
Journal of Environmental & Earth Sciences | Volume 08 | Issue 01 | January 2026

Journal of Environmental & Earth Sciences

https://journals.bilpubgroup.com/index.php/jees

REVIEW

Digital Twin and AI-Driven Carbon Management in Sustainable

Construction and Urban Design

Xiaoxuan Wang

Architectural Engineering School, Xiamen Nanyang University, Xiamen 361102, China

ABSTRACT

The built environment and construction industry are another significant source of carbon emissions to the environment

in the world, through the production of materials, construction activities, and the energy consumed during the lifecycle

of an asset. These emissions are difficult to manage effectively because the data are not consolidated, the operating

conditions are dynamic, and the traditional assessment tools are not able to support continuous and data-driven deci-

sions. The new technologies, especially Digital Twins (DT) and artificial intelligence (AI), have some potential solutions,

which will combine the lifecycle data and provide a predictive, adaptive carbon management in the building and urban

systems. The given paper is a systematic review of the integration of DT and AI (DT–AI) into carbon management

in operational construction and urban planning. Structured database searches and filters on the basis of DT-facilitated

carbon monitoring, prediction, optimization, and operational control were used to identify peer-reviewed studies that were

published within the last few years and filtered through to gather them. Three main functions of DT–AI systems are

outlined in the review: predicting carbon emissions on the basis of data-driven models, optimizing low-carbon design and

planning with multi-objective approaches, and providing intelligent control of the energy systems. Some of the major

issues are data interoperability, model validation, and a lack of evidence of large-scale deployment. This study combines

integrated DT–AI models and their contribution to lifecycle carbon management, unlike the previous reviews of either

DT or AI alone. The paper ends with a conclusion and recommendations to create scalable, validated DT–AI solutions to
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accomplish carbon-neutral built environments.

Keywords: Digital Twin; Artificial Intelligence; Carbon Management; Sustainable Construction; Urban Design

1. Introduction

The built environment and construction industry play a

central role in mitigating climate change globally. A large pro-

portion of the energy used and the greenhouse gases emitted

worldwide is associated with buildings and infrastructure, both

in the production of materials, construction, operations of the

structures, and their dismantling. These emissions are active

in various stages of the lifecycle, such as design, construction,

use, renovation, and demolition. With increasing carbon neu-

trality goals and stricter environmental standards in different

countries and governments, better carbon management across

the lifecycle of built assets has become a primary concern

among researchers, practitioners, and policymakers [1–3].

Nevertheless, proper management of carbon in the built

environment is not easy. Lifecycle emissions are caused by

a wide range of sources, including the manufacturing of ma-

terials, construction logistics, energy consumption, mainte-

nance, and other aspects, and include numerous stakeholders

working at time-dispersed project phases. The conventional

methods of carbon accounting tend to be based on fixed

lifecycle and simplistic forms of energy modeling that are

incapable of reflecting the dynamic conditions of operations

or changing design choices. It is therefore observed that

most carbon reduction strategies are reactive as opposed to

proactive and consequently are limited in their effectiveness.

To overcome these challenges, digital systems that will con-

tinuously combine lifecycle data, simulate future scenarios,

and help in making real-time decisions are needed [4–6].

Digital Twin (DT) is a new technology that has come

in as a potential solution to such needs. A Digital Twin can

be described as a digital manifestation of a physical system

or object, which is constantly updated with both real-time

and historical data about it throughout its lifecycle. In the

built environment, DT platforms combine information about

building information modeling (BIM), sensors, Internet of

Things (IoT) devices, and operational databases to form an

ever-changing model of buildings, infrastructure, or urban

systems. It is an integrated digital space that allows tracking

and simulating asset behavior under various conditions, and

analyzing it. Within the framework of sustainability, DTs

have the potential to monitor energy consumption, screen de-

sign options, and test operational strategies that have effects

on carbon emissions [7–9].

As much as DT platforms give us the digital infrastruc-

ture that allows integrating data and representing systems,

analytical abilities that are offered by artificial intelligence

(AI) offer the solution that converts data into actionable in-

sights. The AI methods, such as machine learning, optimiza-

tion algorithms, and reinforcement learning (RL), help the

system to identify patterns in complicated data, predict en-

ergy demand and emissions, optimize design settings, and

assist in adopting operational controls. Integrated with DT

environments, AI models have the potential to keep learn-

ing on the operational data, update predictions, and assist in

making decisions at different stages of the lifecycle. This DT

AI combination is thus a potent solution towards developing

carbon-conscious planning, construction management, and

building operation [10].

Even though there has been an increasing interest in

the integration of DT and AI, the current body of research is

still disjointed. The current literature usually looks at each

technology separately, i.e., DT platforms to monitor building

construction or AI models to predict energy consumption,

but does not systematically investigate the interactions of

these elements to help with the overall carbon management.

Additionally, most of the publications focus on technical ad-

vancement or application-specific cases without generalizing

the methodology trends and implementation issues. Conse-

quently, such critical questions have remained unanswered:

what are the most suitable AI approaches to various carbon

management tasks, how can DT infrastructures be used to

incorporate life cycle carbon, and what impediments prevent

the use of DT–AI systems in the real-life construction and

urban environmental setting?

The literature also has one more weakness in that there

is no critical synthesis of the outcomes of implementation

and real-world constraints. Numerous researchers prove the

theoretical advantages of DT–AI systems by simulation or

pilot projects, and fewer of them report factual evidence of
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carbon reduction functionality under operational conditions.

Problems connected to data interoperability, model valida-

tion, governance frameworks, and lifecycle data availability

are often identified but seldom looked at at a systematic level

throughout the literature. Therefore, it is unclear how DT–

AI interplay would impact sustainable construction and city

planning [11].

To fill these gaps, this paper will give an in-depth re-

view of Digital Twin and AI integration to manage carbon

in the built environment. With the review, the role of DT

infrastructures in integrating lifecycle carbon data and the

role of AI methods in predictive analytics, optimization, and

intelligent control to minimize emissions are analyzed. How-

ever, instead of concentrating on individual technologies, the

paper can generalize on the relationship between DT plat-

forms andAI techniques in various application settings, such

as building design, building management, and operational

energy systems [12].

Certain attention of the review is also paid to defining

methodological patterns and limitations of research in the

new DT–AI literature. The research compares the various

AI strategies, which include supervised learning, reinforce-

ment learning, and hybrid physics-AI models, to determine

their appropriateness in performing different carbon manage-

ment tasks. Moreover, the review examines the challenges

in implementation, such as quality of data limitation, inter-

operability and lack of long-term deployment studies. It

is imperative to comprehend these factors to translate the

DT–AI research into scalable solutions that can be used to

facilitate carbon-neutral built environments [3,13].

This review has threefold objectives. First, it sum-

marizes existing studies on Digital Twin technology as a

lifecycle carbon monitoring and analysis of buildings and

cities. Second, it analyzes how AI methodology can be used

to provide carbon prediction, optimization, and adaptive con-

trol using DT environments. Third, it determines gaps in

research, practical issues, and future deployment of inte-

grated DT–AI systems to facilitate low-carbon construction

and sustainable urban development. This review will assist

researchers and practitioners in the development of the next

generation of intelligent carbon management systems in the

built environment by offering a systematic review of the tech-

nological techniques and implementation concerns. Figure

1 illustrates that Digital Twin infrastructures offer the inte-

grative base to the data and models that are carbon-related,

whilst strategies to AI are applied to predict, optimize, and

modify control in designs, construction, operational, and

urban planning environments.

Figure 1. Conceptual Framework of Digital Twin and AI-Driven Carbon Management.

2. Conceptual Foundations and Re-

view Methodology of Digital Twin

and AI for Carbon Management

AI-inspired carbon management and digital Twin are

located at the junction point between digital engineering,

data science, and sustainability measurement. The concep-

tual definition is required since the literature tends to use

somewhat interchangeable notions of BIM-enabled analyt-

ics, smart buildings, cyber-physical systems, and city digital

twins to denote systems with highly differing degrees of data

connectivity, model fidelity, and decision autonomy [14]. In

this part, we define the key concepts on which this review is

framed. We conceptualize the Digital Twin paradigm of the
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built environment and differentiate it from other related digi-

tal representations. Then we sum upAI method families that

are most applicable in carbon intelligence, and the reason

why they can do more than prediction, but also optimization

and control. Last, we also challenge the definition of carbon

management at lifecycle stages and scales and highlight the

distinction between the embodied and operational emissions

as well as the implications of these on data, modeling, and

governance.

2.1. Digital Twin Paradigm in the Built Envi-

ronment

A Digital Twin is usually seen as a digital model of

a physical object, process, or system that is linked to the

physical one by data flows and can behave in a way that it

responds to the changes in state over time [15]. This defini-

tion, in the context of sustainable construction and urban

design, has three implications. To begin with, the so-called

twin is not a fixed model but a dynamic digital object that

can be updated with the measurements of the actual world.

