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Abstract—Maintenance predictive (Predictive Maintenance/PdM) becomes element strategic in industry 

modern manufacturing because capable prevent downtime planned and improved efficiency line production. 

In line with progress Industry 4.0, the integration of Digital Twin (DT) and Machine Learning (ML) offers 

diagnostic and predictive capabilities failure machine based on real-time data, so that decision maintenance 

can done in a way proactive. Research This aim study in a way comprehensive effectiveness and challenges 
implementation DT–ML integration in PdM through study literature systematic in publication 2020–2025 

period. Data analyzed use approach synthesis thematic for identify pattern algorithmic, benefits operational, 

obstacles implementation, as well as trend study contemporary. Study results show that DT combination as 

virtual representation of assets and ML as machine prediction capable increase accuracy detection anomalies, 

projecting remaining useful life (RUL), reducing downtime, and improving reliability manufacturing. However, 
the obstacles technical in the form of interoperability system, sensor data quality, requirements security, and 

operator readiness are still limit adoption scale big. This study give implications scientific and practical that 

success PdM DT–ML based defined No only by accuracy algorithm, but by architecture a modular, secure, 

interoperable, and user-oriented system man.  
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I. INTRODUCTION 

Maintenance Strategy Predictive (PdM) in industry modern 

manufacturing is increasingly rely on real-time data from IoT 

sensors and machine learning techniques to identify indication 

beginning failure machine before there is unforeseen downtime 

planned approach This allows detection early signal damage 

and retrieval action more preventive precision, so that cost 

maintenance can pressed at a time increase reliability 

production (Taşcı et al., 2023). Various algorithm such as 

Random Forest and XGBoost has show effectiveness in 

modeling prediction failure, while deep learning methods such 

as LSTM-GAN produce accuracy tall in detect abnormal 

conditions and planning action proper maintenance (Liu et al., 

2021) . Merger analysis dependence function components and 

predictions of Remaining Useful Life (RUL) also open 

opportunity optimization priority maintenance in a way more 

measurable and efficient (Han et al., 2021).  

Even though give benefit significant , implementation PdM 

Still face challenge in the form of large and noisy volumes of 

sensor data as well as integration complex system so that 

conditions asset can monitored in a way comprehensive and 

dynamic (Nunes et al., 2023). In context this, direction the 

development of Industry 4.0 demands PdM which is not only 

efficient but also adaptive, so conception technology 

maintenance start shift from conventional data processing 

going to approach intelligent model that combines predictive 

models and digital representation models (Çınar et al., 2020). 

The presence of Digital Twin (DT) is becoming answer on need 

the Because capable represent asset physique in real-time and 

simulate the response to various scenario operation virtually. 

Integration of DT with Machine Learning (ML) strengthens 

ability prediction system because ML can learn pattern 

complex and captivating history difficult anomaly identified by 

a mathematical model traditional, so that push maintenance 

more proactive and adaptive (Chen et al., 2023). DT model 

updating sustainable through deep learning, reinforcement 

learning, and transformer-based models allows taking decision 

maintenance in real-time in sync with dynamics of the 

production process. AI-driven framework based on DT–ML 

even reported capable reduce downtime by up to 40% and costs 

maintenance up to 25% through automatic diagnosis and 

scheduling mechanisms maintenance dynamic (Prabu et al., 

2025) with implementation real on monitoring health of vehicle 

tires, CNC machines, and HVAC systems (Karkaria et al., 

2024).  

In addition to improving capacity predictive, DT–ML 

integration also provides opportunity efficiency energy and 

improvement quality product. Algorithm such as Random 

Forest and XGBoost proven effective in predict process 

parameters such as rudeness surface and consumption power, 

so that decision process settings can done in a way more 

intelligent (Khan et al., 2025). Development towards Industry 

5.0 also expand direction study with put role man as part from 

circle intelligent digital system, where the feed reverse operator 

and preferences safety become part from the learning and 

mailto:nurulfadhilah@gmail.com


15 Nusa Teknika Vol. 1 No. 1 2026

  
optimization process maintenance (Sabuncu & Bilgehan, 2025). 

With method this, collaboration human – machine No only 

increase operator safety and confidence, but also strengthen 

stability operational. 

