­

cisions create path dependencies where early interventions reshape 

subsequent possibilities, requiring RL approaches that discover effec­

tive sequences through simulated experience. Prior district energy ap­

proaches assumed data platforms or semantic standards would suffice 

for integration. Our analysis demonstrates otherwise—coordination re­

quires simultaneous advances across semantic translation mechanisms, 

temporal coupling infrastructure, and organizational alignment struc­

tures.

Implementation confronts interconnected challenges amplified 

by uncertainty. Computationally, district-scale coupled simula­

tion demands substantial resources while propagating uncertainties 

across model boundaries. As strategic planning horizons extend and 

components integrate, uncertainties and probabilities compound: 

building retrofit performance varies with occupant behavior, renewable 

generation fluctuates with weather patterns, technology costs evolve 

unpredictably, and policy frameworks shift across decades. These 

cascading uncertainties, absent in operational optimization, demand 

probabilistic approaches and scenario-based methods. Organizationally, 

utilities operate under cost-recovery regulation incentivizing capital 

investment while building efficiency programs require rapid paybacks. 

Economically, coordination benefits accrue across stakeholder groups 

over decades while costs concentrate upfront.

7.1 . Limitations

This review primarily examined electrical systems, giving limited at­

tention to heating/cooling networks increasingly relevant for district en­

ergy. The search strategy focused on “DT” terminology, possibly missing 

relevant integration work using different frameworks. Most critically, 

the proposed framework awaits empirical validation—while individual 

components find literature support, integrated implementation in real 

districts remains unexplored.

7.2 . Future directions

Several research directions emerge. Pilot implementations in in­

strumented districts could validate framework components and reveal 

integration challenges. Development of standardized interfaces enabling 

tool interoperability without wholesale replacement represents critical 

enabling infrastructure. Economic assessment methodologies quanti­

fying distributed benefits across stakeholders would support business 

model development.

District energy transformation requires moving beyond infrastruc­

ture expansion for worst-case scenarios toward adaptive frameworks 

leveraging operational data and coordinated optimization. The path for­

ward builds on domain strengths while creating integration mechanisms 

that enable buildings and grids to inform each other’s evolution.

8 . Conclusion

Current district energy planning approaches fragment what must be 

unified: building improvements proceed independently from grid evolu­

tion despite their fundamental interdependence. This systematic review 

of 139 DT implementations reveals why promised integration remains 

elusive—not from technical impossibility but from research commu­

nities, professional structures, and institutional incentives that resist 

coordination.

The proposed framework demonstrates how integration becomes ac­

tionable: not by replacing existing domain expertise but by creating 

infrastructure that enables specialists to understand consequences be­

yond their boundaries. This represents a conceptual shift—from treating 

buildings and grids as separate systems requiring connection, to recog­

nizing districts as inherently coupled systems requiring decomposition 

for practical management then reintegration for strategic planning. DTs 

evolve from documentation and monitoring technologies into platforms 

where distributed decisions inform each other across organizational 

boundaries and temporal scales.

Transforming districts to meet climate targets demands this inte­

grated perspective. Cities cannot afford parallel efforts where building 

retrofits proceed without considering grid impacts, or grid expansions 

occur without leveraging building flexibility. The technical capabil­

ities exist across specialized domains. What remains absent are the 

institutional structures, standardized protocols, and aligned incentives 

enabling coordination. Progress requires action from multiple actors: 
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researchers demonstrating integration value through pilots, standards 

bodies enabling interoperability, and policymakers restructuring incen­

tives. Success belongs to communities recognizing that district trans­

formation is not a technical problem requiring better tools, but a 

coordination problem requiring institutional innovation.

CRediT authorship contribution statement

Amin Jalilzadeh: Conceptualization, Investigation, Writing – origi­

nal draft, review & editing. Azarakhsh Rafiee: Supervision and Review.

Peter van Oosterom: Supervision and Review. Thaleia Konstantinou:

Supervision and Review.

Declaration of generative AI and AI-assisted technologies in the 

writing process

During the preparation of this work the author(s) used Claude AI in 

order to improve grammar, enhance readability, and polish draft texts. 

The AI was used as a language enhancement tool to improve the clarity 

and flow of the manuscript. After using this tool, the author reviewed 

and edited the content as needed and takes full responsibility for the 

content of the published article.

Declaration of competing interest

The authors declare the following financial interests/personal rela­

tionships which may be considered as potential competing interests:

This research is part of DATALESs project, with 5 work packages 

defined as PhD topics. DATALESs project received funding from 

the Dutch Research Council (NWO) and National Natural Science 

Foundation of China (NSFC) in the framework of the Cooperation 

China-The Netherlands programme. If there are other authors, they 

declare that they have no known competing financial interests or 

personal relationships that could have appeared to influence the work 

reported in this paper.

Acknowledgment

This research received funding from the Dutch Research Council 

(NWO) and National Natural Science Foundation of China (NSFC) in 

the framework of the Cooperation China-The Netherlands programme. 

We would also like to express our gratitude to the team members of the 

DATALESs project for their valuable assistance throughout the project. 

We appreciate the Architecture groups and Electrical Engineering group 

of TU Delft and Tsinghua University, and Alliander and GEODAN 

company for their meetings and inputs in enriching our insights. We 

also thank the reviewers for their constructive comments that helped 

improve the narration and structure of this article.

Data availability

No data was used for the research described in the article.

References

[1] Pultrone G. The city challenges and the new frontiers of urban planning. TeMA J 

Land Use Mobil Environ 2023;16(1):27–45. https://doi.org/10.6093/1970-9870/

9392. http://www.serena.unina.it/index.php/tema/article/view/9392. 

[2] Ghenai C, Husein LA, Al Nahlawi M, Hamid AK, Bettayeb M. Recent trends of digi­

tal twin technologies in the energy sector: a comprehensive review. Sustain Energy 

Technol Assess 2022;54:102837. https://doi.org/10.1016/j.seta.2022.102837. 

https://www.sciencedirect.com/science/article/pii/S2213138822008852. 

[3] Jahromi MJH, Hosseini Bamakan SM, Qu Q, Tabbakhian H. The capabil­

ity of distributed generation in digital twin platform. Procedia Comput 

Sci 2023;221:1208–15, tenth International Conference on Information 

Technology and Quantitative Management (ITQM 2023). https://doi.org/10.

1016/j.procs.2023.08.108. https://www.sciencedirect.com/science/article/pii/

S1877050923008669. 

[4] IEA. Empowering urban energy transitions, Tech. rep., Paris: International Energy 

Agency; 2024.

[5] European Commission. Fit for 55: delivering the european green deal, Tech. rep., 

Brussels: European Commission; 2024.

[6] UNFCCC. Cop28: un climate conference delivers consensus on transitioning away 

from fossil fuels, Tech. rep., Bonn: United Nations Framework Convention on 

Climate Change; 2023.

[7] Belik M, Rubanenko O. Implementation of digital twin for increasing efficiency 

of renewable energy sources. Energies 2023;16(12). https://doi.org/10.3390/

en16124787

[8] Pan M, Xing Q, Chai Z, Zhao H, Sun Q, Duan D. Real-time digital twin 

machine learning-based cost minimization model for renewable-based micro­

grids considering uncertainty. Sol Energy 2023;250:355–67. https://doi.org/10.

1016/j.solener.2023.01.006. https://www.sciencedirect.com/science/article/pii/

S0038092X23000063. 

[9] Panyukova DV, Kairanbayeva AB, Nurpeissova GB, Panyukov KV. Smart grids with 

GIS technology. Известия НАН РК. 2020;3:135–41.

[10] Francisco A, Mohammadi N, Taylor JE. Smart city digital twin–enabled energy 

management: toward real-time urban building energy benchmarking. J Manag Eng 

2020;36(2):04019045. https://doi.org/10.1061/(ASCE)ME.1943-5479.0000741

[11] Fausing K. Climate emergency: how our cities can inspire change. 2020„https://

www.weforum.org/agenda/2020/01/smart-and-thecity-working-title/ [Accessed 

20 Oct 2021]. 

[12] Poudineh R, Jamasb T. Distributed generation, storage, demand response 

and energy efficiency as alternatives to grid capacity enhancement. Energy 

Policy 2014;67:222–31. https://doi.org/10.1016/j.enpol.2013.11.073. https://

www.sciencedirect.com/science/article/pii/S0301421513012032. 

[13] Kalani MJ, Kalani M. Controlling the energy supply and demand of grid-

connected building integrated photovoltaics considering real-time electricity prices 

to develop more sustainable and smarter cities. Optik 2024;300:171629. https:

//doi.org/10.1016/j.ijleo.2024.171629. https://www.sciencedirect.com/science/

article/pii/S0030402624000275. 

[14] Wu Y, Wu Y, Guerrero JM, Vasquez JC. Decentralized transactive energy 

community in edge grid with positive buildings and interactive electric ve­

hicles. Int J Electr Power Energy Syst 2022;135:107510. https://doi.org/10.

1016/j.ijepes.2021.107510. https://www.sciencedirect.com/science/article/pii/

S0142061521007493. 

[15] Berg K, Foslie SS, Farahmand H. Industrial energy communities: en­

ergy storage investment, grid impact and cost distribution. Appl Energy 

2024;373:123908. https://doi.org/10.1016/j.apenergy.2024.123908. https:

//www.sciencedirect.com/science/article/pii/S0306261924012911. 