Second, the digital object is not only geometry but a bundle

of behavior and performance, including the use of energy, the

functioning of equipment, environmental traits, and factors

that are emissions-relevant at carbon-oriented uses. Third,

a Digital Twin is most useful where it can be used to make

actionable decisions, and this means it should not be used as

a repository only.

The Digital Twins of the built environment are gener-

ally based on BIM, Geographic Information System (GIS),

and building management systems; however, their defining

principle is constant synchronization [16]. BIM offers the

structured representation of both design intent and as-built

information, whereas GIS and city information models ex-

pand the representation to the urban level and allow spatial

analytics. When such representations are connected with

sensor networks, operational logs, schedules, and mainte-

nance records, the system will be able to transition to a twin

that monitors operational reality in place of a descriptive

digital model. This is not a binary transition but exists on a

maturity spectrum. The initial applications can be periodic

updates of data and reporting of performance, whereas the

more advanced twins have near real-time streams, automated

model software upgrading, and closed-loop feedback to the

decision-making systems.

The theoretical development in the process of trans-

forming the BIM-based representation of the state into the

dynamic and carbon-aware Digital Twin can be summarized

in Figure 2, with the growing connections to different types

of data, the level of system intelligence, and the autonomy

in the choice [17].

Figure 2. Evolution from BIM to Carbon-Aware Digital Twins.

One of the key conceptual differences between the liter-

ature and the other forms of digital representation, including

BIM-based simulation systems or cyber-physical systems,

is the difference between a Digital Twin and other repre-

sentation types. Simulations in BIM are able to provide an

estimate of the energy demand or embodied carbon during

the design phase, though they are often based on assumptions

that may not be realized after construction and are often not

correlated with operational data. Cyber-physical systems

focus on actuation and sensing but do not necessarily have a

rich digital model that can simulate scenarios or do lifecycle

reasoning. Digital Twins can be regarded as a conceptual

framework that integrates formalized digital representations

and sensing, analytics, and response, and has the objective of
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aiding the decision-making process across the lifecycle of an

asset [18]. In the case of carbon management, this integrating

feature is important since all the emissions are formed where

there are interactions between design decisions, construction

processes, operational control plans, and external factors like

weather and grid carbon intensity.

Nowadays, carbon-oriented twins also introduce more

conceptual requirements. In contrast to most performance

measures, carbon is, in part, a derived figure that is re-

liant on the emission factors, definitions of the boundaries,

and accounting conventions [19]. A carbon-conscious Digi-

tal Twin has to, therefore, not just incorporate operational

measurements, but also incorporate accounting logic that

connects activity data to emissions. This involves mapping

of energy use to time-varying grid emission factors, ma-

terials, and quantities to the embodied carbon coefficient,

and scopes and boundaries that are set the same way across

lifecycle stages. The twin, therefore, has to symbolize the

physical behavior as well as the carbon accounting model

that explains the behavior. In order to make further termi-

nological differences in the literature, Table 1 compares

BIM, cyber-physical systems, and Digital Twins based on

lifecycle coverage, data integration, and their use in carbon

management.

Table 1. Comparison of Digital Representations in the Built Environment.

Aspect BIM Cyber–Physical System (CPS) Digital Twin

Primary Purpose
Design documentation and

coordination

Monitoring and control of physical

systems

Continuous lifecycle representation

and decision support

Temporal Nature
Mostly static or periodically

updated
Real-time sensing and actuation Persistent synchronization over time

Data Connectivity Limited or manual Real-time data streams
Real-time and historical data

integration

Lifecycle Coverage Design and construction focused Operation focused
Design, construction, operation, and

renewal

Simulation Capability Offline and scenario-based Limited
Integrated “what-if” and predictive

simulation

Carbon Management Role Embodied carbon estimation Operational emission monitoring
Integrated embodied, construction,

and operational carbon intelligence

2.2. AI Techniques Supporting Carbon Intelli-

gence

The use of AI has become part of carbon management

since emissions in the built environment address non-linear

dynamics, uncertain human actions, and high-dimensional

decision space [20]. In this respect, AI can be viewed not as a

one-and-only technology but as a collection of approaches

allowing for offering various kinds of intelligence. Predic-

tive learning will aid in forecasting the energy demand or

emissions in different conditions. Prescriptive analytics and

optimization prescribe measures that minimize carbon and

hold other goals. Adaptive control strategies can make sys-

tems learn and enhance their carbon performance with time

as the conditions vary.

Regression models, tree-based models, and deep neural

networks are common supervised learning algorithms to pre-

dict operational energy consumption and related emissions

based on inputs of weather, occupancy indicators, equipment

condition, building features, and so forth [21]. They are attrac-

tive because they are able to capture complex relationships

in cases where adequate historical information can be used.

Nevertheless, prediction is in itself not enough to ensure

decarbonization since it will need interventions, trade-offs

assessment, and a change of operations. This encourages the

application of optimization techniques, such as evolution-

ary algorithms and multi-objective optimization, with carbon

being among the objectives, other objectives being cost, com-

fort, constructability, schedule, and resilience. Such methods

can be used in design settings to search in large design spaces

and to find Pareto-efficient solutions. In construction, they

may be useful in supporting the low-carbon scheduling and

logistics decisions by balancing the time and resources with

fuel consumption and transport emissions of equipment.

Sequential decision-making methods like reinforce-

ment learning are also becoming applicable to operational

carbon control since they are able to study policies that re-

duce cumulative emissions without violating constraints [22].

This can include learning strategies of Heating, Ventilation,

and Air Conditioning (HVAC), lighting, storage, or demand

response in buildings that react to the time-varying carbon
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intensity of the grid. The use of multiple assets and energy

can be orchestrated in districts. However, the implementa-

tion of such approaches in practice is restricted due to the

issues of safety, reliability, and interpretability. It is difficult

not only to identify an optimal policy in simulation but also

to achieve consistent work in the uncertain environment, pre-

vent unwanted behavior, and rely on compliance with the

norms of comfort and indoor environment.

Explainability, robustness, and governance should also

be taken into consideration in order to implement AI trust-

worthily in carbon-critical systems. Explainable AI methods

are designed to be decipherable by the designers, operators,

and policymakers of the system they are used in, which is

essential when there are trade-offs in carbon decisions that

impact safety, cost, or usability. The strength of the issue

is relevant since the training data might not be a manifesta-

tion of future conditions, particularly in the climate change

scenario, changing occupation trends, retrofits, or differing

grid decarbonization efforts. Furthermore, the results of AI

are based on assumptions in the nature of carbon account-

ing, including emission factors and boundary demarcation,

which implies that transparency is required to prevent false

assurance in the accurate appearance of figures [23].

In a Digital Twin environment, AI is connected to mod-

els and data in a more organized manner than in separate

analytics. The twin will be able to offer context-related

features, impose physical and operational constraints, and

promote constant learning with new streams of data. On

the other hand, the twin can be improved using AI so that

the model parameters are updated, anomalies are identified,

and real-time decision support is provided. The conceptual

change is to focus on AI as a prediction tool, to AI as a part

of a cyber-physical decision system, where the quality of

carbon management is determined by integration, validation,

and human-in-the-loop management [24,25].

2.3. Carbon Management across Lifecycle

Stages and Scales

Sustainable construction and urban design dealing with

carbon management is lifecycle in nature due to the inter-

dependence of choices made at one stage of the process on

the other stages of the process, and in some cases, counter-

intuitive [26]. Embodied carbon and operational carbon are

usually differentiated in the literature. Embodied carbon is

the type of emissions that are related to the production of

materials, transportation, construction, maintenance, replace-

ments, and end-of-life. Operational carbon is that collected

through the use of energy, usually electricity, and the fuels

used in heating, cooling, ventilation, lighting, plug loads,

and associated services. Although this is a conceptually use-

ful distinction, it can result in interactions being separated.

Indicatively, choosing low-embodied-carbon materials can

impact thermal or strength, overturning operational energy

consumption and long-lasting emissions. Equally, electrifica-

tion may decrease on-site combustion but offload emissions

to the grid, leading to dependent results based on grid strength

and temporal demand profile.

Carbon management should have regular boundaries

and an accounting method according to lifecycle consider-

ations [27]. Initial design processes are based on estimates,

benchmarks, and representative emission factors. As projects

advance, further quantity takeoffs, records of procurement,

and construction logs become accessible. Measured energy

data and performance information of the system can be used

in operation to facilitate more accurate accounting. Digi-

tal Twins have the conceptual ability to form these phases,

in essence, to offer these stages of design intent, as-built

circumstances, and operational execution into a single con-

tent information platform. This continuity is, however, hard

to achieve due to changes in the tools, stakeholders, and

incentives across phases. Carbon management is then not

only a technical process but also a coordination problem

with information transfer, distribution of responsibility, and

governance [28].

