
Abstract
The increasing scale, complexity, and aging of infrastructure, coupled with heightened sustainability demands, have placed pressure 
on traditional maintenance and asset management practices. Digital Twin (DT) technology—virtual replicas of physical assets updated 
in real time—offers promise for transforming infrastructure maintenance from reactive to predictive, thereby improving performance, 
reducing costs, and promoting environmental sustainability. This study explores how integration of Building Information Modeling 
(BIM), Internet of Things (IoT) sensor networks, and Artificial Intelligence (AI) methods can underpin a DTenabled smart construction 
system for predictive maintenance and sustainable infrastructure. The research develops a conceptual framework and implements a 
pilot case study in a midsized transportation infrastructure (road bridge + drainage network) to evaluate performance. Key objectives 
are to: (i) define the architecture for integrating BIM, IoT, and AI into a DT system; (ii) develop predictive models for remaining useful life 
(RUL) of structural components; (iii) assess sustainability gains (energy, materials, emissions reduction) from optimized maintenance; 
(iv) identify barriers and tradeoffs.
Methodologically, the study uses BIM models as baseline asbuilt digital representations, deploys IoT sensors for structural health 
monitoring (strain, vibration, humidity, corrosion), streams data into a cloud/edge platform, and applies AI/ML techniques (e.g., LSTM, 
anomaly detection, regression) to predict component deterioration and schedule maintenance proactively. The pilot yields reductions 
in unplanned failures by ~4560%, maintenance costs by ~2030%, and operations downtime by ~35%, compared to benchmark 
reactive maintenance. Sustainability metrics show material waste reduction of ~25%, energy use lowered by ~15%, and greenhousegas 
emissions by ~10% over a simulated 5year horizon. Advantages observed include improved asset life, better resource allocation, and 
decision support for infrastructure owners. Key disadvantages include high upfront costs, data quality/integration challenges, need for 
specialized skills, and privacy/security concerns.
The results suggest that DTenabled systems can substantially improve predictive maintenance and sustainability outcomes for 
infrastructure, particularly when BIM, IoT, and AI are well coordinated. For broader adoption, standardization of data models, advanced 
interoperability, secure data handling, and costeffective deployment strategies are essential. Future work should focus on scaling to 
larger systems, integrating lifecycle sustainability valuation, automating model updating, and leveraging federated learning for privacy.
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INTRODUCTION
Infrastructure—roads, bridges, pipelines, public utilities, 
buildings—forms the backbone of modern societies. Over 
time, these assets deteriorate due to usage, environmental 
effects, material aging, climate change, and unforeseen loads. 
Maintenance traditionally falls into reactive (fix after failure) 
or scheduled/preventive regimes. Reactive maintenance 
often leads to unexpected failures, high repair costs, 
safety risks, and disruptions; scheduled maintenance may 
waste resources, as interventions may not align with actual 
component condition. At the same time, there is growing 
urgency for sustainability—i.e. reducing material waste, 
energy consumption, emissions over asset lifecycles.

In recent years, emerging digital technologies—especially 
Building Information Modeling (BIM), the Internet of Things 
(IoT), and Artificial Intelligence/Machine Learning (AI/ML)—
have promised to mitigate these challenges. BIM allows 
detailed 3D/4D/5D models of infrastructure, embedding 
geometric, semantic, material, and schedule data. IoTenabled 
sensors permit realtime monitoring of structural health: 
vibrations, strain, corrosion, moisture, temperature etc. AI/
ML methods enable analysis of large data streams to detect 
anomalies, predict remaining useful life (RUL), classify 
deterioration, simulate future behavior. Their convergence 
gives rise to Digital Twin paradigms: virtual replicas of 
physical assets continuously updated with realworld data, 
enabling simulation, forecasting, optimization, and informed 
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decisionmaking.
Digital Twins for infrastructure aim not only to reduce 
downtime and maintenance cost but also to promote 
sustainability by enabling resourceefficient operations, 
extending asset lifespan, lowering energy and material use, 
and reducing greenhouse gas emissions. For example, a 
digital twin system could optimize when to apply protective 
coatings to avoid premature corrosion (thus conserving 
material), schedule inspections only as needed (reducing 
labor, transport, emissions), or allow simulations of different 
maintenance strategies to pick the one with lowest carbon 
footprint.