[16] Das O, Zafar MH, Sanfilippo F, Rudra S, Kolhe ML. Advancements in 

digital twin technology and machine learning for energy systems: a com­

prehensive review of applications in smart grids, renewable energy, 

and electric vehicle optimisation. Energy Conversion and Management: 

X 2024;24:100715. https://doi.org/10.1016/j.ecmx.2024.100715. https:

//www.sciencedirect.com/science/article/pii/S2590174524001934. 

[17] Hong T, Lee SH, Zhang W, Sun K, Hooper B, Kim J. Nexus of electrification and 

energy efficiency retrofit of commercial buildings at the district scale. Sustain 

Cities Soc 2023;95:104608. https://doi.org/10.1016/j.scs.2023.104608. https://

www.sciencedirect.com/science/article/pii/S2210670723002196. 

[18] Aghazadeh Ardebili A, Zappatore M, Ramadan AIHA, Longo A, Ficarella A. Digital 

twins of smart energy systems: a systematic literature review on enablers, design, 

management and computational challenges. Energy Informatics 2024;7(1):94. 

https://doi.org/10.1186/s42162-024-00385-5

[19] Magrini A, Lentini G, Cuman S, Bodrato A, Marenco L. From nearly zero en­

ergy buildings (nzeb) to positive energy buildings (peb): the next challenge 

- the most recent european trends with some notes on the energy analy­

sis of a forerunner peb example. Dev Built Environ 2020;3:100019. https:

//doi.org/10.1016/j.dibe.2020.100019. https://www.sciencedirect.com/science/

article/pii/S2666165920300156. 

[20] Zhang X, Shen J, Saini PK, Lovati M, Han M, Huang P, Huang Z. Digital twin for 

accelerating sustainability in positive energy district: a review of simulation tools 

and applications. Frontiers in Sustainable Cities 2021;3. https://doi.org/10.3389/

frsc.2021.663269

[21] Padmawansa N, Gunawardane K, Madanian S, Than Oo AM. Battery energy 

storage capacity estimation for microgrids using digital twin concept. Energies 

2023;16(12). https://doi.org/10.3390/en16124540

[22] Espín-Sarzosa D, Palma-Behnke R, Valencia-Arroyave F. Towards digital twins of 

small productive processes in microgrids. Energies 2023;16(11). https://doi.org/

10.3390/en16114324

[23] Ekren O, Ekren BY. Size optimization of a pv/wind hybrid energy conver­

sion system with battery storage using simulated annealing. Appl Energy 

2010;87(2):592–8.

[24] Fathy Y, Jaber M, Nadeem Z. Digital twin-driven decision making and planning 

for energy consumption. J Sensor Actuator Netw 2021;10(2). https://doi.org/10.

3390/jsan10020037

[25] Rolnick D, Donti PL, Kaack LH, Kochanski K, Lacoste A, Sankaran K, Ross 

AS, Milojevic-Dupont N, Jaques N, Waldman-Brown A, Luccioni AS, Maharaj T, 

Sherwin ED, Mukkavilli SK, Kording KP, Gomes CP, Ng AY, Hassabis D, Platt JC, 

Creutzig F, Chayes J, Bengio Y. Tackling climate change with machine learning. 

ACM Comput Surv Feb 2022;55(2). https://doi.org/10.1145/3485128

[26] Ismail FB, Al-Faiz H, Hasini H, Al-Bazi A, Kazem HA. A comprehensive review of the 

dynamic applications of the digital twin technology across diverse energy sectors. 

Energy Strateg Rev 2024;52:101334. https://doi.org/10.1016/j.esr.2024.101334. 

https://www.sciencedirect.com/science/article/pii/S2211467X24000415. 

[27] Bortolini R, Rodrigues R, Alavi H, Vecchia LFD, Forcada N. Digital twins’ ap­

plications for building energy efficiency: a review. Energies 2022;15(19). https:

//doi.org/10.3390/en15197002

Renewable and Sustainable Energy Reviews 234 (2026) 116872 

20 

https://doi.org/10.6093/1970-9870/9392
https://doi.org/10.6093/1970-9870/9392
http://www.serena.unina.it/index.php/tema/article/view/9392
https://doi.org/10.1016/j.seta.2022.102837
https://www.sciencedirect.com/science/article/pii/S2213138822008852
https://doi.org/10.1016/j.procs.2023.08.108
https://doi.org/10.1016/j.procs.2023.08.108
https://www.sciencedirect.com/science/article/pii/S1877050923008669
https://www.sciencedirect.com/science/article/pii/S1877050923008669
http://refhub.elsevier.com/S1364-0321(26)00171-1/sbr0020
http://refhub.elsevier.com/S1364-0321(26)00171-1/sbr0020
http://refhub.elsevier.com/S1364-0321(26)00171-1/sbr0025
http://refhub.elsevier.com/S1364-0321(26)00171-1/sbr0025
http://refhub.elsevier.com/S1364-0321(26)00171-1/sbr0030
http://refhub.elsevier.com/S1364-0321(26)00171-1/sbr0030
http://refhub.elsevier.com/S1364-0321(26)00171-1/sbr0030
https://doi.org/10.3390/en16124787
https://doi.org/10.3390/en16124787
https://doi.org/10.1016/j.solener.2023.01.006
https://doi.org/10.1016/j.solener.2023.01.006
https://www.sciencedirect.com/science/article/pii/S0038092X23000063
https://www.sciencedirect.com/science/article/pii/S0038092X23000063
http://refhub.elsevier.com/S1364-0321(26)00171-1/sbr0045
http://refhub.elsevier.com/S1364-0321(26)00171-1/sbr0045
https://doi.org/10.1061/(ASCE)ME.1943-5479.0000741
https://www.weforum.org/agenda/2020/01/smart-and-thecity-working-title/
https://www.weforum.org/agenda/2020/01/smart-and-thecity-working-title/
https://doi.org/10.1016/j.enpol.2013.11.073
https://www.sciencedirect.com/science/article/pii/S0301421513012032
https://www.sciencedirect.com/science/article/pii/S0301421513012032
https://doi.org/10.1016/j.ijleo.2024.171629
https://doi.org/10.1016/j.ijleo.2024.171629
https://www.sciencedirect.com/science/article/pii/S0030402624000275
https://www.sciencedirect.com/science/article/pii/S0030402624000275
https://doi.org/10.1016/j.ijepes.2021.107510
https://doi.org/10.1016/j.ijepes.2021.107510
https://www.sciencedirect.com/science/article/pii/S0142061521007493
https://www.sciencedirect.com/science/article/pii/S0142061521007493
https://doi.org/10.1016/j.apenergy.2024.123908
https://www.sciencedirect.com/science/article/pii/S0306261924012911
https://www.sciencedirect.com/science/article/pii/S0306261924012911
https://doi.org/10.1016/j.ecmx.2024.100715
https://www.sciencedirect.com/science/article/pii/S2590174524001934
https://www.sciencedirect.com/science/article/pii/S2590174524001934
https://doi.org/10.1016/j.scs.2023.104608
https://www.sciencedirect.com/science/article/pii/S2210670723002196
https://www.sciencedirect.com/science/article/pii/S2210670723002196
https://doi.org/10.1186/s42162-024-00385-5
https://doi.org/10.1016/j.dibe.2020.100019
https://doi.org/10.1016/j.dibe.2020.100019
https://www.sciencedirect.com/science/article/pii/S2666165920300156
https://www.sciencedirect.com/science/article/pii/S2666165920300156
https://doi.org/10.3389/frsc.2021.663269
https://doi.org/10.3389/frsc.2021.663269
https://doi.org/10.3390/en16124540
https://doi.org/10.3390/en16114324
https://doi.org/10.3390/en16114324
http://refhub.elsevier.com/S1364-0321(26)00171-1/sbr0115
http://refhub.elsevier.com/S1364-0321(26)00171-1/sbr0115
http://refhub.elsevier.com/S1364-0321(26)00171-1/sbr0115
https://doi.org/10.3390/jsan10020037
https://doi.org/10.3390/jsan10020037
https://doi.org/10.1145/3485128
https://doi.org/10.1016/j.esr.2024.101334
https://www.sciencedirect.com/science/article/pii/S2211467X24000415
https://doi.org/10.3390/en15197002
https://doi.org/10.3390/en15197002


A. Jalilzadeh, A. Rafiee, P. van Oosterom et al.

[28] Çolak M, Irmak E. A state-of-the-art review on electric power systems and digi­

tal transformation. Electr Power Compon Syst 2023;51(11):1089–112. https://doi.

org/10.1080/15325008.2023.2189760

[29] Bazmohammadi N, Madary A, Vasquez JC, BAZMOHAMMADI HAMID, Khan B, Wu 

Y, Guerrero JM. Microgrid digital twins: concepts, applications, and future trends. 

IEEE Access 2021;10. https://doi.org/10.1109/ACCESS.2021.3138990

[30] Jafari M, Kavousi-Fard A, Chen T, Karimi M. A review on digital twin technology 

in smart grid, transportation system and smart city: challenges and future. IEEE 

Access 2023;11:17471–84. https://doi.org/10.1109/ACCESS.2023.3241588

[31] Alva P, Biljecki F, Stouffs R. Use cases for district-scale urban digital twins. Int 

Arch Photogramm Remote Sens Spat Inf Sci 2022;XLVIII-4/W4-2022:5–12. https:

//doi.org/10.5194/isprs-archives-XLVIII-4-W4-2022-5-2022

[32] do Amaral JVS, dos Santos CH, Montevechi JAB, de Queiroz AR. Energy digital 

twin applications: a review. Renewable Sustainable Energy Rev 2023;188. https:

//doi.org/10.1016/j.rser.2023.11389

[33] Grieves M, Vickers J. Digital twin: mitigating unpredictable, undesirable emergent 

behavior in complex systems. Cham: Springer International Publishing; 2017. pp. 