The scale also makes the management of carbon com-

plex. Operational emissions may be controlled at the scale

of the building level by optimizing the system and by involv-

ing users, whereas embodied emissions are heavily reliant

on material selection and construction techniques. On the

scale of the construction process, there are temporary energy

consumption and equipment operation, as well as logistics,

where schedule information, equipment telemetry, and sup-

ply chain data should be combined. Carbon results on the

district and city levels are influenced by building interactions,

transport, infrastructure network, and energy provision. The

pattern and the structure of the demand are determined by

the urban form, land use, as well as mobility behavior, ad-

justing the grid operation and investment possibilities on
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infrastructure. These cross-scale dependencies mean that

optimizations in one building are not necessarily going to

achieve optimal results at the district level because, e.g., load

shifting can cause network limits or can tend towards peaks

that add to marginal emissions [29].

The other conceptual layer deals with the temporality

of carbon. Operating emissions are becoming more time-

varying based on grid emission factors, in that an identi-

cal amount of electricity use can produce a varying amount

of emissions based on the time of the day it is used. This

brings the concept of carbon-conscious operation and plan-

ning, where control and scheduling techniques are adopted

in order to match the demand with the low-carbon supply

periods. In embodied carbon, the effects of time can be seen

in decarbonizing supply chains, changing manufacturing pro-

cesses and transforming material markets. A carbon-centric

Digital Twin should hence be able to support spatial and

temporal variability, and AI models should be trained and

evaluated in a manner that takes into account the dynamics

and not the static factors [30].

Lastly, the management of carbon cannot be separated

as it relates to decision-making situations and stakeholder

goals [31]. Designers need to have guidance that is practi-

cal in the event of uncertainty and can comply with codes,

requirements of safety, and constructability. Contractors

require the tools that are incorporated with the scheduling,

procurement, and site operations. Owners and operators are

concerned about reliability, satisfaction of occupants, and

operating costs, and they might have regulatory or report-

ing requirements. Citizens and policymakers in urban areas

are constrained by the need to strike a balance between car-

bon targets and equity, affordability, and the overall societal

results. Ideally, the carbon management made possible by

DT–AI-based carbon management, therefore, should be con-

ceptualized as a socio-technical system: the technical models

and algorithms should be aligned to organizational work-

flows, data governance policies, and responsibility systems.

It is critical to conduct this framing to read the literature as it

is and find research directions that will go beyond prototypes

towards scalable, verifiable, and meaningful deployment.

Overall, the theory behind this review makes Digital

Twins lifetime, data-linked models that can host carbon ac-

counting logic and performance simulators, and AI can offer

predictive, prescriptive, and adaptive intelligence to help

make carbon reduction decisions. The very concept of carbon

management should be perceived as a multi-scale, dynamic,

and problem-specific governance issue, whereby embodied

and operational emissions co-exist over time, and across

project, district, and city boundaries [32]. These are the cor-

nerstones of discussing the ways in which carbon-related

data and models can be incorporated into Digital Twin set-

tings and analyzed using AI-based approaches to predictive

data and models, optimization, and control in the following

chapters.

2.4. Review Methodology

The proposed research uses a systematic literature re-

view to summarize existing literature on the adoption of

Digital Twin and Artificial Intelligence to manage carbon in

the built environment. The relevant literature was found with

the help of searching the major academic databases such as

Scopus, Web of Science, and Google Scholar. The search

was restricted to publications published between 2018 and

2025 and included such combinations of keywords as Digital

Twin, artificial intelligence, machine learning, carbon man-

agement, building energy, and sustainable construction [33].

Following the elimination of duplicates, title and abstract

screening included the elimination of articles that did not deal

with DT technologies, AI-based techniques of analysis, or a

combination of both in carbon-related services in buildings,

construction processes, or in the city. Peer-reviewed English

publications that had definite methodological or application

contributions were used, and studies that were not related to

carbon management or gave no analytical information were

excluded. The chosen papers were subsequently read in their

full text and analyzed using the thematic synthesis approach

in order to divide the research into major topics such as

lifecycle carbon monitoring, AI-driven emission prediction,

multi-objective optimization of the design of a low-carbon,

and smart operational control. It was possible through this

process to identify methodological trends, domains of appli-

cation, and research gaps in DT carbon management with

AI [34,35].
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3. Digital Twin-Based Carbon Data

Modeling and Integration

Carbon management based on Digital Twin relies heav-

ily on the acquisition, structuring and integration of carbon-

related information into a consistent representation that can

be used over lifecycle phases and spatial scales [36]. Such

carbon-oriented twins need data pipelines to enable continu-

ous or periodic synchronization and enable carbon measures

to be recalculated as conditions evolve, unlike the conven-

tional digital models, which are only updated periodically or

to serve one purpose, such as design documentation or energy

simulation. The following section will overview the concep-

tual and practical basis of carbon data modeling in Digital

twins, including the sources of data, the digital infrastructure,

how carbon is represented in the twin, and interoperability

and data quality issues defining the reliability and scalability.

3.1. Carbon Data Sources and Digital Infras-

tructure

The construction and urban systems comprising carbon-

related data are always heterogeneous due to the presence of

a variety of processes and sources of these emissions. In the

case of operational carbon, the most immediate sources of

data are measures of energy taken in the form of utility me-

ters, submeters, and building management systems [36]. Such

measurements can have various temporal scales, including

monthly billing data down to sub-minute sensor streams, and

can have various end-uses, including HVAC, lighting, plug

loads, household hot water, and on-site generation. Con-

textual variables to estimate the operational carbon, such

as weather, internal loads, occupancy proxies, equipment

status, and maintenance events, are also required to forecast

the demand. These contextual variables are more and more

available on the IoT in modern smart buildings and standard

building automation protocols, but system fragmentation is

still typical. Table 2 summarizes the types of data that are

relevant to carbon, their origins, time aspects, and functions

in carbon modeling in a Digital Twin.

The data on embodied carbon is more difficult because

it is less directly quantified and rather relies on the data about

procurement and supply chain. Early design stages provide

embodied carbon estimates that may be based upon generic

databases or benchmark factors relating to material types and

quantities based on BIM models [37]. Further in project de-

velopment, the specific product details are revealed, such as

the environmental product declaration, the supplier data, and

the transportation distances. Other embodied-related contri-

butions to construction are those of temporary construction

work, packaging, waste, and substitutions through damage

or rework that are often not recorded systematically unless

digital procurement and site tracking systems are in place. A

Digital Twin designed to embody carbon management con-

sequently requires systems to connect objects and quantities

in BIM to carbon factor datasets, as well as adapt to changes

when product choices and supply chain decisions change.

Table 2. Carbon-Relevant Data Sources and Digital Twin Integration.

Carbon Category Data Type Typical Data Source Temporal Resolution Role in Carbon Modeling

Embodied Carbon Material quantities BIM models, quantity take-offs Static/revision-based
Baseline embodied

emission estimation

Embodied Carbon Emission factors

Life Cycle Assessment (LCA)

databases, Environmental

Product Declarations (EPDs)

Periodic updates
Carbon coefficient

mapping

Construction-Phase

Carbon
Equipment fuel use Telematics, fuel logs Daily to real-time

Construction emission

tracking

Operational Carbon Energy consumption
Smart meters, Building

Management System (BMS)
Minute to hourly

Operational carbon

accounting

Operational Carbon Grid emission factors Utility data, grid operators Hourly to sub-hourly Carbon-aware operation

Urban Carbon Mobility and land-use data GIS, traffic sensors Aggregated/dynamic City-scale carbon analysis

Another category of data, which is between operational

and embodied views, lies with construction-phase emissions.

These emissions are due to the consumption of equipment

fuel, electricity on site, transport logistics and workforce

movements [38]. The estimated values can be based on the

data of activities, including equipment hours, fuel receipts,

telematics streams, and delivery logs. In the case of telem-

atics and fleet management systems, they will give detailed

operational profiles of the machinery, but these systems are

not necessarily easily integrated with project schedules and
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site workflows. Moreover, the construction logistics could

entail the use of several subcontractors and transport ser-

vices, which produce data access and ownership challenges

and bear on completeness. Digital Twins may be used as a

common integration interface by connecting schedule mod-

els, site layout representations, and equipment states to have

standardized carbon accounting at process levels.

The carbon data sources are further extended at the

urban level to incorporate the land-use data, grid-carbon

intensity profiles, as well as mobility data and district en-

ergy systems [39]. GIS and city information models offer the

spatial context and can depict stocks of buildings, networks

of infrastructure, and environmental ones. Urban morphol-

ogy can be analyzed with the help of remote sensing and

aerial images, and, in certain situations, proxies associated

with energy demand or material stock can be inferred. Data

on mobility based upon traffic sensors, transit systems, and

anonymized location data are used to estimate transportation-

related emissions as well as assess the effects of land-use

and network interventions. To include such datasets in a city

digital twin, it is necessary to coordinate spatial resolution,

temporal resolution, and semantic meaning, particularly to

connect urban-scale models with building-level twins.