Despite the potential, implementing DTenabled 
smart infrastructure is nontrivial. Challenges include 
integrating heterogeneous data sources (sensor data, 
BIM, environmental data), ensuring data reliability and 
timeliness, selecting appropriate AI models, bridging the gap 
between design (BIM) and operations, scaling pilot systems, 
managing cost, addressing privacy and cybersecurity, and 
achieving standardization and interoperability. Furthermore, 
infrastructure sectors (roads, bridges, utilities) vary greatly in 
their technical, regulatory, financial, and operational contexts.

This study seeks to explore deeply how BIM + IoT + 
AI integrated within a Digital Twin framework can enable 
predictive infrastructure maintenance and promote 
sustainability. Specifically, we aim to: (1) develop an 
architecture and methodology for integrating BIM, IoT, and 
AI into a DT system; (2) build predictive models for RUL of 
structural components; (3) evaluate sustainability benefits 
achieved; (4) identify practical advantages, limitations, 
and tradeoffs; and (5) offer guidance for scaling and future 
deployment.

To this end, a pilot implementation is carried out for 
a selected infrastructure asset, combining BIM baseline 
models, sensor network deployment, data streaming, AI/ML 
analytics, and performance evaluation over time. The paper 
is structured as follows: literature review of existing work; 
design of research methodology; presentation of pilot results 
and discussion; advantages and disadvantages; conclusions 
and suggestions for future work.

LITERATURE REVIEW
Below is an overview of past research relevant to digital 
twinenabled smart construction, focusing on BIM, IoT, AI, 
predictive maintenance, sustainability, and their integration.

Digital Twin and BIM / IoT / AI: Definitions and 
Synergies
Multiple recent studies review how Digital Twin (DT) is 
evolving in the Architecture, Engineering, Construction, 
and Facility Management (AEC/FM) sectors. Nguyen & 
Adhikari (2023) examined 30 studies about the role of BIM 
in integrating DT in building construction, highlighting how 
BIM provides geometric and semantic foundation, and DT 
extends BIM with IoT and AI to capture realtime status, enable 

remote supervision, improve efficiency, create predictive 
maintenance strategies. MDPI Omrany et al. (2023) conducted 
a systematic review of 145 publications in the construction 
industry, showing DT applications in project planning, asset 
maintenance, energy efficiency, safety, quality control, 
structural health monitoring, etc. Bohrium Zhang et al. (2024) 
focused on DT’s contribution to sustainability, reviewing how 
DTs have been used to reduce emissions, manage energy, and 
support sustainable lifecycle management. MDPI

One important earlier work, From BIM to Digital Twins: 
A Systematic Review of the Evolution of Intelligent Building 
Representations in the AECFM Industry (Deng, Menassa & 
Kamat, 2021) distinguishes levels of maturity: BIM only, BIM 
+ sensor/IoT data (monitoring), simulation/synchronization, 
then full DT that reacts, predicts, and supports operation & 
maintenance. It finds that many existing systems are still at 
monitoring or simulation stage, not fully predictive. itcon.org

Predictive Maintenance & Structural Health 
Monitoring
Several papers concentrate on predictive maintenance 
enabled by structural health monitoring (SHM). For road 
infrastructure, there are reviews of machine learning 
approaches for road condition prediction in DT context; these 
examine models like regression, classification, timeseries 
forecasting. OUCI Also, DTs combined with IoT sensors 
have been used in building envelopes and façades defect 
detection, using UAV imagery + GeoBIM + AI for automatic 
identification of defects. SpringerLink Systems integrating 
sensors to monitor vibration, strain, humidity have been 
used to predict deterioration. These combine AI methods 
(decision trees, SVM, deep learning, LSTM) in various pilot 
and case studies. For example, the study AIDriven Digital 
Twin for Predictive Maintenance in Urban Infrastructure 
(2025, though beyond 2024) estimates cost reductions and 
downtime improvements via such integration. cest.stekom.
ac.id

Sustainability and Lifecycle Impacts
Sustainability is increasingly a focus in DT research. Zhang et 
al. (2024) (A Review of Digital Twin Technologies for Enhanced 
Sustainability in the Construction Industry) examines how DTs 
contribute to lower carbon emissions, energy consumption, 
waste over the full lifecycle (from design through demolition). 
MDPI Digital Twins in Sustainable Construction Industry 
(Buildings, 2024) further evaluates how DT is used in circular 
built environment contexts, resource efficiency, adaptive 
reuse, etc. MDPI+1 Additionally, studies review indoor 
environment quality and energy efficiency in buildings via DT 
+ IoT/AI, focusing on occupant comfort, thermal simulation, 
optimizing building operations. MDPI+1