85–113. https://doi.org/10.1007/978-3-319-38756-7-4

[34] ATLAS.ti Scientific Software Development GmbH. Atlas.ti MAC, [Qualitative data 

analysis software], version 23.2.1, 2023.

[35] van Eck NJ, Waltman L. Visualizing bibliometric networks. Cham: Springer 

International Publishing; 2014. pp. 285–320. https://doi.org/10.1007/978-3-319-

10377-8-13

[36] Klarin A. How to conduct a bibliometric content analysis: guidelines and contri­

butions of content co-occurrence or co-word literature reviews. Int J Consum Stud 

2024;48(2):e13031.

[37] Yuan C, Li G, Kamarthi S, Jin X, Moghaddam M. Trends in intelligent manufac­

turing research: a keyword co-occurrence network based review. J Intell Manuf 

2022;33(2):425–39. https://doi.org/10.1007/s10845-021-01885-x

[38] Traag VA, Waltman L, Van Eck NJ. From louvain to leiden: guaranteeing well-

connected communities. Scientific Reports 2019;9(1):1–12. https://doi.org/10.

1038/s41598-019-41695-z

[39] Newman MEJ, Girvan M. Finding and evaluating community structure in networks. 

Phys Rev E 2004;69:026113. https://doi.org/10.1103/PhysRevE.69.026113

[40] Vinh NX, Epps J, Bailey J. Information theoretic measures for clusterings compar­

ison: variants, properties, normalization and correction for chance. J Mach Learn 

Res 2010;11(95):2837–54.

[41] Ward JHW. Hierarchical grouping to optimize an objective function. J Am Stat 

Assoc 1963;58(301):236–44. https://doi.org/10.1080/01621459.1963.10500845

[42] Bjørnskov J, Jradi M. An ontology-based innovative energy modeling 

framework for scalable and adaptable building digital twins. Energy 

Build 2023;292:113146. https://doi.org/10.1016/j.enbuild.2023.113146. 

https://www.sciencedirect.com/science/article/pii/S0378778823003766. 

[43] Agostinelli S, Cumo F, Nezhad MM, Orsini G, Piras G. Renewable energy system 

controlled by open-source tools and digital twin model: zero energy port area in 

Italy. Energies 2022;15(5). https://doi.org/10.3390/en15051817

[44] Huang J, Koroteev DD, Rynkovskaya M. Machine learning-based demand response 

in pv-based smart home considering energy management in digital twin. Solar 

Energy 2023;252:8–19. https://doi.org/10.1016/j.solener.2023.01.044. https://

www.sciencedirect.com/science/article/pii/S0038092X2300052X. 

[45] Tao F, Xiao B, Qi Q, Cheng J, Ji P. Digital twin modeling. J Manuf 

Syst 2022;64:372–89. https://doi.org/10.1016/j.jmsy.2022.06.015. https://www.

sciencedirect.com/science/article/pii/S0278612522001108. 

[46] Djebali S, Guerard G, Taleb I. Survey and insights on digital twins design and 

smart grid’s applications. Future Gener Comput Syst 2024;153:234–48. https://

doi.org/10.1016/j.future.2023.11.033. https://www.sciencedirect.com/science/

article/pii/S0167739X23004466. 

[47] Sassenou L-N, Olivieri L, Olivieri F. Challenges for positive energy districts deploy­

ment: a systematic review. Renew Sustain Energy Rev 2024;191:114152. https:

//doi.org/10.1016/j.rser.2023.114152. https://www.sciencedirect.com/science/

article/pii/S1364032123010109. 

[48] Dawn S, Ramakrishna A, Ramesh M, Das SS, Rao KD, Islam MM, Selim Ustun 

T. Integration of renewable energy in microgrids and smart grids in dereg­

ulated power systems: a comparative exploration. Adv Energy Sustain Res 

2024;5(10):2400088. https://doi.org/10.1002/aesr.202400088

[49] Sedhom BE, El-Saadawi MM, El Moursi MS, Hassan MA, Eladl AA. Iot-

based optimal demand side management and control scheme for smart mi­

crogrid. Int J Electr Power Energy Syst 2021;127:106674. https://doi.org/10.

1016/j.ijepes.2020.106674. https://www.sciencedirect.com/science/article/pii/

S0142061520342198. 

[50] Robert FC, Sisodia GS, Gopalan S. A critical review on the utilization of storage 

and demand response for the implementation of renewable energy microgrids. 

Sustain Cities Soc 2018;40:735–45. https://doi.org/10.1016/j.scs.2018.04.008. 

https://www.sciencedirect.com/science/article/pii/S2210670717307084. 

[51] Gharibvand H, Gharehpetian GB, Anvari-Moghaddam A. A survey on microgrid 

flexibility resources, evaluation metrics and energy storage effects. Renew Sustain 

Energy Rev 2024;201:114632. https://doi.org/10.1016/j.rser.2024.114632. https:

//www.sciencedirect.com/science/article/pii/S1364032124003587. 

[52] Neumann H-M, Hainoun A, Stollnberger R, Etminan G, Schaffler V. Analysis and 

evaluation of the feasibility of positive energy districts in selected urban typolo­

gies in Vienna using a bottom-up district energy modelling approach. Energies 

2021;14(15). https://doi.org/10.3390/en14154449

[53] Agostinelli S, Cumo F, Guidi G, Tomazzoli C. Cyber-physical systems improv­

ing building energy management: digital twin and artificial intelligence. Energies 

2021;14(8). https://doi.org/10.3390/en14082338

[54] Derkenbaeva E, Halleck Vega S, Hofstede GJ, van Leeuwen E. Positive en­

ergy districts: mainstreaming energy transition in urban areas. Renew Sustain 

Energy Rev 2022;153:111782. https://doi.org/10.1016/j.rser.2021.111782. https:

//www.sciencedirect.com/science/article/pii/S1364032121010510. 

[55] Natanian J, Guarino F, Manapragada N, Magyari A, Naboni E, De 

Luca F, Cellura S, Brunetti A, Reith A. Ten questions on tools and 

methods for positive energy districts. Build Environ 2024;255:111429. 

https://doi.org/10.1016/j.buildenv.2024.111429. https://www.sciencedirect.

com/science/article/pii/S0360132324002713. 

[56] Zhao L, Zhang H, Wang Q, Wang H. Digital-twin-based evaluation of nearly zero-

energy building for existing buildings based on scan-to-bim. Advances in Civil 

Engineering 2021;2021(1):6638897. https://doi.org/10.1155/2021/6638897

[57] Wu P, Mei X. Microgrids energy management considering net-zero energy concept: 

the role of renewable energy landscaping design and IOT modeling in digital twin 

realistic simulator. Sustain Energy Technol Assess 2024;63:103621. https://doi.

org/10.1016/j.seta.2024.103621

[58] Irmak E, Kabalci E, Kabalci Y. Digital transformation of microgrids: a review of 

design, operation, optimization, and cybersecurity. Energies 2023;16(12):4590. 

https://doi.org/10.3390/en16124590

[59] Marnay C, Venkataramanan G, Stadler M, Siddiqui A, Firestone R, Chandran B. 

Optimal technology selection and operation of microgrids in commercial buildings. 

In: 2007 IEEE power engineering society general meeting; 2007. p. 1–7. https:

//doi.org/10.1109/PES.2007.385847

[60] Gondeck M, Triebel M-A, Steingrube A, Albert-Seifried V, Stryi-Hipp 

G. Recommendations for a positive energy district framework – appli­

cation and evaluation of different energetic assessment methodologies. 

Smart Energy 2024;15:100147. https://doi.org/10.1016/j.segy.2024.100147. 

https://www.sciencedirect.com/science/article/pii/S2666955224000170. 

[61] RINA Consulting SPA. Turning cities planning actions for positive energy districts 

into success (tips4ped), CORDIS - EU Research Results, eU Horizon Europe Project, 

Grant Agreement ID: 101139633, Duration: 2024-2027, 2024. https://doi.org/10.

3030/101139633. https://cordis.europa.eu/project/id/101139633. 

[62] Mishra S, Anderson K, Miller B, Boyer K, Warren A. Microgrid resilience: a 

holistic approach for assessing threats, identifying vulnerabilities, and designing 

corresponding mitigation strategies. Appl Energy 2020;264:114726. https://doi.

org/10.1016/j.apenergy.2020.114726. https://www.sciencedirect.com/science/

article/pii/S0306261920302385. 

[63] Leone F, Reda F, Hasan A, ur Rehman H, Nigrelli FC, Nocera F, Costanzo 

V. Lessons learned from positive energy district (ped) projects: cataloguing 

and analysing technology solutions in different geographical areas in Europe. 

Energies 2023;16(1). https://doi.org/10.3390/en16010356. https://www.mdpi.

com/1996-1073/16/1/356. 

[64] Lindholm O, Rehman HU, Reda F. Positioning positive energy districts in european 

cities. Buildings 2021;11(1). https://doi.org/10.3390/buildings11010019. https:

//www.mdpi.com/2075-5309/11/1/19. 

