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The combination of Digital Twin (DT) and predictive maintenance (PdM) is
catching on and can truly transform today’s industry, mainly driven by
Industry 4.0. A Digital Twin is a live, digital version of a real asset, system
or process that is constantly changing with updated information from sensors
and advanced models. Because of this integration, it is easier to monitor,
detect any anomalies, diagnose issues and predict future problems, leading to
fewer unexpected shutdowns, savings on service costs and a better run of
operations and asset health. It reviews in detail the implementation of Digital
Twins for predictive maintenance, combining different perspectives across
manufacturing, energy, aerospace, automotive and process domains.
Important architectural pieces investigated by the study are loT-enabled data
collection, simulation with different physics, AI/ML analysis, frameworks
using edge and cloud computing and advanced visual interfaces. A taxonomy
of DT-based PdM systems organized by maintenance type (such as
condition-based and failure prediction), modeling (such as physics-based,
data-driven, hybrid) and maturity is provided. Besides, the review points out
how major players in the field implement these technologies and assesses
their outcomes. While significant progress has been made, problems
including different forms of data, high costs in computing, explaining
models, selecting industry standards and cybersafety keep slowing the
adoption of Al across large organizations. The authors examine these barriers
and come up with strong solutions in the paper. Various research areas are
suggested, including making federated digital twins, adding semantic
consistency to various systems, applying XAl for understandable decisions
and enabling real-time analysis at the edge for quick responses. The purpose
of the review is to bring together industrial and academic work to make it
easier for researchers and users to build, put in place and perfect intelligent
predictive maintenance using digital twins, encouraging strong, data-based
industries.
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1. INTRODUCTION

Earlier on, most industrial maintenance was based on just reactive and preventive approaches. Such
type of upkeep only began with equipment failure which then resulted in sudden interruptions and production
losses [1]. Since preventive maintenance was set to regular times instead of current needs, sometimes assets
were worked on often, but in some cases, they needed to be worked on much later. During these years,
decisions were made almost exclusively by hand, following past maintenance records and statistical failure
models [2]. At that time, improvements in scheduling and simple condition monitoring using sensors were
studied, but the systems did not have the analytical strengths and instant updates that modern smart systems

now do [3].
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With Digital Twin (DT) technologies becoming more common under Industry 4.0, the world of
predictive maintenance has moved forward a lot [4]. Virtual representations of physical assets are created
using advanced sensors, 10T infrastructure, cloud-edge computing and Al in current DT frameworks. Using
these replicas, manufacturers can watch over their assets continuously, detect faults, analyze what caused
them and predict when those assets will no longer be needed [5]. Many efforts are now directed at processing
data as it becomes available, using both simulation and data-based models, Al in diagnosis and building
architectures for DT systems that can be deployed in factories. Enterprises such as Siemens, GE and Rolls-
Royce have used DT-based predictive maintenance to help decrease costs and make their systems more
reliable [6,7].

Future work in DT-based PdM involves improving these tools to be smarter, communicate with
others and operate independently. Technology is now focused on federated learning-supported digital twins,
agreeing on standards, combining Al on devices and making decisions that are easy to understand. In
addition, as DTaaS platforms are expected to rise, any business, big or small, can capitalize on predictive
maintenance with little financial commitment. From prediction of faults, the focus will now fall on improving
how assets are managed for their entire lifecycle, focusing on the environment and adding smart self-healing
capabilities in the smart factories of tomorrow.

2. DIGITAL TWIN FUNDAMENTALS

2.1. Definition and Evolution

Essentially, a Digital Twin (DT) displays a virtual version of a physical asset, process or system and
is always updated with latest, real-time information [8]. The virtual replica combines a representation of the
physical entity’s state with predictions of its performance and outcomes for different situations. Around the
early 2000s, NASA used the idea of a digital twin to keep track of its spacecraft systems and predict their
likely issues. Still, an early method based on simulated reflective images was used when creating the
foundational ideas [9]. With more time, digital twins have become useful in manufacturing, energy,
transportation, health care and managing infrastructure as well as in aerospace. As represented in Figure 1,
four main qualities define modern digital twins: they receive current data from loT devices, allow
communication for observation as well as control, model complex interactions among and between systems
and rely on Al and ML to help predict and help with decision-making [10,11]. Switching from unchanging
CAD models to smart, self-updating, data-filled digital forms makes a big difference in the management of
assets over their lifetime. In addition, digital twins now cover more than single components; they can
simulate whole production lines, factories, supply chains and even cities, helping with full awareness,
improvement in operations and strategy creation for different sectors and communities [12].
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Figure 1. Key Functional Attributes of a Modern Digital Twin System