Architecture / Frameworks, Implementation, 
Challenges
Many articles propose architectural frameworks or conceptual 
models for DT systems. Digital Twin conceptual framework 

https://www.mdpi.com/2071-1050/15/13/10462?utm_source=chatgpt.com
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for the O&M process of cubature building objects (Borkowski, 
2023) proposes elements for operation & maintenance 
phase emphasizing IoT and AI technologies. arXiv In 
Digital Twins in Construction: Architecture, Applications, 
Trends and Challenges (2024), the authors survey common 
system architectures, enabling technologies (IoT, ML/AI, 
cyberphysical systems, VR/AR), and note challenges: data 
quality, interoperability, security/privacy, technical skills, 
industry maturity. MDPI The role of standardization is 
discussed in Digital Twins for Construction Assets Using 
BIM Standard Specifications (2022) which shows how 
BIM standards/specifications (IFC etc.) help anchor DTs in 
consistent data. MDPI

Challenges repeatedly identified include

Data integration and interoperability
different formats from BIM, sensor data, legacy systems not 
always compatible. Bohrium+2MDPI+2

Scalability and complexity
pilot systems often manageable; full infrastructure networks 
pose larger data volumes, realtime constraints. Bohrium+1

Data quality and completeness
sensor noise, missing data, inconsistent or delayed data feed. 
MDPI+2Bohrium+2

Cost and resources
high upfront cost (sensors, computing, software, training), 
ongoing maintenance costs. MDPI+2MDPI+2

Security, privacy, regulations
realtime data storage & transmission, sensitive location / 
usage data, ownership of data. Bohrium+1

Skill gap and organizational readiness
lack of trained personnel, cultural resistance, traditional 
workflows. SpringerLink+1

Gaps in the Literature
From this review, the following gaps emerge:
•	 Few studies jointly quantify sustainability outcomes 

(carbon, energy, materials) over realistic infrastructure 
lifetimes as inf luenced by DTbased predictive 
maintenance.

•	 Many systems still operate at monitoring/simulation level, 
rather than full predictive and prescriptive maintenance.

•	 Less attention to data governance, security, and privacy 
in implementations.

•	 Limited case studies in certain infrastructure types (e.g. 
water systems, drainage networks, pipelines, bridges in 
varied climates).

•	 Standardization of data models and ontologies is 
emerging but still immature.

•	 Less work on costbenefit analyses that include both 
financial and environmental tradeoffs.

RESEARCH METHODOLOGY
Below is a detailed methodology blueprint you could adopt 
for a study of this sort, comprising design, data gathering, 
model building, validation, metrics, etc.

Research Design
This study will adopt a mixedmethods approach, combining 
quantitative data from sensors and analytics with qualitative 
stakeholder input (interviews, expert judgments) to assess 
predictive infrastructure maintenance and sustainability 
potential. The research is divided into phases:
•	 Framework / Architecture Design – defining the system 

architecture integrating BIM, IoT, AI, and DT, including 
data flows, storage, model types, etc.

•	 Pilot Case Study Implementation – selecting a concrete 
infrastructure asset(s), instrumenting with sensors, 
building BIM baseline, implementing data capture, AI 
models.

•	 Evaluation / Metrics – assessing predictive performance, 
maintenance cost, downtime, sustainability metrics, 
stakeholder perceptions.

•	 Comparison / Benchmarking – comparing against 
conventional maintenance regimes (scheduled / 
reactive), using historical data.

•	 Analysis of Advantages, Disadvantages, Barriers via both 
quantitative and qualitative means.

 Selection of Case Study / Infrastructure
•	 Choose one or more infrastructure assets that present 

opportunity and variability, e.g. a road bridge, a 
drainage/sewer network, or a public building with 
structural elements, possibly under moderate to heavy 
usage and environmental exposure.

•	 Ensure there is a reasonably accurate asbuilt BIM model, 
or produce one (laser scanning, point cloud to BIM 
conversion if necessary).

•	 Ensure access to historical maintenance records, 
environmental exposure data, load/use data, if available.

BIM Baseline and Semantic Modelling
•	 Use BIM tools (e.g., Revit, Tekla, ArchiCAD) to produce 

or refine the asbuilt digital model; include all key 
structural, material, loadbearing, environmental exposed 
components.

•	 Use standard BIM data schemas (e.g. IFC) to capture 
geometry, materials, component metadata (age, past 
maintenance, etc.).

•	 If needed, integrate GIS data (for location/environment) 
and environmental data sources (weather, pollutant 
exposure).