[65] Pang K, Zhou J, Tsianikas S, Coit DW, Ma Y. Long-term microgrid expan­

sion planning with resilience and environmental benefits using deep reinforce­

ment learning. Renew Sustain Energy Rev 2024;191:114068. https://doi.org/

10.1016/j.rser.2023.114068. https://www.sciencedirect.com/science/article/pii/

S1364032123009267. 

[66] Wang Y, Wang X, Shao C, Gong N. Distributed energy trading for an inte­

grated energy system and electric vehicle charging stations: a nash bargain­

ing game approach. Renewable Energy 2020;155:513–30. https://doi.org/10.

1016/j.renene.2020.03.006. https://www.sciencedirect.com/science/article/pii/

S0960148120303207. 

[67] Yang K, Zou R, Zhang W, Zeng X, Li Z, Guo J. Comprehensive review of positive 

energy districts: multidimensional analysis of energy, economic, social, and envi­

ronmental aspects. Renew Sustain Energy Rev 2025;217:115740. https://doi.org/

10.1016/j.rser.2025.115740. https://www.sciencedirect.com/science/article/pii/

S1364032125004137. 

[68] Hatziargyriou N. Microgrids: architectures and control. John Wiley & Sons; 2014.

[69] Gao J, Huang H. Stochastic optimization for energy economics and renewable 

sources management: a case study of solar energy in digital twin. Solar Energy 

2023;262:111865. https://doi.org/10.1016/j.solener.2023.111865. https://www.

sciencedirect.com/science/article/pii/S0038092X2300498X. 

[70] Ferdaus MM, Dam T, Anavatti S, Das S. Digital technologies for a net-zero energy fu­

ture: a comprehensive review. Renew Sustain Energy Rev 2024;202:114681. https:

//doi.org/10.1016/j.rser.2024.114681. https://www.sciencedirect.com/science/

article/pii/S1364032124004076. 

[71] Uspenskaia D, Specht K, Kondziella H, Bruckner T. Challenges and barriers 

for net-zero/positive energy buildings and districts—empirical evidence from 

the smart city project sparcs. Buildings 2021;11(2). https://doi.org/10.3390/

buildings11020078. https://www.mdpi.com/2075-5309/11/2/78. 

[72] Omrany H, Chang R, Soebarto V, Zhang Y, Ghaffarianhoseini A, Zuo J. 

A bibliometric review of net zero energy building research 1995–2022.

Energy and Buildings 2022;262:111996. https://doi.org/10.1016/j.

enbuild.2022.111996. https://www.sciencedirect.com/science/article/pii/

S0378778822001670. 

[73] Omrany H, Ghaffarianhoseini A, Ghaffarianhoseini A, Clements-Croome DJ. The 

uptake of city information modelling (cim): a comprehensive review of cur­

rent implementations, challenges and future outlook. Smart Sustain Built Environ 

2023;12(5):1090–116. https://doi.org/10.1108/SASBE-06-2022-0116

[74] Barcik P, Coufalikova A, Frantis P, Vavra J. The future possibilities and security 

challenges of city digitalization. Smart Cities 2023;6(1):137–55. https://doi.org/

10.3390/smartcities6010008. https://www.mdpi.com/2624-6511/6/1/8. 

Renewable and Sustainable Energy Reviews 234 (2026) 116872 

21 

https://doi.org/10.1080/15325008.2023.2189760
https://doi.org/10.1080/15325008.2023.2189760
https://doi.org/10.1109/ACCESS.2021.3138990
https://doi.org/10.1109/ACCESS.2023.3241588
https://doi.org/10.5194/isprs-archives-XLVIII-4-W4-2022-5-2022
https://doi.org/10.5194/isprs-archives-XLVIII-4-W4-2022-5-2022
https://doi.org/10.1016/j.rser.2023.11389
https://doi.org/10.1016/j.rser.2023.11389
https://doi.org/10.1007/978-3-319-38756-7-4
http://refhub.elsevier.com/S1364-0321(26)00171-1/sbr0170
http://refhub.elsevier.com/S1364-0321(26)00171-1/sbr0170
https://doi.org/10.1007/978-3-319-10377-8-13
https://doi.org/10.1007/978-3-319-10377-8-13
http://refhub.elsevier.com/S1364-0321(26)00171-1/sbr0180
http://refhub.elsevier.com/S1364-0321(26)00171-1/sbr0180
http://refhub.elsevier.com/S1364-0321(26)00171-1/sbr0180
https://doi.org/10.1007/s10845-021-01885-x
https://doi.org/10.1038/s41598-019-41695-z
https://doi.org/10.1038/s41598-019-41695-z
https://doi.org/10.1103/PhysRevE.69.026113
http://refhub.elsevier.com/S1364-0321(26)00171-1/sbr0200
http://refhub.elsevier.com/S1364-0321(26)00171-1/sbr0200
http://refhub.elsevier.com/S1364-0321(26)00171-1/sbr0200
https://doi.org/10.1080/01621459.1963.10500845
https://doi.org/10.1016/j.enbuild.2023.113146
https://www.sciencedirect.com/science/article/pii/S0378778823003766
https://doi.org/10.3390/en15051817
https://doi.org/10.1016/j.solener.2023.01.044
https://www.sciencedirect.com/science/article/pii/S0038092X2300052X
https://www.sciencedirect.com/science/article/pii/S0038092X2300052X
https://doi.org/10.1016/j.jmsy.2022.06.015
https://www.sciencedirect.com/science/article/pii/S0278612522001108
https://www.sciencedirect.com/science/article/pii/S0278612522001108
https://doi.org/10.1016/j.future.2023.11.033
https://doi.org/10.1016/j.future.2023.11.033
https://www.sciencedirect.com/science/article/pii/S0167739X23004466
https://www.sciencedirect.com/science/article/pii/S0167739X23004466
https://doi.org/10.1016/j.rser.2023.114152
https://doi.org/10.1016/j.rser.2023.114152
https://www.sciencedirect.com/science/article/pii/S1364032123010109
https://www.sciencedirect.com/science/article/pii/S1364032123010109
https://doi.org/10.1002/aesr.202400088
https://doi.org/10.1016/j.ijepes.2020.106674
https://doi.org/10.1016/j.ijepes.2020.106674
https://www.sciencedirect.com/science/article/pii/S0142061520342198
https://www.sciencedirect.com/science/article/pii/S0142061520342198
https://doi.org/10.1016/j.scs.2018.04.008
https://www.sciencedirect.com/science/article/pii/ S2210670717307084
https://doi.org/10.1016/j.rser.2024.114632
https://www.sciencedirect.com/science/article/pii/S1364032124003587
https://www.sciencedirect.com/science/article/pii/S1364032124003587
https://doi.org/10.3390/en14154449
https://doi.org/10.3390/en14082338
https://doi.org/10.1016/j.rser.2021.111782
https://www.sciencedirect.com/science/article/pii/S1364032121010510
https://www.sciencedirect.com/science/article/pii/S1364032121010510
https://doi.org/10.1016/j.buildenv.2024.111429
https://www.sciencedirect.com/science/article/pii/S0360132324002713
https://www.sciencedirect.com/science/article/pii/S0360132324002713
https://doi.org/10.1155/2021/6638897
https://doi.org/10.1016/j.seta.2024.103621
https://doi.org/10.1016/j.seta.2024.103621
https://doi.org/10.3390/en16124590
https://doi.org/10.1109/PES.2007.385847
https://doi.org/10.1109/PES.2007.385847
https://doi.org/10.1016/j.segy.2024.100147
https://www.sciencedirect.com/science/article/pii/S2666955224000170
https://doi.org/10.3030/101139633
https://doi.org/10.3030/101139633
https://cordis.europa.eu/project/id/101139633
https://doi.org/10.1016/j.apenergy.2020.114726
https://doi.org/10.1016/j.apenergy.2020.114726
https://www.sciencedirect.com/science/article/pii/S0306261920302385
https://www.sciencedirect.com/science/article/pii/S0306261920302385
https://doi.org/10.3390/en16010356
https://www.mdpi.com/1996-1073/16/1/356
https://www.mdpi.com/1996-1073/16/1/356
https://doi.org/10.3390/buildings11010019
https://www.mdpi.com/2075-5309/11/1/19
https://www.mdpi.com/2075-5309/11/1/19
https://doi.org/10.1016/j.rser.2023.114068
https://doi.org/10.1016/j.rser.2023.114068
https://www.sciencedirect.com/science/article/pii/S1364032123009267
https://www.sciencedirect.com/science/article/pii/S1364032123009267
https://doi.org/10.1016/j.renene.2020.03.006
https://doi.org/10.1016/j.renene.2020.03.006
https://www.sciencedirect.com/science/article/pii/S0960148120303207
https://www.sciencedirect.com/science/article/pii/S0960148120303207
https://doi.org/10.1016/j.rser.2025.115740
https://doi.org/10.1016/j.rser.2025.115740
https://www.sciencedirect.com/science/article/pii/S1364032125004137
https://www.sciencedirect.com/science/article/pii/S1364032125004137
http://refhub.elsevier.com/S1364-0321(26)00171-1/sbr0340
https://doi.org/10.1016/j.solener.2023.111865
https://www.sciencedirect.com/science/article/pii/S0038092X2300498X
https://www.sciencedirect.com/science/article/pii/S0038092X2300498X
https://doi.org/10.1016/j.rser.2024.114681
https://doi.org/10.1016/j.rser.2024.114681
https://www.sciencedirect.com/science/article/pii/S1364032124004076
https://www.sciencedirect.com/science/article/pii/S1364032124004076
https://doi.org/10.3390/buildings11020078
https://doi.org/10.3390/buildings11020078
https://www.mdpi.com/2075-5309/11/2/78
https://doi.org/10.1016/j.enbuild.2022.111996
https://doi.org/10.1016/j.enbuild.2022.111996
https://www.sciencedirect.com/science/article/pii/S0378778822001670
https://www.sciencedirect.com/science/article/pii/S0378778822001670
https://doi.org/10.1108/SASBE-06-2022-0116
https://doi.org/10.3390/smartcities6010008
https://doi.org/10.3390/smartcities6010008
https://www.mdpi.com/2624-6511/6/1/8


A. Jalilzadeh, A. Rafiee, P. van Oosterom et al.

[75] Dabirian S, Saad MM, Hussain S, Peyman S, Rahimi N, Monsalvete Alvarez 

U P, Yefi P, Eicker U. Structuring heterogeneous urban data: a frame­

work to develop the data model for energy simulation of cities. Energy 

and Buildings 2023;296:113376. https://doi.org/10.1016/j.enbuild.2023.113376. 

https://www.sciencedirect.com/science/article/pii/S0378778823006060. 