Although integration of DT and ML brings potential 

transformative, some issue technical Still become spotlight, 

such as scalability implementation, needs interoperability 

cross- platform, and compilation standard security technology 

(Chen et al., 2023). In the middle challenge mentioned, the 

development learning without supervision like the combination 

of autoencoder and LSTM shows ability detection anomaly up 

to 98%, strengthen DT capacity as system continuous 

predictive adapt (Kerkeni et al., 2025). Research direction 

contemporary also moves in efforts designing an integrative 

model that is not only capable predict failure and optimization 

decision maintenance in real-time, but also ensure operator 

acceptance as part from system production so that optimization 

cost, reliability assets and comfort Work can achieved in a way 

simultaneously at the level modern manufacturing. 

II. METHOD RESEARCH 

Study This use method study literature systematic for 

constructing a conceptual model integration of Digital Twin 

(DT) and Machine Learning (ML) in optimization Maintenance 

Predictive on the system production manufacturing. Focus 

study no directed at processing raw sensor data, but at searching, 

selecting, and reviewing critical to publication relevant 

scientific with topic. Selection literature done based on 

suitability context, completeness information technical, as well 

as his contribution in discuss ML algorithms, DT architecture, 

capabilities predictive, effectiveness operational, and human-

centric elements in PdM. Literature that is not in line with 

coverage manufacturing or no load analysis technical PdM 

issued from study for guard relevance and accuracy focus study. 

Literature that meets criteria Then analyzed through 

synthesis thematic, namely identify core concepts, grouping 

findings based on proximity themes, and connect them for map 

pattern implementation and challenges of DT–ML in PdM. 

This process allows formation description comprehensive 

about connection DT function as virtual representation of assets, 

ML capabilities as amplifier prediction failure, and mechanism 

taking decision maintenance in real-time. Validity study 

guarded through checking consistency findings between 

sources and search repeat on the literature that has similarities 

theme. 

III. RESULT AND DISCUSSION 

Optimization maintenance predictive on the system 

production modern manufacturing emphasizes development of 

models and algorithms that are not only capable minimize 

downtime and costs operational, but also maintain reliability 

system in term long. Approach Semi-Markov Decision Process 

(SMDP) based decision making is one of the prominent 

strategies Because can integrating burn-in and maintenance 

processes predictive in a way simultaneous for produce 

decision more maintenance adaptive. Study on the system 

battery vehicle electricity show that determination of burn-in 

strategy based on SMDP is capable increase age component at 

a time lower cost maintenance in a way significant, so that give 

runway empirical that optimization decision maintenance 

based on mathematical models own implications strong 

operations (Faizanbasha & Rizwan, 2025).  

In line with direction said, the results study literature show 

that the integration of Digital Twin (DT) and Machine Learning 

(ML) has develop become approach dominant in development 

Maintenance Predictive Maintenance (PdM) in the sector 

modern manufacturing. DT is present as digital representation 

of asset updated physical in real-time through IoT sensors, 

while ML functions process pattern historical degradation 

machine For predict potential damage and Remaining Useful 

Life (RUL) (van Dinter et al., 2022). The integration of both 

create maintenance processes shift from system based static 

schedule becomes approach responsive predictive to dynamics 

condition assets. 

Ability predictive from system maintenance the more 

increase when DT digital data is combined with ML algorithms 

that are capable of learn pattern degradation machine in a way 

progressive. Ensemble models such as Random Forest and 

XGBoost proven effective in classification condition engine 

and initial diagnosis damage Because his abilities handle 

variables multi-line at a time give interpretation easy technical 

understood by the operator (Khan et al., 2025; Taşcı et al., 

2023). In the case of sensor signal with non-linear dynamics 

and levels noise high , deep learning and hybrid models such as 

LSTM-GAN and Autoencoder-LSTM show accuracy best in 

detect change small in pattern degradation (Kerkeni et al., 2025; 

Liu et al., 2021). Findings cross studies This confirm that 

election deep ML algorithms PdM DT based no can nature 

uniform for the entire manufacturing domain, but rather need 

customized with characteristics assets, types degradation 

components, and sensor data quality. 