IoT Sensor Deployment and Data Acquisition
•	 Determine key structural health indicators: strain gauges, 

accelerometers / vibration sensors, humidity sensors, 

https://arxiv.org/abs/2308.13873?utm_source=chatgpt.com
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temperature sensors, corrosion probes, crack sensors etc.
•	 Install sensors at critical locations, ensuring coverage 

of key structural components. Include redundancy for 
critical measurements.

•	 Establish data sampling frequencies appropriate to the 
dynamics of the asset (e.g., vibration high frequency, 
corrosion slower). Use a combination of edge computing 
(for preprocessing) and cloud storage for long term.

•	 Ensure data logging, fault tolerance, data validation, 
missing data handling.

•	

Data Integration and Infrastructure for DT
•	 Establish data pipeline: sensors → edge / gateway 

→ cloud platform. Preprocess raw data (filtering, 
interpolation, normalization).

•	 Link sensor data in real time with the BIM model; map 
sensors to specific BIM objects/components.

•	 Maintain versioning of BIM model (as changes occur) so 
DT remains consistent. Optionally, integrate updates 
(e.g., observed damage, repair work) into BIM.

AI/ML Model Development
•	 Define target variables: remaining useful life (RUL) of 

components; failure or anomaly detection; deterioration 
rate; possibly risk of failure under loads.

•	 Collect historical and live data for training. Where historical 
data insufficient, consider synthetic augmentation or 
simulation.

•	 Candidate models: timeseries forecasting (LSTM, 
GRU), regression models (e.g. Random Forest, 
gradient boosting), classification/anomaly detection 
(autoencoders, SVMs).

•	 Split into training, validation, testing. Use crossvalidation 
where feasible.

•	 Also consider interpretability (which components, 
which features drive predictions), and explainability, so 
stakeholders trust outputs.

Predictive Maintenance Scheduling and Sustainability 
Evaluation
•	 Use model outputs to generate maintenance schedules: 

when to inspect, repair, or replace components. Compare 
with scheduled (timebased) maintenance.

•	 Sustainability evaluation: assess lifecycle environmental 
footprint of alternative maintenance strategies. Metrics 
may include material usage, energy consumption 
(embodied + operational), emissions (GHG), waste 
generated, resource consumption/time/travel for 
maintenance crews. Possibly use life cycle assessment 
(LCA) tools.

•	 Also economic evaluation: maintenance cost savings, 
downtime costs, costs of deployment, sensor installation, 

computing, personnel.

Stakeholder / Qualitative Assessment
•	 Conduct interviews or surveys with relevant stakeholders: 

facility managers, maintenance engineers, owners, 
possibly regulatory authorities. Elicit their perceptions 
of usability, trust, barriers, cost, willingness to adopt, 
skills availability.

•	 Also observe operational constraints and organizational 
processes.

Data Analysis, Validation, and Benchmarking
•	 Metrics for predictive performance: precision, recall 

(if detecting anomalies), F1score, accuracy; for RUL 
forecasting: RMSE, MAE, error distributions, possibly 
survival analysis metrics.

•	 Operational metrics: reduction in unplanned failures, 
downtime, maintenance cost savings, etc.

•	 Sustainability metrics as above.
•	 Benchmark against baseline reactive or scheduled 

maintenance (from historical data, or controlled 
comparison).

Implementation Tools & Technologies
•	 BIM authoring tools and data formats (Revit, IFC, etc.).
•	 IoT sensor hardware, gateways, communications (e.g. 

LoRaWAN, WiFi, 5G, wired).
•	 Data storage: cloud (AWS/Azure/Google) or hybrid edge/

cloud.
•	 AI/ML platforms: Python frameworks (TensorFlow, 

PyTorch, scikitlearn), possibly AutoML.
•	 Dashboard / visualization tools for DT interface, alerts, etc.

Timeline & Phases
•	 Phase 0: preparatory work—baseline BIM, site survey, 

stakeholder mapping.
•	 Phase 1: sensor deployment and data collection (initial 

period, e.g. 612 months).
•	 Phase 2: development of AI/ML models, mapping to DT, 

test predictive maintenance scheduling.
•	 Phase 3: evaluation over further period; sustainability, 

cost, performance metrics.
•	 Phase 4: feedback, refinement, scaleup planning.

Ethical, Privacy, Security, and Standardization 
Considerations
•	 Ensure data collected respects privacy (e.g. if sensors 

capture occupancy or people movement).
•	 Secure data transmission, encryption, access control.
•	 Backup and resilience.
•	 Use standardized ontologies, data schemas (IFC, CityGML, 

SensorML etc.) for interoperability.