[76] Gourisetti SNG, Bhadra S, Sebastian-Cardenas DJ, Touhiduzzaman M, Ahmed O. 

A theoretical open architecture framework and technology stack for digital twins 

in energy sector applications. Energies 2023;16(13). https://doi.org/10.3390/

en16134853. https://www.mdpi.com/1996-1073/16/13/4853. 

[77] Arowoiya VA, Moehler RC, Fang Y. Digital twin technology for thermal comfort 

and energy efficiency in buildings: a state-of-the-art and future directions. Energy 

Built Environ 2024;5(5):641–56. https://doi.org/10.1016/j.enbenv.2023.05.004. 

https://www.sciencedirect.com/science/article/pii/S2666123323000314. 

[78] Omar N, Ariff MAM, Shah AFIM, Mustaza MSA. Estimating synthetic load pro­

file based on student behavior using fuzzy inference system for demand side 

management application. Turk J Electr Eng Comput Sci 2020;28(6):3193–207. 

https://doi.org/10.3906/elk-1912-101

[79] Kaewunruen S, Rungskunroch P, Welsh J. A digital-twin evaluation of net zero 

energy building for existing buildings. Sustainability 2019;11(1). https://doi.org/

10.3390/su11010159. https://www.mdpi.com/2071-1050/11/1/159. 

[80] Brosinsky C, Krebs R, Westermann D. Embedded digital twins in future 

energy management systems: paving the way for automated grid control. 

at Automatisierungstech 2020;68(9):750–64. https://doi.org/10.1515/auto-2020-

0086

[81] Li B, Tan W. A novel framework for integrating solar renewable source into 

smart cities through digital twin simulations. Solar Energy 2023;262:111869. 

https://doi.org/10.1016/j.solener.2023.111869. https://www.sciencedirect.com/

science/article/pii/S0038092X23005029. 

[82] Wang H, Wang Y. Smart cities net zero planning considering renew­

able energy landscape design in digital twin. Sustain Energy Technol 

Assess 2024;63:103629. https://doi.org/10.1016/j.seta.2024.103629. 

https://www.sciencedirect.com/science/article/pii/S2213138824000250. 

[83] Guzman Razo DE, Madsen H, Wittwer C. Genetic algorithm optimization for 

parametrization, digital twinning, and now-casting of unknown small- and 

medium-scale PV systems based only on on-site measured data. Frontiers 

Energy Res 2023;11. https://doi.org/10.3389/fenrg.2023.1060215. https://www.

frontiersin.org/articles/10.3389/fenrg.2023.1060215. 

[84] Natgunanathan I, Mak-Hau V, Rajasegarar S, Anwar A. Deakin mi­

crogrid digital twin and analysis of AI models for power generation 

prediction. Energy Conversion and Management: X 2023;18:100370. 

https://doi.org/10.1016/j.ecmx.2023.100370. https://www.sciencedirect.com/

science/article/pii/S2590174523000260. 

[85] Aruta G, Ascione F, Boettcher O, De Masi RF, Mauro GM, Vanoli GP. Machine 

learning to predict building energy performance in different climates. IOP Conf 

Ser Earth Environ Sci 2022;1078(1):012137. https://doi.org/10.1088/1755-1315/

1078/1/012137. 

[86] Zhu X, Zhang X, Gong P, Li Y. A review of distributed energy system op­

timization for building decarbonization. J Build Eng 2023;73:106735. https:

//doi.org/10.1016/j.jobe.2023.106735. https://www.sciencedirect.com/science/

article/pii/S2352710223009142. 

[87] Hosamo H, Hosamo M, Nielsen HK, Svennevig PR, Svidt K. Digital twin of HVAC 

system (hvacdt) for multiobjective optimization of energy consumption and ther­

mal comfort based on BIM framework with ann-moga. Adv Build Energy Res 

2023;17(2):125–71, publisher Copyright: ©2022 The Author(s). Published by 

Informa UK Limited, trading as Taylor & Francis Group. https://doi.org/10.1080/

17512549.2022.2136240

[88] Pires F, Ahmad B, Moreira AP, Leitão P. Digital twin based what-if simulation 

for energy management. In: 2021 4th IEEE international conference on indus­

trial Cyber-Physical systems (ICPS); 2021. p. 309–14. https://doi.org/10.1109/

ICPS49255.2021.9468224

[89] Sun C, Cao J, Huo R, Du L, Cheng X. Metaverse applications in energy internet. 

In: 2022 IEEE international conference on energy internet (ICEI); 2022. p. 7–12. 

https://api.semanticscholar.org/CorpusID:258084107. 

[90] Casini M. Extended reality for smart building operation and maintenance: a review. 

Energies 2022;15(10). https://doi.org/10.3390/en15103785. https://www.mdpi.

com/1996-1073/15/10/3785. 

[91] Mobtahej M, Barzegaran M, Esapour K. A novel three-stage demand side manage­

ment framework for stochastic energy scheduling of renewable microgrids. Solar 

Energy 2023;256:32–43. https://doi.org/10.1016/j.solener.2023.03.056. https://

www.sciencedirect.com/science/article/pii/S0038092X23002165

[92] Sun H, Liu N, Tan L, Du P, Zhang B. Digital twin-based online resilience scheduling 

for microgrids: an approach combining imitative learning and deep reinforce­

ment learning. IET Renew Power Gener 2024;18(1):1–13. https://doi.org/10.

1049/rpg2.12887

[93] Simonazzi M, Delmonte N, Cova P, Ferrari G, Zanichelli F, Menozzi R. Modeling of 

a university campus micro-grid for optimal planning of renewable generation and 

storage deployment. In: 2021 IEEE international smart cities conference (ISC2); 

2021. p. 1–7. https://doi.org/10.1109/ISC253183.2021.9562796

[94] Leopold U, Braun C, Pinheiro P. An interoperable digital twin to simulate 

spatio-temporal photovoltaic power output and grid congestion at neighbour­

hood and city levels in Luxembourg. Int Arch Photogramm Remote Sens Spat 

Inf Sci 2023;XLVIII-4/W7-2023:95–100. https://doi.org/10.5194/isprs-archives-

XLVIII-4-W7-2023-95-2023. https://isprs-archives.copernicus.org/articles/XLVIII-

4-W7-2023/95/2023/. 

[95] Yuan G, Xie F. Digital twin-based economic assessment of solar energy in smart mi­

crogrids using reinforcement learning technique. Solar Energy 2023;250:398–408. 

https://doi.org/10.1016/j.solener.2022.12.031. https://www.sciencedirect.com/

science/article/pii/S0038092X22009021. 

[96] Eleftheriou O, Dimara A, Kotis K, Anagnostopoulos C-N. Saving energy with com­

fort: a semantic digital twin approach for smart buildings. In: Proceedings of the 

third international workshop on semantic digital twins (SeDiT 2022) in conjunction 

with the 19th european semantic web conference (ESWC 2022); 2022.

[97] Spudys P, Afxentiou N, Georgali P-Z, Klumbyte E, Jurelionis A, Fokaides 

P. Classifying the operational energy performance of buildings with the 

use of digital twins. Energy and Buildings 2023;290:113106. https://doi.org/

10.1016/j.enbuild.2023.113106. https://www.sciencedirect.com/science/article/

pii/S0378778823003365. 

[98] Daniotti B, Masera G, Bolognesi CM, Spagnolo SL, Pavan A, Iannaccone G, Signorini 

M, Ciuffreda S, Mirarchi C, Lucky M, Cucuzza M. The development of a BIM-based 

interoperable toolkit for efficient renovation in buildings: from BIM to digital twin. 

Buildings 2022;12(2). https://doi.org/10.3390/buildings12020231. https://www.

mdpi.com/2075-5309/12/2/231. 

[99] Buckley N, Mills G, Letellier-Duchesne S, Benis K. Designing an energy-resilient 

neighbourhood using an urban building energy model. Energies 2021;14(15). 

https://doi.org/10.3390/en14154445. https://www.mdpi.com/1996-1073/14/

15/4445. 

[100] Dulaimi A, Hamida R, Naser M, Mawed M. Digital twin solution implemented on 

energy HUB to foster sustainable smart energy city, case study of sustainable smart 

energy HUB. ISPRS Ann Photogramm Remote Sens Spat Inf Sci 2022;X-4/W3-

2022:41–8. https://doi.org/10.5194/isprs-annals-X-4-W3-2022-41-2022. https://

isprs-annals.copernicus.org/articles/X-4-W3-2022/41/2022/. 