2.2. Architecture

A digital twin (DT) system for Predictive Maintenance (PdM) is set up in layers, taking advantage
of various technologies to make sure data flows freely, is examined in real time and benefits users with useful
information, depicted in Figure 2. At the heart of it is the Data Layer, made up of loT sensors, sensor
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networks, PLCs and SCADA systems. To do this job, these components retrieve key operational data,
including temperature, pressure, vibration, voltage and current from the assets they monitor. Following this,
the raw data is given to the Integration Layer, where it is prepared, noisy elements are eliminated, the data is
made consistent and the collected entries are joined. This layer makes use of MQTT, OPC-UA and REST
APIs to ensure both the safety and reliability of data being shared between edge devices and the cloud. From
there, the preprocessed data is given to the Modeling Layer, where it helps build and update the asset’s digital
replica. Within the modeling layer, we add both physics-based models to simulate how assets work and learn-
based models that study history and present information to find meanings in the data. Model refinement
improves the results of their predictions as we receive new data. What the models conclude is given to the
Decision Layer, responsible for core PdM activities like finding faults, estimating how long the equipment
will last, prioritizing maintenance and arranging schedules. The main functions of this layer are supported by
using rules, optimization and Al-guided decisions. The Visualization Layer gives people tools like
dashboards, 3D displays, AR overlays and HMIs so they can view the digital twin, check the condition of
assets in live time and choose the best actions for maintenance. The result of this layered approach is that
DT-powered PdM systems are modular, simple to expand, work well with different industries and support
on-the-spot decision-making during industrial maintenance.

Visualization Layer

Dashboards, 3D visualiza-
tion, human-machine
interfaces (HMls)

Decision Layer

Predictive analytics,
transformation, aode-clood
transmission

Modeling Layer

Physics-based models
Data-driven models (ML
DL)

Decision Layer

Integratiion Layer
—>| Data prepocesssing,
transformation, andge-cloud
transmission

Figure 2. Layered Architecture of a Digital Twin System for Predictive Maintenance

3. DIGITAL TWIN FOR PREDICTIVE MAINTENANCE: A TAXONOMY

3.1. Maintenance Approach

DT technology can be sorted into two classes according to its role in predictive maintenance: those
built to work with Condition-Based Maintenance (CBM) and those built to predict failure events, which is
provided in Table 1. Real-time sensor inputs from the physical asset allow the twin to evaluate its state of
operation at all times in CBM. Early signs of problems are detected by looking at temperature, vibration, the
oil viscosity and electrical signals. Only when specific thresholds or unusual incidents are noticed are actions
taken, so maintenance is streamlined and needless stoppages are prevented. On the other hand,
FailurePredictionModels estimate how much longer components or systems will last using their past failure
data and machine learning. Experts apply different methods such as statistics, regression or machine learning
networks, to spot wear or damage problems and predict outcomes. Because these models anticipate upcoming
failures, they allow companies to take actions ahead of time, helping to improve safety, reliability and usage
of assets. From Figure 3, we can see that the comparison of condition-based maintenance and failure
prediction models in digital twin-based predictive maintenance.

Digital Twin Implementation for Predictive Maintenance in Industrial Systems
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Table 1. Comparison of Maintenance Approaches in Digital Twin-Based Predictive Maintenance

Aspect Condition-Based Maintenance (CBM) Failure Prediction Models
Data Source Real-time sensor data from assets Historical failure data and operational logs
Primary Monitor current asset condition to detect Forecast future failures and estimate
Objective anomalies Remaining Useful Life (RUL)
Trigger Threshold breaches or abnormal behavior Time-based prediction based on learned
Mechanism failure patterns
Techniques Signal analysis, anomaly detection Statistical modeling, machine learning, deep
Used algorithms learning
Action Timing Reactive within a controlled window Fully proactive—planned maintenance
(just-in-time maintenance) before failures occur
Benefits Avoids unnecessary maintenance, Enables proactive resource planning and
reduces downtime minimizes unexpected failures
Limitations May miss gradual degradation not Requires large and high-quality failure
crossing threshold levels history for accuracy