The information beneath these data sources is called dig-

ital infrastructure, which renders them actionable. Cloud stor-

age and computing can be scaled to provide analytics and

simulation storage and processing, whereas edge computing

can be used to provide low-latency and privacy-preserving

data processing and operations in buildings or construction

sites [40]. Sensible streams are increasingly managed by mes-

sage brokers, time-series databases, and data lakes. Nonethe-

less, carbon-oriented Digital Twins do not only require data

storage capabilities, but also utilize data mapping to model

entities, the possibility of version management to help track

changes in the design and as-built condition, and provenance,

through which carbon outputs can be audited. As a matter of

fact, the usefulness of a twin in carbon management is tightly

linked to its capability to allow reproducibility and transparency

of its data pipeline, and not only to provide dashboards [41].

3.2. Carbon Representation within Digital

Twins

The visualization of carbon in a Digital Twin entails the

representation of raw activity data into metrics of emissions

in a manner that is consistent, auditable, and adaptable to

alternative premises. Carbon is not a directly measured state

variable of an asset; it is a derived final value that is reliant

on both the emission factors and system boundaries and ac-

counting conventions. As a result, the carbon representation

should be considered as a modeling layer integrated into the

twin instead of an output field that is directly added to a

digital model [42].

To work with operational carbon, the basis relationship

is that of energy use versus emissions using emission factors,

which are usually stated in kilograms of CO2-equivalent per

unit of energy. The factors of emission can be used in the

form of annual averages, marginal factors, or time-varying

factors, which are used in electricity systems to represent

fluctuations in the generation mix [43]. The implication of the

choice is that time-averaged factors are easier to compute

and more compatible with a variety of reporting frameworks,

whereas marginal or time-varying factors allow more op-

portunities to optimize operations but need more data and

interpretation. The carbon-oriented Digital Twin should thus

encode the chosen accounting method, which should also be

sensitive to an analysis, since different stakeholders might

have varying accounting or regulatory demands.

In the case of embodied carbon, representation is often

in the form of a mapping of quantities of materials to em-

bodied emission factors, often broken down into life cycle

stages, like the manufacturing of a product, transportation,

construction/installation, maintenance/replacement, or end-

of-life. Digital Twins can use BIM object properties and

quantity takeoffs to auto-map this, and the quality of this

mapping is as good as the semantic consistency of the model

and the specificity of carbon factor data. Some of the chal-

lenges that the twin has to deal with when using EPD-based

factors are functional unit alignment, proclaimed units’ dif-

ferences, boundary mismatches, and comparability of EPDs

across product categories. In most real-world examples,

hybrids will be formed: the initial design screening is car-

ried out using generic factors, which will be progressively

replaced by supplier-specific ones as the procurement deci-

sions are made. An effective twin model, therefore, requires

a progressive carbon model that is layered or staged to ac-

commodate further refinement and trace back the previous

assumptions [44].

The emissions during the construction phase should
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be represented through the process approach, where activ-

ities and resources are associated with fuel and electricity

consumption. A twin can be taken to denote construction

operations as task sequences, and resource assignment and

emissions can be determined as a product of equipment oper-

ating hours and fuel consumption rates or fuel burn calculated

using telematics. The emissions of logistics may be obtained

using the records of deliveries and the distance of transport

routes, yet, to be able to accurately quantify these flows,

one has to define them regularly, considering the specifics

of the boundaries of trips, load factors, and allocation rules

of multiple-project deliveries [45]. In this case, the Digital

Twin is expected to connect different datasets to a single pro-

cess model to enable the assignment of emissions to tasks,

trades, or work packages and have specific mitigation actions

instead of generalized reporting.

One modeling inquiry is whether the carbon model in

the twin must be physics, data, or hybrid-based. Scenario ex-

ploration and generalization can be achieved with the help of

physics-based models, including energy simulation engines

or thermodynamic models of HVAC systems, in particular,

when the data about the past is minimal. More predictive

accuracy can be achieved with data-driven models in well-

instrumented settings, and a range of complex behavioral

patterns like occupancy or equipment degradation can be

accommodated. Hybrid models seek to merge such strengths

in a constrained way through physics or a data-driven way

through calibration of uncertain components. Hybrid meth-

ods are especially appealing as a tool in carbon management

since they can achieve a trade-off between predictive per-

formance and interpretability, and can lower the risk of AI

models using spurious relationships that are no longer valid

in changing conditions [46].

Making the carbon representation dynamic determines

the carbon representation based on synchronization mecha-

nisms. The operational twins need regular updates whenever

measurements are received, but operational carbon models

also need to change as design changes are made, value en-

gineering choices are made, and procurements are changed.

This suggests that versioned representations are required to

be able to follow geometry and specifications and quantities

changes, and update carbon metrics without losing compa-

rability with history. The problem of conflicting versions

arising in the twin renders it hard to respond to questions

like whether the changes to the design increased the carbon

performance, or whether it was just the modifications in

the accounting. The idea of a carbon ledger in the twin is

becoming more and more topical, whereby carbon contribu-

tions are recorded at a particular point in time, allocated to

particular model states and data sources, and auditable by

stakeholders [47].

3.3. Interoperability and Data Quality Issues

The ability to scale carbon-oriented Digital Twins

rarely goes beyond prototypes and into actual projects and

city programs due to interoperability. Built Environment

(BE) data ecosystems are disjointed, and the design models,

construction management software, operational systems,

and urban data platforms have been built separately [48]. All

systems have their data structures, identifiers, and seman-

tics. Although data exchange formats could be present, the

meaning of fields in one organization with another and one

geography with another may not be the same, and there may

be too much or too little detail than is required in carbon

accounting. One example is that BIMmodels can depict ma-

terial assemblies at a coordination level that is adequate but

not at an embodied carbon mapping level, whereas opera-

tional systems may be providing energy information without

explicit connection to particular zones or equipment in the

digital model.

Carbon management is one area where semantic in-

teroperability is paramount since calculations are done on

carbon based on proper classification. Examples of items

misclassified, inaccurate unit transformations, and omission

of information concerning the type of products can lead to

huge errors in the estimation of embodied carbon. The same

problem can happen with operational carbon, where subme-

ters are mislabeled, sensor drift is present or time stamps

are misaligned. In an urban context, the effect of spatial

misalignment and aggregation may cause some errors in the

process of linking building stock data to district energy or

mobility data. To overcome such problems, Digital Twins

may enforce ontologies and standard identifiers, although it

is difficult to implement such semantics across all stakehold-

ers [49,50].

Uncertainty and incompleteness are also causes of data

quality problems. Carbon factors are not inherently stipu-

lated since they vary in manufacturing technology, supply
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chains and distribution of allocation in environmental dec-

larations. Electrical operational emission factors are grid-

dependent, and can change significantly with time and place.

Measurement data could be contaminated or have no mea-

surement, like the failure of the sensor, communication loss,

or irregular commissioning. Subcontractors may withhold

data on construction data (e.g., fuel receipts, equipment

telemetry, etc.) or report on deliveries in a disorganized

fashion. The Digital Twins that are carbon conscious should

therefore be constructed to operate within the uncertainty

domain as opposed to making carbon approximations to be

deterministic outputs [51].

Uncertainty handling may be of various kinds. At least,

the twin must give provenance and confidence indicators

that report what portions of the carbon estimate are founded

on measured data, based on generic assumptions, and based

on inferred or imputed values. Other, more sophisticated

methods use probabilistic models of the emission factors and

propagate the uncertainty by calculating them in such a way

that the decision-makers can compare the alternatives based

on ranges rather than based on point estimates. This is partic-

ularly relevant in cases where there are small differences be-

tween the design alternatives when compared to uncertainty

(whereby premature optimization may be drawn). When

dealing with carbon optimization problems, the uncertainty-

aware strategies can rank the interventions, which are robust

over a range of possible emission factors and future opera-

tional conditions [52,53].

Scalability increases other interoperability and quality

issues. The larger the system grows, beyond a single building

to portfolios, districts, and cities, the more complex informa-

tion governance becomes and the more heterogeneous the

types of assets are. The balance between model granularity

and the cost of computations: more detailed representations

can provide better results in both the attribution and the tar-

geting of interventions, but it might be too expensive to

sustain too large a selection of potential inventories. Aggre-

gated representations will make it cheaper, but they might

blur emission sources and decrease the interpretability of

AI suggestions. Within the framework of this trade-off, the

digital twin design options are closely linked to the planned

carbon management functions. A twin intended to serve reg-

ulatory reporting purposes can be interested in standardized

and auditable metrics at coarse resolution, whereas a twin

intended to serve operational control purposes can be inter-

ested in high-frequency data and actionable attribution at the

equipment level [54].