[101] Gao L, Gao Z. An optimal management architecture based on digital twin 

for smart solar-based islands incorporating deep learning and modified par­

ticle swarm optimization. Solar Energy 2023;262:111872. https://doi.org/10.

1016/j.solener.2023.111872. https://www.sciencedirect.com/science/article/pii/

S0038092X23005054. 

[102] Park H-A, Byeon G, Son W, Jo H-C, Kim J, Kim S. Digital twin for op­

eration of microgrid: optimal scheduling in virtual space of digital twin. 

Energies 2020;13(20):5504. https://doi.org/10.3390/en13205504. https://www.

mdpi.com/1996-1073/13/20/5504. 

[103] Akroyd J, Mosbach S, Bhave A, Kraft M. Universal digital twin - a dynamic 

knowledge graph. Data-Centric Eng 2021;2. https://doi.org/10.1017/dce.2021.10. 

http://dx.doi.org/10.1017/dce.2021.10. 

[104] Pexyean T, Saraubon K, Nilsook P. IOT, AI and digital twin for smart cam­

pus. In: 2022 research, invention, and innovation congress: innovative electricals 

and electronics (ri2c); 2022. p. 160–4. https://doi.org/10.1109/RI2C56397.2022.

9910286

[105] Deena G, Gulati K, Jha R, Bajjuri UR, Sahithullah M, Singh M. Artificial intelligence 

and a digital twin are effecting building energy management. In: 2022 international 

conference on innovative computing, intelligent communication and smart elec­

trical systems (ICSES); 2022. p. 1–8. https://api.semanticscholar.org/CorpusID:

252900240. 

[106] Santhanavanich T, Padsala R, Würstle P, Coors V. The spatial data in­

frastructure of an urban digital twin in the building energy domain us­

ing ogc standards. ISPRS Ann Photogramm Remote Sens Spat Inf Sci 

2022;X-4/W2-2022:249–56. https://doi.org/10.5194/isprs-annals-X-4-W2-2022-

249-2022. https://isprs-annals.copernicus.org/articles/X-4-W2-2022/249/2022/. 

[107] Li C, Lu P, Zhu W, Zhu H, Zhang X. Intelligent monitoring platform and 

application for building energy using information based on digital twin. 

Energies 2023;16(19). https://doi.org/10.3390/en16196839. https://www.mdpi.

com/1996-1073/16/19/6839. 

[108] Kumari N, Sharma A, Tran B, Chilamkurti N, Alahakoon D. A comprehensive review 

of digital twin technology for grid-connected microgrid systems: state of the art, 

potential and challenges faced. Energies 2023;16(14). https://doi.org/10.3390/

en16145525. https://www.mdpi.com/1996-1073/16/14/5525. 

[109] Johari F, Lindberg O, Ramadhani UH, Shadram F, Munkhammar J, 

Widén J. Analysis of large-scale energy retrofit of residential buildings 

and their impact on the electricity grid using a validated ubem. Applied 

Energy 2024;361:122937. https://doi.org/10.1016/j.apenergy.2024.122937. 

https://www.sciencedirect.com/science/article/pii/S0306261924003209. 

[110] O’Dwyer E, Pan I, Charlesworth R, Butler S, Shah N. Integration of an en­

ergy management tool and digital twin for coordination and control of multi-

vector smart energy systems. Sustain Cities Soc 2020;62:102412. https://doi.

org/10.1016/j.scs.2020.102412. https://www.sciencedirect.com/science/article/

pii/S2210670720306338. 

[111] Olabi AG, Abdelkareem MA, Jouhara H. Energy digitalization: main categories, 

applications, merits, and barriers. Energy 2023;271:126899. https://doi.org/10.

1016/j.energy.2023.126899. https://www.sciencedirect.com/science/article/pii/

S0360544223002931. 

[112] Xie W, Farazi F, Atherton J, Bai J, Mosbach S, Akroyd J, Kraft M. Dynamic knowl­

edge graph approach for modelling the decarbonisation of power systems. Energy 

and AI 2024;17:100359. https://doi.org/10.1016/j.egyai.2024.100359. https://

www.sciencedirect.com/science/article/pii/S2666546824000259. 

[113] Majidi Nezhad M, Moradian S, Guezgouz M, Shi X, Avelin A, Wallin F. A gis-portal 

platform from the data perspective to energy HUB digitalization solutions- a review 

and a case study. Renew Sustain Energy Rev 2025;223:116019. https://doi.org/

10.1016/j.rser.2025.116019. https://www.sciencedirect.com/science/article/pii/

S1364032125006926. 

Renewable and Sustainable Energy Reviews 234 (2026) 116872 

22 

https://doi.org/10.1016/j.enbuild.2023.113376
https://www.sciencedirect.com/science/article/pii/S0378778823006060
https://doi.org/10.3390/en16134853
https://doi.org/10.3390/en16134853
https://www.mdpi.com/1996-1073/16/13/4853
https://doi.org/10.1016/j.enbenv.2023.05.004
https://www.sciencedirect.com/science/article/pii/S2666123323000314
https://doi.org/10.3906/elk-1912-101
https://doi.org/10.3390/su11010159
https://doi.org/10.3390/su11010159
https://www.mdpi.com/2071-1050/11/1/159
https://doi.org/10.1515/auto-2020-0086
https://doi.org/10.1515/auto-2020-0086
https://doi.org/10.1016/j.solener.2023.111869
https://www.sciencedirect.com/science/article/pii/S0038092X23005029
https://www.sciencedirect.com/science/article/pii/S0038092X23005029
https://doi.org/10.1016/j.seta.2024.103629
https://www.sciencedirect.com/science/article/pii/S2213138824000250
https://doi.org/10.3389/fenrg.2023.1060215
https://www.frontiersin.org/articles/10.3389/fenrg.2023.1060215
https://www.frontiersin.org/articles/10.3389/fenrg.2023.1060215
https://doi.org/10.1016/j.ecmx.2023.100370
https://www.sciencedirect.com/science/article/pii/S2590174523000260
https://www.sciencedirect.com/science/article/pii/S2590174523000260
https://doi.org/10.1088/1755-1315/1078/1/012137
https://doi.org/10.1088/1755-1315/1078/1/012137
https://doi.org/10.1016/j.jobe.2023.106735
https://doi.org/10.1016/j.jobe.2023.106735
https://www.sciencedirect.com/science/article/pii/S2352710223009142
https://www.sciencedirect.com/science/article/pii/S2352710223009142
https://doi.org/10.1080/17512549.2022.2136240
https://doi.org/10.1080/17512549.2022.2136240
https://doi.org/10.1109/ICPS49255.2021.9468224
https://doi.org/10.1109/ICPS49255.2021.9468224
https://api.semanticscholar.org/CorpusID:258084107
https://doi.org/10.3390/en15103785
https://www.mdpi.com/1996-1073/15/10/3785
https://www.mdpi.com/1996-1073/15/10/3785
https://doi.org/10.1016/j.solener.2023.03.056
https://www.sciencedirect.com/science/article/pii/ S0038092X23002165
https://www.sciencedirect.com/science/article/pii/ S0038092X23002165
https://doi.org/10.1049/rpg2.12887
https://doi.org/10.1049/rpg2.12887
https://doi.org/10.1109/ISC253183.2021.9562796
https://doi.org/10.5194/isprs-archives-XLVIII-4-W7-2023-95-2023
https://doi.org/10.5194/isprs-archives-XLVIII-4-W7-2023-95-2023
https://isprs-archives.copernicus.org/articles/XLVIII-4-W7-2023/95/2023/
https://isprs-archives.copernicus.org/articles/XLVIII-4-W7-2023/95/2023/
https://doi.org/10.1016/j.solener.2022.12.031
https://www.sciencedirect.com/science/article/pii/S0038092X22009021
https://www.sciencedirect.com/science/article/pii/S0038092X22009021
http://refhub.elsevier.com/S1364-0321(26)00171-1/sbr0480
http://refhub.elsevier.com/S1364-0321(26)00171-1/sbr0480
http://refhub.elsevier.com/S1364-0321(26)00171-1/sbr0480
http://refhub.elsevier.com/S1364-0321(26)00171-1/sbr0480
https://doi.org/10.1016/j.enbuild.2023.113106
https://doi.org/10.1016/j.enbuild.2023.113106
https://www.sciencedirect.com/science/article/pii/S0378778823003365
https://www.sciencedirect.com/science/article/pii/S0378778823003365
https://doi.org/10.3390/buildings12020231
https://www.mdpi.com/2075-5309/12/2/231
https://www.mdpi.com/2075-5309/12/2/231
https://doi.org/10.3390/en14154445
https://www.mdpi.com/1996-1073/14/15/4445
https://www.mdpi.com/1996-1073/14/15/4445
https://doi.org/10.5194/isprs-annals-X-4-W3-2022-41-2022
https://isprs-annals.copernicus.org/articles/X-4-W3-2022/41/2022/
https://isprs-annals.copernicus.org/articles/X-4-W3-2022/41/2022/
https://doi.org/10.1016/j.solener.2023.111872
https://doi.org/10.1016/j.solener.2023.111872
https://www.sciencedirect.com/science/article/pii/S0038092X23005054
https://www.sciencedirect.com/science/article/pii/S0038092X23005054
https://doi.org/10.3390/en13205504
https://www.mdpi.com/1996-1073/13/20/5504
https://www.mdpi.com/1996-1073/13/20/5504
https://doi.org/10.1017/dce.2021.10
http://dx.doi.org/10.1017/dce.2021.10
https://doi.org/10.1109/RI2C56397.2022.9910286
https://doi.org/10.1109/RI2C56397.2022.9910286
https://api.semanticscholar.org/CorpusID:252900240
https://api.semanticscholar.org/CorpusID:252900240
https://doi.org/10.5194/isprs-annals-X-4-W2-2022-249-2022
https://doi.org/10.5194/isprs-annals-X-4-W2-2022-249-2022
https://isprs-annals.copernicus.org/articles/X-4-W2-2022/249/2022/
https://doi.org/10.3390/en16196839
https://www.mdpi.com/1996-1073/16/19/6839
https://www.mdpi.com/1996-1073/16/19/6839
https://doi.org/10.3390/en16145525
https://doi.org/10.3390/en16145525
https://www.mdpi.com/1996-1073/16/14/5525
https://doi.org/10.1016/j.apenergy.2024.122937
https://www.sciencedirect.com/science/article/pii/S0306261924003209
https://doi.org/10.1016/j.scs.2020.102412
https://doi.org/10.1016/j.scs.2020.102412
https://www.sciencedirect.com/science/article/pii/S2210670720306338
https://www.sciencedirect.com/science/article/pii/S2210670720306338
https://doi.org/10.1016/j.energy.2023.126899
https://doi.org/10.1016/j.energy.2023.126899
https://www.sciencedirect.com/science/article/pii/S0360544223002931
https://www.sciencedirect.com/science/article/pii/S0360544223002931
https://doi.org/10.1016/j.egyai.2024.100359
https://www.sciencedirect.com/science/article/pii/S2666546824000259
https://www.sciencedirect.com/science/article/pii/S2666546824000259
https://doi.org/10.1016/j.rser.2025.116019
https://doi.org/10.1016/j.rser.2025.116019
https://www.sciencedirect.com/science/article/pii/S1364032125006926
https://www.sciencedirect.com/science/article/pii/S1364032125006926