Based on various findings said, synthesis study previously 

become important for map shift direction study, methods used, 

strengths their respective approaches, and their implications to 

development PdM based on DT and ML. For give description 

chronological and comprehensive about direction development 

research, Table 1 is compiled for summarize contribution study 

previously based on method, application domain, findings main 

points, and their implications for literature. With thus, the table 

following No only show research list before, but also visualize 

transformation PdM from a conceptual level until 

implementative with human-centric approach to the system 

production manufacturing.

 

TABLE 1. FONT SIZE FOR ARTICLE 

No Researcher 

(Year) 

Method/Model Domain/ Asset Key Results/Benefits Implications for 

Literature 

1 van Dinter et 

al., (2022) 

Systematic 

Literature Review 

Multisectoral Identifying Digital Twin core 

architecture–Predictive 

Maintenance 

Become base conceptual for 

formulation runway 

architecture DT–ML 

integration 

2 Chen et al., 
(2023) 

Technical review System 
manufacturing 

DT–ML integration improves 
accuracy of diagnosis and 

prediction failure machine 

Strengthening urgency DT–
ML integration in PdM For 

efficiency operational 
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3 Zhong et al., 

(2023) 

Conceptual 

review 

Equipment 

manufacturing 

Significant differences 

between traditional PdM and 
DT-based PdM 

Confirming shift paradigm 

going to maintenance data- 
based and virtual models 

4 Mrzyk et al., 

(2023) 

Case study Compressor & 

turbine 

flexible DT applied to various 

asset industry 

Give proof empirical success 

DT implementation on 

assets real 
5 Fede et al., 

(2024) 

Integrative 

framework design 

Production & 

maintenance 

DT–ML integration improves 

coordination of operational–

maintenance decisions 

Show importance integration 

cross function in 

implementation PdM 

6 Muctadir et 
al., (2024) 

Trend review 
technology 

System 
intelligent 

Challenge interoperability and 
security dominate context 

industry 

Become reference main in 
identify obstacle DT–ML 

implementation 

7 Khan et al. 

(2025) 

Benchmarking 

framework 

Smart 

manufacturing 

Provide recommendation 

election optimal ML 
algorithm according to 

scenario degradation 

Become references election 

algorithm for different data 
assets and characteristics 

8 Prabu et al., 

(2025) 

Case study 

industry 

Machine 

industry 

Reduced downtime and costs 

maintenance on DT–ML 
implementation 

Strengthen proof operational 

benefit DT–ML integration 
in manufacturing 

9 Sabuncu & 

Bilgehan, 

(2025) 

Human-centric 

framework 

Industry 5.0 Bait return operator increase 

safety and trust to system 

Introducing a socio-

technical perspective and a 

human-centric approach 
10 Kerkeni et al., 

(2025) 

Autoencoder + 

LSTM 

Industrial IoT 

systems 

Very high anomaly detection 

accuracy on complex data 

Strengthening the role of 

hybrid models as a superior 

approach for degradation 

prediction 

The findings show a pattern of operational capability 

improvement in companies implementing DT–ML. Real-time 

data-driven implementation has been shown to reduce 

downtime, reduce maintenance costs, increase asset lifespan, 

minimize MTTR (Mean Time to Repair), and improve energy 

efficiency (Benhanifia et al., 2025; Karkaria et al., 2024; Prabu 

et al., 2025). Thus, the primary value of DT–ML lies not only 

in improving the accuracy of failure predictions, but also in its 

impact on overall manufacturing performance indicators. The 

integration of condition reporting systems and predictive 

maintenance decisions has a cascading effect on production 

system stability, planning capacity, and resource efficiency, 

enabling PdM to evolve from a mere detection tool to a strategic 

decision-making instrument. 

Despite offering significant performance improvements, the 

study also confirms that the implementation of DT–ML in 

industry is not without its challenges. The main issue lies in the 

integration of heterogeneous subsystems such as PLCs, 

SCADA, MES, ERP, and cloud platforms, which often use 

different communication protocols and metadata structures 

(Nunes et al., 2023) . The lack of synchronization between the 

predictive capabilities of Digital Twin (DT) and Machine 

Learning (ML) models and the readiness of digital 

infrastructure is a major obstacle to realizing the full potential 

of intelligent predictive maintenance systems. Supporting 

digital infrastructure must be able to integrate multi-source data 

in real time, such as through semantic modeling and IoT-based 

management platforms, to ensure interoperability and smooth 

data flow between physical assets and their digital 

representations (Mahmoodian et al., 2022) . 