Lastly, the problem of interoperability and quality is

not necessarily a technical issue, but it is an institutional

matter. Information security is subject to contracts, privacy

regulations, and organizational incentives. Without a well-

defined governance, the stakeholders might be reluctant

to provide operational information, procurement informa-

tion, or construction telemetry, which will limit the com-

pleteness of the twin. Likewise, the integration of standard

practices would need coordination among the companies,

states, and software platforms. In the case of SCI-standard

research, this means that the contributions must not only

be assessed in terms of the novelty of the model but also

on the reproducibility of the data, both the ability of the

data to be integrated, and the clarity of the assumptions.

The carbon-oriented Digital Twins should be able to offer

credible decision support only when they can be maintained

reliably with transitioning through the lifecycle, and their

carbon calculations can be explained and auditable as the

data sources change [55].

To recap it all, a carbon data modeling based on Digital

Twins needs an integrated infrastructure that is able to ac-

cept heterogeneous data at lifecycle stages and scale, model

carbon using explicit accounting logic using model entities

and emission factors, and interoperability and uncertainty

as first-class issues. These factors determine the accuracy

of AI-based prediction and optimization capabilities, which

are based on the quality and semantic stability of inputs [56].

Based on this background, the following section discusses

the application of AI methods in DT environments to pre-

dict carbon, use multi-objective optimization, and adaptive

control in construction and urban systems. Following these

data integration issues, Figure 3 depicts a layered Digital

Twin scheme, in which there are links between heteroge-

neous data sources and carbon accounting logic, uncertainty

management, and lifecycle model synchronization.
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Figure 3. Carbon Data Integration Architecture within a Digital Twin.

4. AI-Driven Carbon Prediction, Op-

timization, and Control

Digital Twin infrastructures provide a dynamic digi-

tal representation of built assets and processes; however,

their value for carbon management emerges when analyti-

cal intelligence is integrated to interpret data and guide de-

cisions. Artificial intelligence enables this transformation

by identifying relationships between operational variables

and emissions, forecasting future carbon trajectories, and

recommending interventions that balance carbon reduction

with cost, performance, and operational constraints. Within

DT environments, AI functions typically operate in three

complementary domains: carbon prediction, multi-objective

optimization, and adaptive operational control [57].

Different families of AI techniques support these func-

tions with varying strengths. Supervised learning methods

are widely used for carbon and energy prediction due to their

ability to learn complex nonlinear relationships from histor-

ical data. Optimization algorithms are often employed in

design and planning stages to evaluate alternative low-carbon

configurations under multiple constraints. Reinforcement

learning and adaptive control approaches are increasingly ex-

plored for operational decision-making where systems must

respond dynamically to changing conditions. Hybrid ap-

proaches that integrate physics-based models with machine

learning are gaining attention because they improve inter-

pretability and robustness in environments characterized by

uncertainty and limited data [58]. Table 3 summarizes the

main AI method categories and their typical roles in DT-

based carbon management.

4.1. Carbon Emission Prediction and Forecast-

ing

Prediction of carbon emission is an accurate predictive

requirement of proactive carbon management. Within most

systems that are DT-enabled, the derivation of emissions is

done by taking a combination of the forecasts of the energy

consumption, the material flows or operational activities, and

the emission factors. Since operational emissions exist in

most building systems, much research has been conducted to

predict building energy demand by machine learning trained

on historical operational data and environmental factors, in-

cluding weather, occupancy, and system conditions [59].

Such extensive time-series data, especially regression

models, random forests, and deep neural networks, are ef-

fectively used in supervised learning methods to forecast

short-term. These models are effective at forecasting short-

term operational carbon paths as well as justifying demand

response policies. Nevertheless, as they are used to predict

the future on longer time scales or adapt to new operating

conditions, their predictive reliability can be poor, which

underscores the need to keep retraining their models in DT

scenarios.
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Table 3. AI Methods and Their Roles in DT-Based Carbon Management.

AI Method Category Typical Algorithms Carbon Management Function Application Context

Supervised Learning
Regression, Random Forest, Deep

Neural Networks
Carbon and energy prediction Building and district operation

Unsupervised Learning Clustering, anomaly detection
Fault detection and inefficiency

diagnosis
Building operation and construction

Optimization Algorithms
Genetic algorithms, Non-dominated

Sorting Genetic Algorithm II (NSGA-II)
Low-carbon design and planning Design and urban planning

Reinforcement Learning
Q-learning, deep reinforcement learning

(RL)
Adaptive carbon-aware control HVAC, storage, demand response

Hybrid Physics–AI

Models

Machine learning (ML)-calibrated

simulations
Robust carbon modeling Lifecycle and cross-scale analysis

Another option that can be applied to the scenario where

purely data-driven models might not be interpretable or ex-

trapolative is hybrid physics-AI. Hybrid methods combine

machine learning calibration with simulation-based build-

ing models to utilize knowledge about physical systems and

adjust to observed data about the operation of that system.

These methods are especially handy in lifecycle analysis or

when making cross-scale projections in which incomplete

datasets are being worked with, or when physical consistency

of predictions is required [60–63].

4.2. Low-Carbon Design and Planning Opti-

mization

In addition to prediction, AI techniques can also as-

sist the decision-making process by finding design or plan-

ning options that reduce carbon emissions but meet other

project goals. Decision-making in construction and urban

design is multi-objective in nature by involving the trade-

off between emissions, cost, performance, safety, and con-

structability. Genetic algorithms or multi-objective evolu-

tionary algorithms are thus popular optimization algorithms

that can be used to search a large space of designs and find

Pareto-optimal solutions [64].

In the design of a building, optimization models can be

used to test other combinations of building envelope proper-

ties, building materials, HVAC systems, or renewable energy

systems. Such optimization can be used at district and urban

levels when analyzing a scenario to electrify a strategy, cre-

ate an energy sharing network, or invest in infrastructure. In

such settings, AI can be seen as a decision-aiding instrument,

but not as an independent controller, where planners can

compare carbon results under different conditions.

The optimization method used is dependent on the de-

gree of system complexity and accessible information. Data-

driven surrogate models can be applied when there is a need

to evaluate a large design space quickly, but physics-based

or hybrid models are more applicable when the decision

should be consistent with physical constraints or regulations.

Notably, the results of the optimization process should be

viewed with care due to the possibility of the surrogate mod-

els extrapolating outside of the training sample. By incorpo-

rating optimization software into DT settings, this risk can be

addressed by ensuring that model assumptions can be traced,

emission factors are updated, and that findings are related to

real-world scenarios of operation [44,51,65].

4.3. Intelligent Operational Carbon Control

Adaptive operational control is the most vibrant AI im-

plementation in DT settings. Systems based on building and

district energy are designed to work in constantly changing

conditions, including weather variations, occupancy levels,

and changing carbon intensity in the grid over time. The

point of AI-based controllers is to minimize emissions by

modifying the work of systems without impairing the com-

fort, safety, and reliability of the work [66,67].

The rule-based control systems have continued to be

popular in the management of buildings because they are

easy and reliable. Model predictive control (MPC) is an im-

provement of these methods by optimizing the actions in the

control of the system across a forecast horizon, taking into

account the constraints of the system. Nonetheless, MPC is

also computationally intensive and requires sound system

models. The growing interest in reinforcement learning has

consequently arisen since it can learn control policies as the

system interacts with the environment, and thus can adapt to

dynamic conditions [68].

In carbon-conscious control processes, reinforcement

learning agents can opt to vary energy use at times with re-
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duced grid carbon intensity or manage storage and renewable

generation. Digital Twins offer a secure simulated environ-

ment to train and test such controllers and reduce the risks

associated with the violation of comfort or operation insta-

bility in the real building [69].

Although these advances have been made, they are still

not practical. There can be incompleteness of operational

data or noisiness of data, considerable uncertainty exists with

occupant behavior, and control policies should be able to

adhere to safety and regulatory limits. Moreover, most stud-

ies show that performance improvement is only observed in

simulated conditions with minimal evidence of long-term

field deployment. To get to the maturity stage of DT–AI

carbon management, the validation measures should not be

limited to model accuracy criteria, but should provide evi-

dence of reduction in emissions under actual operating sys-

tems, along with the tests of comfort, reliability, and system

sturdiness [70].

All in all, AI will turn Digital Twins into active car-

bon management systems, capable of forecasting emission

trends, assisting in low-carbon design decisions, and adaptive

operational strategies. Data-based intelligence and domain

knowledge that are most likely to help are combined, explicit

carbon accounting is included in DT infrastructures, and un-

certainty and validation are taken throughout the life cycle.

Further studies must thus be devoted not only to the creation

of more advanced algorithms but also to the ability to show

quantitative carbon savings by deploying constructions of

DT and AI to real-world settings [71].