A. Jalilzadeh, A. Rafiee, P. van Oosterom et al.

[114] Balijepalli VSKM, Sielker F, Karmakar G. Evolution of power system cim to digi­

tal twins - a comprehensive review and analysis. IEEE 2021. https://doi.org/10.

17863/CAM.76504. https://www.repository.cam.ac.uk/handle/1810/329059. 

[115] Park J, Yang B. Gis-enabled digital twin system for sustainable evaluation 

of carbon emissions: a case study of jeonju city, south korea. Sustainability 

2020;12(21):1–21. https://ideas.repec.org/a/gam/jsusta/v12y2020i21p9186-

d440133.html. 

[116] Nepsha FS, Nebera AA, Andrievsky AA, Krasilnikov MI. Development 

of an ontology for smart distributed energy systems. IFAC Pap OnLine 

2022;55(9):454–9, doi:https://doi.org/10.1016/j.ifacol.2022.07.079. https:

//www.sciencedirect.com/science/article/pii/S2405896322004645. 

[117] KTH Royal Institute of Technology. Digital twin for smart grid connected 

buildings. 2024, https://www.energy.kth.se/heat-and-power-technology/current-

projects/digital-twin-for-smart-grid-connected-buildings-1.1334300 Accessed 11 

Nov 2025. project timeframe: 2024-2028. 

[118] Deng Z, Chen Y, Yang J, Chen Z. Archetype identification and urban build­

ing energy modeling for city-scale buildings based on GIS datasets. Build Simul 

2022;15(9):1547–59. https://doi.org/10.1007/s12273-021-0878-4

[119] Bass B, New J, Copeland W. Potential energy, demand, emissions, and cost savings 

distributions for buildings in a utility’s service area. Energies 2021;14(1). https:

//doi.org/10.3390/en14010132. https://www.mdpi.com/1996-1073/14/1/132. 

[120] Eurelectric. A snapshot of cybersecurity in the EU, Policy brief, Brussels: Union 

of the Electricity Industry. Nov 2024. https://www.eurelectric.org/wp-content/

uploads/2024/11/A-Eurelectric-snapshot-of-Cybersecurity-2024-11-18-FINAL.pdf 

[accessed 11 Nov 2025]. 

[121] Silander D. The european commission and Europe 2020: smart, sustainable and 

inclusive growth. In: Smart, sustainable and inclusive growth. Edward Elgar 

Publishing; 2019. pp. 2–35. https://doi.org/10.4337/9781788974097.00006

[122] Dellaly M, Skander-Mustapha S, Slama-Belkhodja I. Optimization of a residential 

community’s curtailed PV power to meet distribution grid load profile require­

ments. Renewable Energy 2023;218(C). https://doi.org/10.1016/j.renene.2023.

119. https://ideas.repec.org/a/eee/renene/v218y2023ics0960148123012570.

html. 

[123] Habibi S. Micro-climatization and real-time digitalization effects on en­

ergy efficiency based on user behavior. Build Environ 2017;114:410–28. 

https://doi.org/10.1016/j.buildenv.2016.12.039. https://www.sciencedirect.

com/science/article/pii/S0360132316305406. 

[124] Müller B, Hardt L, Armbruster A, Kiefer K, Reise C. Yield predictions for pho­

tovoltaic power plants: empirical validation, recent advances and remaining 

uncertainties. Prog Photovolt Res Appl 2016;24(4):570–83.

[125] Cheng T, Zhu X, Yang F, Wang W. Machine learning enabled learning based 

optimization algorithm in digital twin simulator for management of smart is­

landed solar-based microgrids. Solar Energy 2023;250:241–7. https://doi.org/10.

1016/j.solener.2022.12.040. https://www.sciencedirect.com/science/article/pii/

S0038092X22009203. 

[126] Hammerschmid M, Konrad J, Werner A, Popov T, Müller S. Eneco2calc—a 

modeling tool for the investigation of energy transition paths toward climate 

neutrality within municipalities. Energies 2022;15(19). https://doi.org/10.3390/

en15197162. https://www.mdpi.com/1996-1073/15/19/7162. 

[127] Cao H, Zhang D, Yi S. Real-time machine learning-based fault detection, clas­

sification, and locating in large scale solar energy-based systems: digital twin

simulation. Solar Energy 2023;251:77–85. https://doi.org/10.1016/j.solener.

2022.12.042. https://www.sciencedirect.com/science/article/pii/S0038092X22

009215. 

[128] Fan X, Li Y. Energy management of renewable based power grids using ar­

tificial intelligence: digital twin of renewables. Sol Energy 2023;262:111867. 

https://doi.org/10.1016/j.solener.2023.111867. https://www.sciencedirect.com/

science/article/pii/S0038092X23005005. 

[129] Eibeck A, Chadzynski A, Lim MQ, Aditya K, Ong L, Devanand A, Karmakar G, 

Mosbach S, Lau R, Karimi IA, et al. A parallel world framework for scenario analysis 

in knowledge graphs. Data-Centric Eng 2020;1:e6. https://doi.org/10.1017/dce.

2020.6

[130] Agouzzal K, Abbou A. A hybrid method integrating industry 4.0’s energy digiti­

zation. WSEAS Trans Syst 2022;21(17):157–67. https://doi.org/10.37394/23202.

2022.21.17

[131] Hribar J, Mohorčič M, Čampa A. Improving energy autonomy of positive energy 

districts using multi-agent deep reinforcement learning. Sci Rep 2025;15(1):27798. 

https://doi.org/10.1038/s41598-025-12554-x

[132] He Q, Wu M, Liu C, Jin D, Zhao M. Management and real-time monitoring of in­

terconnected energy hubs using digital twin: machine learning based approach. 

Solar Energy 2023;250:173–81. https://doi.org/10.1016/j.solener.2022.12.041. 

https://www.sciencedirect.com/science/article/pii/S0038092X22009227. 

[133] Liu H, Liu Q, Rao C, Wang F, Alsokhiry F, Shvetsov AV, Mohamed MA. An ef­

fective energy management layout-based reinforcement learning for household 

demand response in digital twin simulation. Solar Energy 2023;258:95–105. 

https://doi.org/10.1016/j.solener.2023.04.051. https://www.sciencedirect.com/

science/article/pii/S0038092X23002967. 

[134] Li Q, Cui Z, Cai Y, Su Y, Wang B. Renewable-based microgrids’ energy man­

agement using smart deep learning techniques: realistic digital twin case. Solar 

Energy 2023;250:128–38. https://doi.org/10.1016/j.solener.2022.12.030. https:

//www.sciencedirect.com/science/article/pii/S0038092X2200901X. 

[135] Teng SY, Touš M, Leong WD, How BS, Lam HL, Mása V. Recent advances on indus­

trial data-driven energy savings: digital twins and infrastructures. Renew Sustain 

Energy Rev 2021;135:110208. https://doi.org/10.1016/j.rser.2020.110208. https:

//www.sciencedirect.com/science/article/pii/S1364032120304974. 

[136] Causone F, Scoccia R, Pelle M, Colombo P, Motta M, Ferroni S. Neighborhood 

energy modeling and monitoring: a case study. Energies 2021;14(12). https://doi.

org/10.3390/en14123716. https://www.mdpi.com/1996-1073/14/12/3716. 