CONDITION-BASED FAILURE
MAINTENANCE PREDICTION
MODELS

¢ Uses real-time
sensor data

e Detects anomalies

* Uses historical
failure data

* Forecasts

or thresholds Remaining Usefu Life

e Optimizes * Enables proactive
maintenance interventions
schedules

Figure 3. Comparison of Condition-Based Maintenance and Failure Prediction Models in Digital Twin-Based
Predictive Maintenance

3.2. Modeling Techniques

If the underlying modeling in a Digital Twin is weak, predictive maintenance will not be very
effective. Physics-based, data-driven and hybrid models are three categories they can fallinto. Physics-
basedmodels depend on mathematical tools such as FEA, CFD or system dynamics, to predict how the asset
will behave physically when it operates under different conditions. They do a very good job at describing
known physical effects, but have trouble with phenomena that are not predictable or occur by chance. But
data-driven models rely on a lot of past and current sensor data to look for trends, oddities and hidden
patterns. Relying on Random Forests, LSTM (Long Short-Term Memory) networks, CNNs (Convolutional
Neural Networks), Autoencoders, is standard practice for classification, regression, finding anomalies and
RUL estimation. Hybrid models aim to join both ideas by combining physical understanding and
experimental results in one framework. For example, basing machine learning on physics principles from a
certain field helps the model perform better in cases where many labeled failure data sets are not available.
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Figure 4. Classification of Digital Twin Modeling Techniques for Predictive Maintenance

The classification of digital twin modelling techniques for predictive maintenance and the comparison is
depicted in Figure 4 and Table 2.

Table 2. Comparison of Digital Twin Modeling Techniques for Predictive Maintenance

Model Description Common Advantages Limitations
Type Technigues
Physics- Utilize mathematical Finite Element High accuracy; Struggle with
Based formulations to Analysis (FEA), grounded in real- unknown conditions;
Models | simulate physical asset | Computational Fluid world physics. computationally
behavior based on Dynamics (CFD), intensive.
known principles. System Dynamics
Data- Learn patterns and Random Forests, Handle complex, Require large, high-
Driven trends from historical LSTM, CNN, nonlinear data; quality datasets;
Models and real-time sensor Autoencoders adaptive to new limited
data using statistical or trends. interpretability.
Al methods.
Hybrid Integrate physics- Physics-Guided Combine accuracy | Complex integration;
Models based modeling with Machine Learning, with adaptability; needs both domain
data-driven learning Surrogate Models better performance expertise and data
for enhanced in uncertain science skills.
generalization. environments.

3.3. Industry-Specific Applications

The practice of using Digital Twins for maintenance forecasting is applied in various industries,
shaped to meet the singular needs of each type of operation and maintenance. In the manufacturing industry,
DTs are commonly used to keep an eye on CNC machines, using live data to predict when spindles need
replacing, tools could break or machinery is misaligned. The process provides less downtime and better-
quality products. For wind and thermal plants, DTs use sensors to watch over turbine blades and notice any
potential wear in order to avoid major accidents. Usually, these applications depend on complex physical
simulations, along with live data from SCADA. The industry uses digital twins to watch engine health, with
near-constant evaluation of important data such as temperature, vibration and pressure leading to smarter
maintenance planning, minimizing dangers and lowering the cost to businesses. Digital twins play a role in
electric vehicles by helping assess battery health and spotting problems with the drive system to ensure parts
work as they should. These designs guarantee vehicles are properly controlled, safe and keep running for a
longer period. Combining these applications and adding predictive analytics to DTs boosts how dependable,
efficient and easy to maintain critical assets become in many different fields. Industry-specific applications of
digital twin-based predictive maintenance are shown in Figure 5.

Digital Twin Implementation for Predictive Maintenance in Industrial Systems
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Figure 5. Industry-Specific Applications of Digital Twin-Based Predictive Maintenance

4. KEY TECHNOLOGIES ENABLING DT-BASED PDM

Table 3. Key Enabling Technologies for Digital Twin-Based Predictive Maintenance and Their Roles

Technology Role
loT Sensors Real-time data acquisition (temperature, vibration, pressure)
Cloud & Edge Computing Storage, processing, and latency reduction
Machine Learning/Deep Learning Fault prediction, anomaly detection
5G and OPC-UA High-speed, secure, standardized data exchange
AR/VR Interfaces Immersive visualization for maintenance technicians

Table 3 portrays the key enabling technologies.