5. Applications across Building, In-

frastructure, and Urban Scales

The use of Digital Twin and AI-based carbon manage-

ment varies significantly depending on the scale since the

leading sources of emissions, existing data streams, deci-

sion variables, and stakeholder duties vary between build-

ings and construction processes, infrastructure networks, and

cities [72]. At smaller scales, e.g., individual buildings, opera-

tional optimization can be optimized down to high resolution

through detailed sensing and control, whereas embodied car-

bon interventions are dependent on design and procurement

choices. At the bigger scales, say on the districts and cities,

data is more aggregated and heterogeneous, and carbon con-

sequences are more and more determined by interactions

between systems between buildings, mobility, and energy

supply. The following section summarizes the key applica-

tion areas, highlights how the field of DT–AI integration is

implemented in practice, the priorities of carbonmanagement

functions, and the types of evaluations.

5.1. Building-Level Applications

At the building level, DT–AI carbon management is

highly focused on operational emission reduction and com-

fort, indoor air quality, and reliability. Construction of dig-

ital twins can combine metadata of assets derived by BIM,

system schematics, and spatial zoning with smart meter, sub-

meter, and building automation system time-series data [73].

The granularity of carbon accounting in this integration is

possible, such that we can now report on emissions that are

allocated to end uses, zones, or large groups of equipment

compared to the traditional utility-based reporting. Com-

bined with AI-based prediction, the twin can simulate the

immediate energy and emissions paths based on the expec-

tations of the weather and occupancy, which can be used to

help in the proactive planning of operations.

Among them, carbon-conscious building operation is

one of the major applications, where AI-driven policies cut

emissions not just by means of energy efficiency but also

by adjusting the building to cleaner electricity supply cycles.

This necessitates the connection of building demand predic-

tions and time dependent grid-carbon intensity that allows

the regulation and arrangement of effort, like a pre-cool or

pre-heat, altering domestic hot water heating, maximizing

storage dispatch, and organizing on-site photovoltaic use.

Under these conditions, a digital twin would be used, and it

would act as an intermediary between material requirements

and carbon targets and making proposed measures possible

given equipment limits, thermal dynamics, and comfort set-

tings. Contributions made by AI models include learning

building response characteristics, and control action sugges-

tions that minimize emissions during uncertainty [74].

The other significant building-level implementation is

verifying performance and retrofit planning. Decarboniza-

tion of existing buildings is impossible without retrofitting,

but the results of the retrofit process are questionable due to

the heterogeneity of previous systems and their insufficient

documentation. Digital twins have the capacity to meaning-
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fully amalgamate-as-is documentation and sensor records

as well as logs of operations, in order to develop a base-

line carbon performance profile. Then, AI can be used to

efficiently diagnose inefficiencies with the help of anomaly

detection, equipment faults, and to estimate the potential

savings of certain interventions. With retrofit in place, the

twin would be able to support measurement and verification

through prediction and observed performance comparison,

and also through consideration of the external drivers, like

changes in the weather and occupancy. This is of the essence

to the management of carbon since the reduction of emissions

should be of credible quality to facilitate financing schemes,

performance contracts, and reporting [75].

Building-level embodied carbon applications are

aimed at design-level decision support. In this case, the

twin is normally pegged in BIM and connected to LCA

databases and EPD repositories. AI may help by suggesting

changes in material that would reduce carbon emissions,

locating highly influential elements (structure and facade)

in designs, and allowing exploration of embodied and op-

erational carbon compromise design solutions. Although

most studies are still at a prototype phase, the theoretical

implications of such proposals are to incorporate embodied

carbon accounting into the evolving design model in such

a way that carbon implications become apparent as a nor-

mal design process. Building-level applications are giving

more focus to lifecycle views, linking embodied decisions

to operational performance models to prevent the reduction

of embodied emissions by the narrow focus of operational

carbon reduction or vice versa [76].

Measures which are commonly used at the building

level include percent reduction in operational emissions, en-

ergy savings, violations of comfort constraints, and payback

periods [55,77]. To be carbon conscious in operation, further

stress is laid on the congruence of demand with the periods of

low carbon and the sensitivity of outcomes to the selection of

emission factors. In the case of retrofit, the plausibility of the

baseline estimation and the strength of savings attribution in

the presence of confounding factors take center stage. In all

these applications, the common difficulty is to keep digital

twin models compatible with actual building modifications

like equipment replacements, changes in control logic, and

shifts in occupancy regime, since these modifications may

invalidate AI models when undetected and uncontrolled.

5.2. Construction and Infrastructure Systems

In construction and infrastructure works, the primary

area of application changes to embodied emissions, emis-

sions during construction, and the carbon considerations of

the project delivery process [78]. Construction digital twins

tend to be process-focused, as opposed to asset-focused.

They combine schedule models, resource allocation, site

logistics plans, and (where applicable) telematics data of

equipment fleets. The twin can then be used to denote con-

struction as a developing system of work, resources, and

constraints in such a way that emissions can be attributed to

work packages and trades as well as to time. The attribute is

helpful since construction emissions are traditionally viewed

as a secondary source to embodied and operational carbon,

but they can become significant in large projects and are now

more frequently exploited via the electrification of equip-

ment and low-carbon construction.

One of them is carbon tracking and reporting of con-

struction activities. The twin will utilize equipment usage

data and fuel consumption estimates combined with schedule

information to determine the profile of the emissions through

the project timeline and pinpoint areas or activities with high

intensity. Organizing AI can refine this process because it

can predict probable emissions with different schedules, can

spot abnormalities, like atypical high fuel usage that should

signify gear difficulties, and propose methods to mitigate

these, like resequencing work to create less waiting and over-

crowding. In logistic-intensive projects, it is possible to

combine the data on delivery and the site layout represen-

tation to estimate the transport emissions and optimize the

time of delivery, as well as the delivery route to minimize

the emissions and the schedule risk [79].

The system of infrastructures will pose more complex-

ities due to the long lifespan of the assets, the presence of

important embodied emissions, including concrete, steel, and

asphalt, amongst others. Carbon management has expanded

the traditional areas of interest of digital twins in infrastruc-

ture management, where structural health monitoring and

maintenance planning were applied, to condition-based main-

tenance decisions based on emissions outcomes [80]. To give

an example, maintenance plans that lengthen service life

need not lead to carbon-intensive replacements; however,

more interventions may also be required at their own cost.

These trade-offs can be facilitated byAI as it proposes to pre-
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dict degradation, schedule maintenance, and assess carbon

implications in the lifecycle under uncertainty.

Another area of application where DT–AI integration

has the potential to cut carbon emissions is prefabrication and

modular construction, which should enhance the efficiency

of materials, minimize waste, and enhance manufacturing

and logistics. Digital twins may bridge the gap between

design models and fabrication processes and supply chain

scheduling, and allow for closer control of quantities and

minimization of rework. AI can help to streamline cutting

patterns, sequence production, inventory, and delivery ar-

rangements [81]. Carbon advantages in this area tend to be

of system-level increases in efficiency and the allowance of

alternative materials and assemblies that are low-carbon to

be implemented with increased confidence.

Assessment, when used across construction and infras-

tructure projects, historically focuses on the intensity of emis-

sions required in each unit of output, e.g., per cubic meter

of concrete placed, ton of material installed, or kilometer of

infrastructure implemented. Nevertheless, SCI-standard re-

search is becoming aware of the fact that these systems are of

value because of their decision impact: the capability to alter

procurement, scheduling, equipment selection, and main-

tenance approaches in a manner that results in confirmed

emissions reductions without unacceptable cost and sched-

ule repercussions. The challenge is that access to the data is

usually discontinuous among subcontractors and suppliers,

and most of the emissions estimates are based on assump-

tions and not measured directly. As a result, functionality

applications are likely to focus on integration functionality,

doubt and uncertainty management, and auditability over

algorithmic complexity.

5.3. Urban and District-Level Carbon Manage-

ment

Urban and district-level DT–AI carbon management is

a problem of system integration where buildings, energy sys-

tems, mobility, and land use interact to influence the results

of emissions. City digital twins are generally a combination

of GIS layers, building stockmodels, infrastructure networks,

and environmental data, with operational data of energy utili-

ties, transportation networks, and municipal services. This is

aimed not at measuring emissions alone but also at planning,

scenario assessment, and governance. AI technologies are

applied to predict the demand trends, predict the emissions

under different futures, and optimize intervention portfolios

of the assets of a spatial distribution [82].

Applications at the district scale tend to concentrate on

concerted energy management since a district energy system,

microgrids, and shared thermal networks present the possibil-

ities of carbon mitigation due to aggregation, and flexibility.

An example of building loads, renewable generation, storage

assets, and network constraints as a district digital twin can

be coordinated through AI to reduce emissions through load

shifting, peak management, as well as effective dispatch of

shared resources. In these applications, carbon goals can be

defined in a more subtle way since the emissions are based

on marginal electricity generation and the impacts that the ac-

tivities by the districts have on the overall grid. Thus, carbon

accounting, along with clear assumptions, becomes critical

in order not to overestimate benefits.