[137] Shen J, Saini PK, Zhang X. Machine learning and artificial intelligence for digital 

twin to accelerate sustainability in positive energy districts. Singapore: Springer 

Singapore; 2021. pp. 411–22. https://doi.org/10.1007/978-981-16-2778-1-20

[138] Xu W, Liu S. Novel economic models for advancing urban energy management 

and transition: simulation of urban energy system in digital twin. Sustain Cities 

Soc 2024;101:105154. https://doi.org/10.1016/j.scs.2023.105154. https://www.

sciencedirect.com/science/article/pii/S2210670723007631. 

[139] Bâra A, Oprea S-V. Enabling coordination in energy communities: a digi­

tal twin model. Energy Policy 2024;184:113910. https://doi.org/10.1016/

j.enpol.2023.113910. https://www.sciencedirect.com/science/article/pii/

S0301421523004950. 

[140] Hua W, Stephen B, Wallom DCH. Digital twin based reinforcement learning for 

extracting network structures and load patterns in planning and operation of 

distribution systems. Appl Energy 2023;342:121128. https://doi.org/10.1016/j.

apenergy.2023.121128

[141] Satchwell A, Piette MA, Khandekar A, Granderson J, Frick NM, Hledik R, Faruqui 

A, Lam L, Ross S, Cohen J, et al. A national roadmap for grid-interactive ef­

ficient buildings, Tech. Rep. LBNL-2001470, Berkeley, CA: Lawrence Berkeley 

National Laboratory. May 2021. https://doi.org/10.20357/B7MS3H. https://eta-

publications.lbl.gov/sites/default/files/geb_roadmap.pdf. 

Renewable and Sustainable Energy Reviews 234 (2026) 116872 

23 

https://doi.org/10.17863/CAM.76504
https://doi.org/10.17863/CAM.76504
https://www.repository.cam.ac.uk/handle/1810/329059
https://ideas.repec.org/a/gam/jsusta/v12y2020i21p9186-d440133.html
https://ideas.repec.org/a/gam/jsusta/v12y2020i21p9186-d440133.html
https://doi.org/10.1016/j.ifacol.2022.07.079
https://www.sciencedirect.com/science/article/pii/S2405896322004645
https://www.sciencedirect.com/science/article/pii/S2405896322004645
https://www.energy.kth.se/heat-and-power-technology/current-projects/digital-twin-for-smart-grid-connected-buildings-1.1334300
https://www.energy.kth.se/heat-and-power-technology/current-projects/digital-twin-for-smart-grid-connected-buildings-1.1334300
https://doi.org/10.1007/s12273-021-0878-4
https://doi.org/10.3390/en14010132
https://doi.org/10.3390/en14010132
https://www.mdpi.com/1996-1073/14/1/132
https://www.eurelectric.org/wp-content/uploads/2024/11/A-Eurelectric-snapshot-of-Cybersecurity-2024-11-18-FINAL.pdf
https://www.eurelectric.org/wp-content/uploads/2024/11/A-Eurelectric-snapshot-of-Cybersecurity-2024-11-18-FINAL.pdf
https://doi.org/10.4337/9781788974097.00006
https://doi.org/10.1016/j.renene.2023.119
https://doi.org/10.1016/j.renene.2023.119
https://ideas.repec.org/a/eee/renene/v218y2023ics0960148123012570.html
https://ideas.repec.org/a/eee/renene/v218y2023ics0960148123012570.html
https://doi.org/10.1016/j.buildenv.2016.12.039
https://www.sciencedirect.com/science/article/pii/S0360132316305406
https://www.sciencedirect.com/science/article/pii/S0360132316305406
http://refhub.elsevier.com/S1364-0321(26)00171-1/sbr0620
http://refhub.elsevier.com/S1364-0321(26)00171-1/sbr0620
http://refhub.elsevier.com/S1364-0321(26)00171-1/sbr0620
https://doi.org/10.1016/j.solener.2022.12.040
https://doi.org/10.1016/j.solener.2022.12.040
https://www.sciencedirect.com/science/article/pii/S0038092X22009203
https://www.sciencedirect.com/science/article/pii/S0038092X22009203
https://doi.org/10.3390/en15197162
https://doi.org/10.3390/en15197162
https://www.mdpi.com/1996-1073/15/19/7162
https://doi.org/10.1016/j.solener.2022.12.042
https://doi.org/10.1016/j.solener.2022.12.042
https://www.sciencedirect.com/science/article/pii/S0038092X22009215
https://www.sciencedirect.com/science/article/pii/S0038092X22009215
https://doi.org/10.1016/j.solener.2023.111867
https://www.sciencedirect.com/science/article/pii/S0038092X23005005
https://www.sciencedirect.com/science/article/pii/S0038092X23005005
https://doi.org/10.1017/dce.2020.6
https://doi.org/10.1017/dce.2020.6
https://doi.org/10.37394/23202.2022.21.17
https://doi.org/10.37394/23202.2022.21.17
https://doi.org/10.1038/s41598-025-12554-x
https://doi.org/10.1016/j.solener.2022.12.041
https://www.sciencedirect.com/science/article/pii/S0038092X22009227
https://doi.org/10.1016/j.solener.2023.04.051
https://www.sciencedirect.com/science/article/pii/S0038092X23002967
https://www.sciencedirect.com/science/article/pii/S0038092X23002967
https://doi.org/10.1016/j.solener.2022.12.030
https://www.sciencedirect.com/science/article/pii/S0038092X2200901X
https://www.sciencedirect.com/science/article/pii/S0038092X2200901X
https://doi.org/10.1016/j.rser.2020.110208
https://www.sciencedirect.com/science/article/pii/S1364032120304974
https://www.sciencedirect.com/science/article/pii/S1364032120304974
https://doi.org/10.3390/en14123716
https://doi.org/10.3390/en14123716
https://www.mdpi.com/1996-1073/14/12/3716
https://doi.org/10.1007/978-981-16-2778-1-20
https://doi.org/10.1016/j.scs.2023.105154
https://www.sciencedirect.com/science/article/pii/S2210670723007631
https://www.sciencedirect.com/science/article/pii/S2210670723007631
https://doi.org/10.1016/j.enpol.2023.113910
https://doi.org/10.1016/j.enpol.2023.113910
https://www.sciencedirect.com/science/article/pii/S0301421523004950
https://www.sciencedirect.com/science/article/pii/S0301421523004950
https://doi.org/10.1016/j.apenergy.2023.121128
https://doi.org/10.1016/j.apenergy.2023.121128
https://doi.org/10.20357/B7MS3H
https://eta-publications.lbl.gov/sites/default/files/geb_roadmap.pdf
https://eta-publications.lbl.gov/sites/default/files/geb_roadmap.pdf

	A comprehensive review and framework on the applications of digital twins for energy transition at the district level
	1 Introduction
	1.1 The energy transition imperative
	1.2 Districts as the critical scale
	1.3 The challenge: coordinating district energy planning
	1.4 Digital twins as potential integrative platform
	1.5 Research objectives and contribution
	1.6 Paper organization

	2 Background
	2.1 Digital twin fundamentals
	2.2 District energy transition: planning contexts

	3 Article review methodology
	3.1 Research design
	3.2 Search strategy
	3.3 Screening and selection
	3.4 Analysis framework

	4 Bibliometric network analysis
	4.1 Community detection in keyword co-occurrence networks
	4.1.1 Network construction and community detection
	4.1.2 Identified research communities
	4.1.3 Community connectivity patterns
	4.1.4 Hierarchical clustering analysis
	4.1.5 Discoveries: three fundamental patterns
	4.1.6 Interpretation: understanding the barriers


	5 Digital twin components for district energy transition
	5.1 Two paradigms in district energy transitions
	5.1.1 Paradigm characteristics and origins
	5.1.2 Applications organized by paradigm

	5.2 Value propositions and benefits
	5.3 Economic viability of digital twin-enabled district coordination
	5.4 Functional evolution and maturity
	5.5 Data infrastructure and management
	5.5.1 Semantic differences between domains
	5.5.2 Temporal coordination across planning horizons
	5.5.3 Standards within and across domains
	5.5.4 Data quality and governance requirements
	5.5.5 Integration requirements

	5.6 Modeling and analysis methods
	5.6.1 Physics-based and data-driven energy modeling
	5.6.2 Multi-domain performance indicators

	5.7 Scenario planning, optimization, and decision support
	5.7.1 Temporal scales and decision contexts
	5.7.2 Scenario analysis approaches
	5.7.3 Optimization methods and algorithms
	5.7.4 Demand management strategies

	5.8 Technology platforms and visualization
	5.8.1 Technology and tools
	5.8.2 Visualization technologies

	5.9 Implementation considerations
	5.9.1 Validation and adaptive control
	5.9.2 Stakeholder coordination requirements


	6 Toward integrated district energy planning: a framework approach
	6.1 Framework rationale and architecture
	6.2 Framework operation: an illustrative example
	6.3 Mapping existing implementations to framework components
	6.4 Strengthening domain connections through semantic integration
	6.4.1 Coordination need
	6.4.2 Framework response: knowledge graph architecture

	6.5 Strengthening temporal coordination across planning horizons
	6.5.1 Coordination need
	6.5.2 Framework response: coupled simulation engine

	6.6 Enabling sequential planning through optimization
	6.6.1 Coordination need
	6.6.2 Framework response: sequential optimization component

	6.7 Cross-cutting infrastructure: stakeholder coordination platform
	6.8 Managing uncertainty

	7 Discussion
	7.1 Limitations
	7.2 Future directions

	8 Conclusion
	CRediT authorship contribution statement
	Declaration of generative AI and AI-assisted technologies in the writing process
	Declaration of competing interest
	Acknowledgment
	Data availability
	References