5. CASE STUDIES AND BENCHMARK IMPLEMENTATIONS

5.1. Siemens MindSphere

As shown in Figure 6, Siemens MindSphere allows companies to monitor their equipment closely
and perform advanced predictive maintenance by using machine learning and instant analysis of information.
For large-scale factories, MindSphere links crowd-pleasing turbines, compressors and motors to the cloud,
helping gather, examine and visualize information about how they work all the time. A major function of the
platform is in planning maintenance for turbines, using both stored operating data and current sensor readings
to make estimates about the future condition of essential components and detect errors. Using machine
learning, MindSphere is able to identify problems early on and encourages teams to address them before
matters get worse. In manufacturing, Siemens says that using DT based on MindSphere has resulted in a 40%
drop in unplanned service stops, higher reliability for equipment and better times to buy or replace parts or
schedule service. In this case, digital twins based in the cloud show that they are effective in handling
rotating machinery throughout its lifespan.
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Figure 6. Siemens MindSphere Architecture for Predictive Maintenance in Turbine Systems

5.2. GE Digital Predix

The GE Digital Predix platform is a well-known industrial digital twin platform that adds value with
predictive maintenance for the energy and utility fields. Both physics-based modeling and Al-driven working
methods are used in Predix to develop complete virtual versions of assets, including boilers, turbines and
generators. The information from control systems, 10T sensors and previous performance logs are brought
together to notice changes in equipment and unusual activity. In power plants, boiler systems benefit from
Predix which uses fusion modeling to predict failures with a very high rate of accuracy—as much as 93%.
The measurement precision allows plant staff to be ready for routine maintenance and reduce expensive
surprises that disrupt the assets’ performance. In addition, Predix provides for edge computing so that
diagnostic information from each asset is available in real time while being stored longer for fleet analysis on
the cloud. It proves that strong digital twin software can lead to important advancements in preparation for
and response to issues and needs in large and risky industrial environments.

5.3. Rolls-Royce Intelligent Engine

With this project, Rolls-Royce is introducing digital twin technology by creating digital twins of
their engines that monitor them in real-time for their entire service life. Multiple sensors inside each engine
supply information on pressure, temperature, fuel flow, vibration and the wear of different components which
are collected centrally by an analytics program. Data collected is run through a digital twin that imitates how
the engine’s temperature, structure and performance respond to flight conditions and load. Because of this,
every aircraft can receive specific maintenance when it’s needed, instead of relying on set schedules for all
engines. Because of this, Rolls-Royce can now operate using a power-by-the-hour model, where customers
pay for how long their engines are running and how well they operate, instead of paying to own them. With
the Intelligent Engine framework, the accuracy of predictive maintenance rises and so does the reliability of
the fleet while maintenance costs go down and sustainability in aviation increases, as fuel efficiency is
improved and less carbon is produced. Benchmark case studies of digital twin platforms for predictive
maintenance in enveloped in Table 4.

Table 4. Benchmark Case Studies of Digital Twin Platforms for Predictive Maintenance

Platform Industry Focus Technologies Used Key Use Case Reported Outcomes
Siemens Manufacturing, Cloud, ML, loT Turbine 40% reduction in
MindSphere Utilities maintenance unplanned downtime

scheduling
GE Digital Energy & Power Edge computing, Boiler failure 93% prediction
Predix Plants hybrid modeling, 10T, prediction accuracy; proactive
analytics outage prevention
Rolls-Royce Aerospace Embedded sensors, Jet engine Personalized servicing;
Intelligent physics-based + Al monitoring and | reduced cost; improved
Engine models, cloud diagnostics sustainability

Digital Twin Implementation for Predictive Maintenance in Industrial Systems
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6. CHALLENGES IN DIGITAL TWIN IMPLEMENTATION