Scenario-based evaluation of carbon is usually seen

in urban planning applications, but not in real-time control.

The carbon effects of building land use, changing the density,

investing in transit, electrification, and building retrofits can

be verified through city digital twins [83]. These analyses can

be assisted by AI, which understands how cities are struc-

tured by learning to predict the association of urban form

and energy needs, coming to predict the adoption of heat

pumps and electric vehicles, and determining how incentives

or retrofit resources should be allocated by optimizing the

carbon reduction, given the budget limits. Reluctance to

uniformly allocate costs and benefits within communities as

a community is also being reflected in such uses, where the

risk of inequity and vulnerability is becoming prevalent in

how it is executed.

Urban carbon management is another dominant fac-

tor that constitutes mobility-related emissions. Combining

traffic models, transit data, and land-use patterns via digital

twins can be used to estimate vehicle flow emissions and

analysis of interception, like transit priority, active mobility

infrastructure, congestion management, and fleet electrifi-

cation. The applications of AI to forecast travel demand,

to detect bottlenecks, and to assess the effect of land use or

transit service changes on the mode choice can be utilized [84].

When combined with building and energy modeling, these

applications would help to conduct more all-encompassing

evaluations of the effect of urban design choices on building-
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associated and transportation-associated emissions, which is

needed to prevent a siloed approach.

Urban evaluation is usually more concerned with sce-

nario comparability, transparency, and usability by the stake-

holders. The usual reporting of carbon is as absolute reduc-

tions, per-capita emissions, or sector-based contributions,

and uncertainty is one of the primary issues since the long-

term projections are based on an estimate of socio-economic

trends, the cost of technology, adoption of the policy, and

climate conditions [85]. Digital twins can offer a systematic

setting to deal with this uncertainty through keeping explicit

assumptions of scenarios and performing sensitivity anal-

ysis. In the case of SCI-standard contributions, credibility

depends on the quality of model validation with respect to

observed data, documented assumptions, and the assump-

tion that decision recommendations are consistent with the

governance processes in the form of building performance

standards, zoning, and infrastructure investment cycles.

To conclude, building-scale applications also use de-

tailed sensing and control to minimize operational emissions,

as well as support retrofit verification, process emissions,

and lifecycle interventions are used in construction and in-

frastructure applications, and integrated scenario planning

and coordinated energy andmobility strategies in urban-scale

applications. In smaller and smaller scales, the most suc-

cessful DT–AI solutions are those that tie carbon accounting

with tangible decision levers, integrate data in tracks, and

show carbon impact within attainable real-world conditions.

These application insights provide preconditions to analyze

the challenges, limitations, and perspectives of future re-

search in the following section on DT–AI-enabled carbon

management [50]. To emphasize the insights of applications at

spatial scales,Table 4 undertakes a comparison of the prevail-

ing carbon focuses, DT–AI functions, and implementation

issues of the building, construction, infrastructure, district,

and city levels.

Table 4. DT–AI Carbon Management Applications across Scales.

Scale Primary Carbon Focus Typical DT–AI Functions Key Challenges

Building Operational and embodied carbon Carbon-aware operation, retrofit evaluation Data drift, occupant behavior uncertainty

Construction Construction-phase emissions Equipment tracking, low-carbon scheduling Fragmented data ownership

Infrastructure Embodied and maintenance carbon
Lifecycle optimization, condition-based

planning
Long lifetimes, uncertain degradation

District Coordinated operational carbon Energy sharing, demand shifting System-level coordination

City Integrated sectoral emissions Scenario planning, policy evaluation
Governance, uncertainty, data

heterogeneity

6. Challenges, Limitations, and Fu-

ture Research Directions

Although it is likely to expand faster in the academic

literature and more pilot projects are introduced, the con-

cept of Digital Twin and AI-based carbon management in

sustainable construction and urban design is limited by back-

ground issues that cut across technology, data, organizations,

and governance [86]. Most of the systems that have been re-

ported to perform well in controlled case studies have been

found to exhibit challenges when scaled to asset portfolios,

or over a lifetime cycle of operation, or operating within

real operational constraints. Such constraints do not mean

that there is no potential; however, they display that DT–AI

carbon management should be considered a socio-technical

change where digital infrastructures, analytical modeling,

and decision-making processes are co-evolved. This part

is a summary of the most enduring impediments and devel-

ops research principles that can transfer the research field

out of fragmented prototypes to dependable, scalable, and

verifiable carbon effect.

Consistent with these challenges and opportunities, Fig-

ure 4 conceptualizes a Digital Twin architecture on a multi-

scale, in which building-, district-, and city-level twins en-

gage with one another to help coordinate carbonmanagement

within governance and data-sharing limitations.

6.1. Technical and Computational Challenges

One important technical issue is to have a good model

fidelity with scalability and traceability. The Digital Twins of

buildings, construction sites, and cities should be models of

complicated physical systems at different levels of detail and

with uncertain boundaries [49]. Physics-based simulations are

sometimes computationally expensive and hard to calibrate,

and purely data-driven models may have generalization fail-
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ures in the case of a change in conditions. Practically, built

assets change continuously with retrofits, equipment replace-

ment, alteration of operations policy, and occupant behavior

changes. These dynamics bring in non-stationarity, which

can worsen both the predictive models and control policies.

Consequently, the management of the carbon system will

need to accommodate constant calibration and updating, but

the current literature applies rather limited research to model

training and validation as a one-time process instead of a

process that persists throughout the lifecycle.

Figure 4. Multi-Scale Digital Twin Architecture for Carbon Management.

Latency of data and data reliability also make it difficult

to manage carbon in near-real time. Urban data pipelines

and building tend to have gaps as a result of sensor fail-

ures, network failures, or uneven commissioning. The data

on construction can be incomplete due to the possibility of

equipment telemetry not being available between subcon-

tractors and logistics records not tracking entire journeys

and load factors. Carbon quantification (in situations where

operational data at high frequencies is known) needs time-

varying and context-specific emission factors, and their as-

sociation with measurements can usually add extra latency

and uncertainty [87]. All of these problems are barriers to the

effectiveness of closed-loop carbon control measures and

reduce the credibility of reported carbon performance.

Interoperability is also a technical choke point, not

due to file format differences only, but due to semantic mis-

alignment as well. Carbon calculations are based on proper

mapping of digital entities and accounting policies such as

units, material classifications, system boundaries, and allo-

cation procedures [23]. The object libraries are not always

consistent, the metadata is incomplete, and the classifica-

tion systems across organizations are not the same, which

complicates automating the estimation of embodied carbon

and propagating changes as the designs are changed. At the

city scale, interoperability issues become more about spatial

harmonization over datasets and reconciliation of aggregated

and disaggregated representations. In the absence of sound

semantic integration, DT–AI systems will be prone to gen-

erating results that look accurate but cannot be reproduced

and audited.

The cross-scale applications are especially sensitive to

the issue of computational burden. Twin-scale urban models

that combine building stock models, energy network mod-

els, mobility models, and policy scenarios may be compu-

tationally costly, particularly when the optimization loops

are applied in order to evaluate intervention portfolios. Real-

time operational twins should also have latency constraints

of control and monitoring that can require edge computing

and strong failover. The dichotomy between computational

efficiency and representational fidelity thus lies at the heart

of DT–AI carbon management, and is made worse by the fact

that, to quantify uncertainty and to do sensitivity analysis,
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both of which involve repeated model analysis, makes the

computation necessary [88].

Other technical restrictions are cybersecurity and re-

silience. Digital twins combine operation technology and

information technology, and usually provide additional ac-

cess to building automation and control of infrastructure [49].

When a carbon-conscious twin is introduced to suggest or

implement control action, it is a possible attack point that

may compromise comfort, safety, or other important services.

A great deal of the existing studies refer to cybersecurity is-

sues, yet do not offer much technical detail regarding threat

models, authentication, access control, secure data pipelines,

or safe operational modes. To achieve research that can be

scaled, cyber-resilient designs and validation are an essential

requirement, and it should be on the front burner instead of

an afterthought.

6.2. Organizational, Economic, and Gover-

nance Barriers

Acharacteristic of construction and urban development

is organizational fragmentation, which severely constrains

the continuity needed in lifecycle Digital Twins [89]. The

operation, construction, and design are usually handled by

various entities using various tools and incentives that cause

information discontinuities during handover. This is to the

detriment of carbon management: the embodied carbon data

might not be carried forward to operation; the operational

data might not be fed back to make better design decisions,

and the construction emissions may not be well-documented

since this is not a typical reporting practice. These disconti-

nuities further diminish the practicality of constant updating

of AI models, which requires a consistent availability of data

and a clear responsibility of stewardship over the models.