The socio-technical dimension is also a crucial element 

influencing the success of PdM implementation. Recent studies 

have shown that predictive systems are often rejected by 

operators when the information presented is difficult to 

understand or reduces the sense of control over the work 

process (Sabuncu & Bilgehan, 2025). To address this, the 

literature recommends the implementation of explainable AI 

(XAI) and user-friendly interfaces to translate predictions into 

maintenance decisions that are both operationally and 

psychologically acceptable. XAI enables operators to 

understand the rationale behind maintenance recommendations, 

thereby increasing transparency, trust, and accuracy of actions. 

Hybrid-augmented intelligence approaches even combine 

human intelligence and AI through natural language-based 

interfaces, such as digital assistants, to support collaborative 

maintenance decision-making (Wellsandt et al., 2022) . XAI 

methods such as LIME, SHAP, PDP, and ICE have been used 

to explain AI model predictions, enabling operators to grasp the 

rationale for predictions and reducing the risk of false alarms 

and incorrect actions (Gawde et al., 2024).  

In addition to technical and human-centric factors, the 

discussion of the study results also highlights the need for a 

consistent architectural reference. Many studies focus on 

algorithmic innovation, but have not yet outlined how industrial 

subsystems are assembled into a single, replicable functional 

pipeline (Fede et al., 2024). This highlights the need for 

research that integrates DT architecture, ML model 

orchestration, and data governance so that DT–ML-based PdM 

does not stop at the pilot stage but can be replicated across 

various assets and industrial scenarios. Long-term evaluation is 

also necessary because the majority of studies still rely on 

short-term trials or single assets, whereas the reliability of new 

models can be demonstrated through multi-location and multi-

asset testing (Mrzyk et al., 2023; Prabu et al., 2025). Therefore, 

the next research agenda should focus on the scalability and 

sustainability of PdM implementation at the industrial level. 

Comprehensively, the theoretical implications of these 

findings emphasize the need for harmonization between 

technical approaches (algorithms, sensors, and digital 

architecture) and socio-technical approaches (human-machine 

interaction) to ensure the effective and sustainable adoption of 

DT–ML-based PdM. From a practical perspective, the industry 

needs to invest in system interoperability, data security, 

integration of operator knowledge into decision-making 

processes, and lifecycle monitoring to maintain long-term 

operational efficiency. Overall, this discussion indicates that 

research on the integration of Digital Twin and Machine 

Learning has entered a transition phase from conceptual to 

industrial implementation. The future of PdM relies on modular, 

secure, interoperable, and human-centric system design, with 
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further research opportunities including domain-based 

algorithm benchmarks, DT–ML standard reference 

architectures, multi-site longitudinal studies, and the 

implementation of operators in feedback loops to improve the 

accuracy and validity of maintenance decisions. 

IV. CONCLUSION 

Digital Twins and Machine Learning are essential 

foundations for improving the effectiveness of predictive 

maintenance in the manufacturing sector. Digital Twins serve 

as digital representations of assets, providing real-time 

operational context, while Machine Learning provides 

predictive intelligence by learning from historical and 

operational data to detect anomalies and project machine 

degradation. The synergy between the two results in a 

maintenance system that is more proactive, precise, and 

responsive to failure risks. The study shows that the benefits of 

DT–ML implementation are multidimensional, including 

reduced downtime, increased asset lifespan, maintenance cost 

efficiency, stable production quality, and energy efficiency. 

However, the success of implementation depends heavily on 

the suitability of the ML algorithm to the asset's characteristics, 

the company's digital infrastructure, and the quality of available 

sensor data. Therefore, the technology used is not the sole 

determinant of success, but rather its integration into the overall 

manufacturing ecosystem. 

This study also confirmed that key implementation 

challenges include system interoperability, data security, the 

computational burden of complex models, and organizational 

readiness to adopt predictive maintenance methods. In addition 

to technical requirements, implementation success is 

influenced by human-centric aspects, including operator 

competence, trust in the automation system, and the level of 

human involvement in prediction validation and decision-

making.  
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