Many industries do not use Digital Twin (DT) technology for predictive maintenance as often as
they could because of different technical and operational issues. One main problem is that industrial systems
create a wide variety of data in various formats, at different sample rates and using different communication
protocols. Joining data together from things like PLCs, SCADA and today’s IoT products is very hard due to
a lack of interoperability. Without set data models and protocols, bringing the physical and digital worlds
together smoothly is tough. On top of that, adopting digital technologies across many assets, lines or factories
makes scaling operations a major issue. When performing simulations using multi-physics and Al in real
time, the need for high computing power and storage is very high. There is often a need for advanced hybrid
systems between the cloud and the edge, plus quality data pipelines, for quick real-time actions with big
datasets. Key challenges in implementing digital twin technology for predictive maintenance are given in
Figure 7.
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Security and Privacy
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Poor prediction for rare
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Figure 7. Key Challenges in Implementing Digital Twin Technology for Predictive Maintenance

Security and privacy are also significant difficulties, as sensors, edge devices and the cloud are very
closely connected. Assaults on data integrity, unauthorized entries or system changes can result in incorrect
predictions or damage to important equipment. Making sure end-to-end encryption, safe data access and
anomaly detection happens is key, but it is still a hard process. Furthermore, models find it difficult to
correctly predict rare or complex types of failure. Because most of these AI/ML DTs depend on past failure
data which is usually limited or out of balance, their predictions may not be very reliable. There is also a
wide difference in understanding how to use domain knowledge along with new technologies. Although
getting expertise in control engineering, sensor networks, data science and machine learning is difficult in
traditional industry, this is required to make Digital Twinning effective. Interdisciplinary learning, academic
cooperation and quicker development of user-ready DT tools help close the talent gap needed for future
success.

7. FUTURE RESEARCH DIRECTIONS

As the Digital Twin (DT) system develops further, several attractive studies are appearing to solve
its current problems and increase its impact in predictive maintenance. A direction that is being discussed is
the use of Federated Digital Twins which perform model training on several factory floors without sharing
raw data. With this approach, everyone’s data is still private and regulated, but it allows for the sharing and
combining of models to increase useful knowledge. The way computational activities are shared between

IIRJET, Vol. 10, Issue. 3, Mar 2025: 38 - 46



IHRJIET ISSN: 2456-1983 a 46

edge devices and cloud systems is an important issue as well. With fast analytics handled at the edge and
valuable insights from deep learning accessed from the cloud, industries benefit from immediate results and
long-term data storage, guaranteeing their DT is scalable and works in real time. Furthermore, by including
Explainable Al (XAl) in DT systems, decision outcomes related to safety-critical assets can be explained and
understood by all. When XAl techniques are applied, predictions or maintenance advice given by the Al
system have clear explanations that can be easily understood by humans. Creating standardized ontologies
and clear communication protocols that allow all types of digital twins, assets and enterprise systems to
communicate well is another key area being explored. Creating single digital ecosystems and including DTs
in industrial digital platforms depends on this standardization. Because many SMEs cannot deploy Digital
Twins themselves, the idea of DTaaS is growing in popularity. This service delivers digital twin features on a
subscription basis, accessible from the cloud to all industries and helping speed up the transformation to
Industry 4.0. Not only do these new ideas solve current issues, but they also help create smarter, more
inclusive and stronger digital twin systems.

8. CONCLUSION

Adding Digital Twin (DT) technology to predictive maintenance (PdM) creates an important
development for monitoring, looking after and maintaining industrial systems. The use of digital copies of
physical assets and multiple types of data makes it possible for DTs to help move from reactive and
preventive strategies to truly predictive and prescriptive maintenance. By using Predictive Maintenance,
industries predict possible issues, plan maintenance more efficiently, save money on operations, ensure
longer lifespan for their assets and improve both safety and productivity. For the last decade, improvements
in 10T, cloud-edge computing, machine learning and data visualization have worked together to improve the
DT environment and allow it to be applied in manufacturing, energy, aerospace and automotive industries.
Nevertheless, daily adoption of Al is slow because it faces data heterogeneity, is prone to cybersecurity
problems, is difficult to interpret for everyone and includes a tough process for merging knowledge from
various fields with Al. Working through these issues calls for significant research and development in
federated digital twin architectures, semantic interoperability frameworks and ideas that clarify how Al
supports choices. In addition, Digital Twin-as-a-Service (DTaaS) platforms could make predictive
maintenance available to small and medium-sized enterprises. It is expected that digital twins will become
independent, smart systems able to identify issues and then suggest and implement maintenance solutions
largely on their own. The growing emphasis on running operations safely, sustainably and efficiently, thanks
to Industry 4.0 and beyond, will make the Digital Twin essential to the future of intelligent maintenance.
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