Economic obstacles consist of initial implementation

expenses, integration burdens, and indefinite returns. The

creation of a carbon-oriented Digital Twin involves spending

on sensing, data infrastructure, model building, and training

of the organization. Not only is it a technological cost, but

also a procedural cost because the workflows have to be

restructured to enable them to take into consideration car-

bon intelligence in decision-making. In most undertakings,

the party making payment on digital infrastructure is not

the party enjoying the long-term operational carbon savings,

resulting in imbalanced incentives. This is particularly ac-

centuated in speculative development, whereby assets can

be sold soon after completion, making it difficult to invest

in operational optimization abilities.

Adoption is also limited by skills and capacity con-

straints. DT–AI carbon management requires disciplinary

skills that cut across the fields of construction engineering,

building physics, data engineering, AI, and sustainability as-

sessment [90]. Most organizations do not have teams that can

sustain these systems past pilot stages, and outsourcing may

create the aspect of dependency and loss of internal learning.

Moreover, practitioners might also be wary of following AI-

based recommendations that cannot be easily interpreted or

are incongruent with existing operational heuristics. This

is not a simple opposition towards change, but it is a valid

concern of reliability, liability, and accountability.

The governance issues define the type of data that can

be gathered, distributed, and used. Operation data can in-

clude sensitive data with references to occupancy trends,

business operations, or even individual conduct, which

makes it an issue of privacy. The information in procurement

and supply chains may be commercially confidential, which

does not allow access to specific embodied carbon factors

of the products. The complexity of governance in city-scale

twins has been attributed to the presence of multiple agen-

cies and other players who manage the data of interest to

emissions, and policy results made on the basis of model

outcomes should be transparent and challengeable [89]. In the

absence of transparent data ownership governance structures,

data access control, data consent, and accountability, DT–AI

carbon governance systems will likely be restricted in scope

to organizational segments and fail to enhance integrated

decarbonization initiatives.

Regulatory preparedness is also a limiting factor to

deployment. Although the requirement to report on carbon

is growing in most jurisdictions, there are no standardized

rules of digital carbon accounting, model validation, or au-

dit [91]. The lack of clarity on the issue of howAI-generated

carbon estimates are to be checked, the way to report un-

certainty, and how the digital evidence is to be accepted in

enforcement situations generates uncertainty that turns away

investors. On the other hand, too stringent rules may limit

creativity in case they fail to be flexible to changing digital

twins and updating the datasets on the emission factors. It

then follows that a standardization versus flexibility in the
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field is necessary to maintain a balance between credibility

and innovativeness.

6.3. Future Research Opportunities

The first initiative to undertake in future research is the

creation of hybrid carbon modeling methods that integrate

physics-based representation with data-driven learning in a

manner that is interpretable and resilient to changing condi-

tions. Hybrid models have the ability to make use of physical

constraints to achieve better generalization and may result

in data-driven components to tune uncertain parameters, and

are able to identify performance drift as well as adapt to

changes in operation [46]. In the case of carbon management,

these models must explicitly include both embodied and

operational aspects and must be in a position to deal with

time-dependent emission factors and changing supply chain

attributes. This requires studies of model architectures, cali-

bration techniques, and validation procedures that attempt

to treat the twin as an ever-changing system and no longer a

fixed simulation object.

The second key opportunity is explainable and reli-

able AI applied to carbon-related critical decisions. Most

of the available research is on improvements in accuracy;

however, the adoption level will require the ability of the

decision-makers to comprehend why a model suggests a spe-

cific intervention and the ability to evaluate the risk of acting

on a specific intervention. Further work in this area should

thus focus on explainability approaches that are significant

to the stakeholders of the built environment, including as-

signing the drivers of emissions to individual building areas,

equipment, materials or construction activities and providing

uncertainty in a way that can be used in a decision-making

process. Robustness is also the need for trustworthiness that

undergoes distribution shift and adversarial or worst-case

testing and incomplete data that simulates actual deploy-

ments [92].

The high-impact research areas include interoperabil-

ity and semantic integration. The further development will

not be feasible without enhanced data exchange formats but

shared ontologies and semantic mappings that will link BIM

objects, GIS features, IoT signals, and carbon datasets on

a consistent basis. Future studies ought to look at the way

in which semantic layers can be placed to allow automated

mapping of embodied carbon, lifecycle information transfer,

as well as cross-scale aggregation without losing traceability.

These encompass planning to maintain identifiers across a

lifecycle, standardized metadata of carbon-related attributes,

and versioning and provenance management to ensure that

carbon computing can be audited in the long term [36].

Another characteristic frontier is cross-scale integra-

tion. Most carbon management opportunities can be found

in the interactions between buildings, districts, and cities, but

most DT–AI efforts are implemented at one scale because

of data and computing limitations [93]. Further development

of hierarchical and federated twin architecture should pro-

ceed, whereby building twins offer extensive local control

and district and city twins set high-level planning and net-

work limits. These architectures need to trade off privacy

and data ownership with system optimization, and studies

on federated learning, privacy-conserving analytics, and de-

centralized coordination approaches are needed to provide

carbon benefits without necessarily having access to all raw

data at a centralized location.

Self-adaptive and autonomous carbon-aware systems

are a more distant trend, but their implementation requires

stringent safety and governance systems [52]. This may be

adaptive controllers in buildings that are constantly optimiz-

ing carbon performance to ensure comfort and indoor air

quality constraints. In construction, it may include dynamic

scheduling and systems of logistics reacting to disruptions

and reducing emissions, and preventing safety risks. On

a city-level, it may entail the implementation of policy ex-

perimentation, where models are simulated to test interven-

tions first, and then a real-world implementation is done. To

achieve these dreams, it will be necessary to develop safe

reinforcement learning, constraint satisfaction, and formal

verification techniques that will suit the intricacies of the

built environment.

Lastly, future studies should focus on the methods of

evaluation that reveal the actual carbon impact. Most of the

studies advertise the precision of the model or simulated sav-

ings; fewer show data of protracted reductions of emissions

in operational settings. Standardized standards would be a

good idea in SCI-standard contributions, open datasets where

feasible, and in reporting structures that provide uncertainty,

constraints, and contain information about implementation.

Field experiments, seasonal assessment, Field experiments

Field experiments and longitudinal validation. It is imper-
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ative to understand the role of models in season-to-season,

systems-to-systems, and human action with algorithm rec-

ommendations. Through evaluation that is consistent with

policy and financial mechanisms is equally crucial, including

the way the use of DT–AI evidence can facilitate reporting

on compliance, performance-based rewards, and plausible

assertions in Environmental, Social, and Governance (ESG)

settings [94].

To conclude, the potential challenges to the implemen-

tation of DT-driven carbon management are difficult to keep

in a reliable, interoperable, and secure digital representation

of the lifecycle levels and scales, and organizational and

governance factors that predetermine access to and account-

ability of data. Further studies must shift towards hybrid

modeling, reliable AI, semantic interoperability, cross-scale

architecture, and rigorous real-world testing, the general pur-

pose of which is to transform the potential of digital into

practical and verifiable decarbonization levels of buildings,

infrastructure, and cities.

7. Conclusions

This review has explored the new field of Digital Twin

technologies and Artificial Intelligence to manage carbon

in sustainable construction and city planning. The synthe-

sis emphasizes the benefits of DT infrastructures through

facilitating the ongoing incorporation of lifecycle informa-

tion, and the benefits of AI techniques by offering predictive,

optimization, and control services that can be used to sup-

port more proactive strategies regarding carbon management

throughout the design, construction, and operation phases.

According to the literature, DT–AI systems are capa-

ble of improving the transparency of carbon and decision-

making in the built environment significantly. Machine learn-

ing is commonly used to predict energy and carbon; opti-

mization algorithms can be used in multi-objective decisions

in design and planning, and reinforcement learning is becom-

ing a common methodology in adaptive operational control.

Integrated into DT systems, these techniques allow ongoing

monitoring of performance, analysis of scenarios, and re-

sponsiveness to changes in the environmental and operating

conditions.

In spite of this possibility, there are a number of obsta-

cles to large-scale implementation that still exist. One of the

main obstacles is the failure in the availability of lifecycle

data, interoperability between digital platforms, and the ne-

cessity of stronger validation ofAI models in practice. There

is a lot of evidence of promising findings in simulation or

pilot-scale experiments, but longitudinal empirical data on

carbon reduction in running systems are limited.

Instead, in practical terms, the implementation of DT–

AI systems will not take place successfully without the imple-

mentation of integrated data infrastructures, standard carbon

accounting frameworks, and open model validation practice.

Future studies should then be directed at hybrid models that

integrate both physical and data-driven learning, better data

management policies, and large-scale demonstration projects

that assess the quantifiable effects of carbon reduction met-

rics over time.

Altogether, the adoption of Digital Twins and AI is a

promising direction for intelligent and lifecycle-based carbon

management in the built environment. Connecting digital

infrastructure with advanced analytics, DT–AI systems will

allow tailoring more informed planning, streamlined build-

ing operations, and a long-term process of moving towards

carbon-neutral construction and urban development.
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