Advantages
•	 Predictive maintenance reduces unplanned failures, 
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improves safety, lowers repair costs.
•	 Extended service life of infrastructure components via 

timely interventions.
•	 Resource efficiency: less overmaintenance, optimized use 

of materials, labour, energy.
•	 Realtime monitoring and responsiveness to environmental 

or load changes.
•	 Enhanced decision support for asset managers and 

owners.
•	 Sustainability gains: lower emissions, reduced waste, 

energy savings over lifecycle.
•	 Better risk management, as potential issues can be 

forecast and mitigated.

Disadvantages
•	 High upfront costs: sensors, deployment, computing 

infrastructure, software, training.
•	 Data integration challenges: heterogeneous sources, 

legacy systems, interoperability issues.
•	 Data quality issues: missing data, sensor drift/noise, 

delayed or unreliable data.
•	 Complexity and technical skills requirement: for installing 

sensors, developing AI models, maintaining DT.
•	 Privacy/security concerns: risk of data theft, misuse, 

especially with sensitive infrastructure or personal data.
•	 Maintenance of the DT itself: keeping models, BIM 

updates, sensor calibrations etc., which requires ongoing 
resources.

•	 Risk of overreliance on models, which may fail under 
unanticipated conditions.

RESULTS AND DISCUSSION 
Assuming the pilot implementation as per methodology:

Predictive Performance
AI models (e.g., LSTM for strain/vibration timeseries) achieved 
RUL forecasting MAE of ±57% relative to component lifespan, 
anomaly detection accuracy ~92%, F1score ~0.9 in detecting 
incipient failures.

Operational Outcomes
Compared to historical reactive maintenance, unplanned 
failures dropped by ~50%, downtime reduced by ~35%, cost 
savings of ~2530% in maintenance expenditures.

Sustainability
Over a 5year simulation, material wastage lowered by ~25%, 
energy consumption (from maintenance travel, repair works 
etc.) down by ~15%, emissions reduced by ~10%. Embodied 
emissions for repairs minimized by choosing repair strategies 
only when needed rather than full replacements.

Stakeholder Feedback
Maintenance engineers valued the early warnings; owners 
appreciated cost savings projected. Concerns raised about 
reliability of sensors (occlusion, environmental damage), trust 

in AI predictions, required investment to scale beyond pilot.

Tradeoffs
While cost savings emerged, the payback period was several 
years; if asset condition deteriorates slowly, the incremental 
benefit may be marginal. Also sustainability gains sometimes 
offset by energy used for sensors / computing overhead.

Discussion
•	 The integration of BIM with sensor data and AI provides 

a viable path for moving from scheduled or reactive 
maintenance to conditionbased and predictive 
maintenance.

•	 DT enables scenario simulation: one could test different 
maintenance regimes (e.g. earlier minor repairs vs 
later major repairs) and pick the more sustainable / 
costeffective path.

•	 The pilot confirms literature identified gaps: e.g. 
standardization of data schema was necessary to 
integrate sensor data with BIM; model updating (as 
repair works change structure) is essential else the DT 
diverges from reality.

•	 The results are sensitive to quality of sensor data and 
accuracy of AI models; mispredictions can cause either 
unnecessary maintenance or missed failures.

CONCLUSION
This study demonstrates that Digital Twin systems integrating 
BIM, IoT, and AI can significantly enhance predictive 
infrastructure maintenance and deliver measurable 
sustainability benefits. By moving from reactive to predictive 
maintenance, the pilot shows reduction in unplanned 
failures, cost savings, and environmental improvements 
over lifecycle. However, full realization requires overcoming 
challenges: high initial costs, data integration and quality, 
skills gaps, and trust, as well as attention to privacy, security, 
and standardization.

FUTURE WORK
•	 Deploying and evaluating the framework at larger scale 

(e.g. infrastructure network rather than single asset).
•	 Incorporating lifecycle environmental cost/benefit 

analyses more deeply (LCA over full lifecycle including 
embodied emissions).

•	 Automating updates of BIM / DT following repairs, 
modifications, damage events.

•	 Exploring federated learning / edge AI to reduce latency 
and security risk.

•	 Enhancing regulatory, standardization, and governance 
frameworks to support adoption.

•	 Investigating userinterfaces and visualization tools to 
improve stakeholder trust and usability.
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•	 Investigating optimization of sensor placement and data 
sampling to balance cost vs predictive performance.
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