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Abstract
The growing integration of artificial intelligence and digital twin technologies into predictive maintenance has greatly contributed to the optimization of the performance of mechatronics and industrial systems; yet several challenges, related to model validation, scalability, and real-world deployment, still pose serious concerns. The current paper describes a systematic literature review (SLR) carried out based on the PRISMA approach with the purpose to analyze the latest progress made in AI-based modeling techniques used for predictive purposes. Peer-reviewed academic publications on the use of AI-based techniques published from 2018 to 2025 were chosen from Scopus, Web of Science, ScienceDirect, and SpringerLink online databases.
The findings show that there is a prevalent use of machine learning and deep learning approaches such as Artificial Neural Networks (ANN), Convolutional Neural Networks (CNN), Long Short-Term Memory (LSTM), Support Vector Machines (SVM) and physics-informed models in combination. These algorithms are used mainly for detecting fault, predicting RUL, analyzing anomalies, and conducting predictive analytics. The high level of predictive accuracy achieved, nevertheless, is accompanied by insufficient research in real-world implementation, IIoT applications, and system validation. The existing models are mostly experimental and require improvements in terms of robustness, generalizability, data quality, and validation process.
The paper gives an overview of modeling techniques used, approaches to validation, and application areas, highlighting the most relevant problems faced during real-world deployment and lack of integration with digital twins.
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INTRODUCTION
The contemporary industrial systems are exposed to more intricate conditions and machinery, and mechatronic assets have to perform to a high level, low unavailability, and long operating lifespan in unpredictable operating circumstances (Afrin et al., 2025). Conventional approaches to maintenance, which are reactive maintenance, which takes place once the equipment fails, and scheduled preventive maintenance (Hamasha et al., 2023), which happens after specific timeframes, have been revealed to be ineffective, expensive, and frequently interruptive to the continuity of operations (van Dinter et al., 2022). Planned strategies are one of the most common causes of unnecessary service or sudden failures that may cause low productivity and high costs of operation (Abd Wahab et al., 2024). To address these shortcomings, 
 Predictive maintenance has become a strategic concept that strives to pre-empt the failure of equipment through its continuous monitoring of the health indicators of the system and prognostication of its remaining useful life (RUL) (Zhong et al., 2023). To optimize maintenance schedules, minimize unplanned downtime, and improve system reliability, Predictive maintenance deploys condition monitoring, degradation analysis and prognostic models to optimize maintenance scheduling (Murtaza et al., 2024). Simply put Predictive maintenance is making maintenance a reactive exercise a thing of the past, and instead, a data-driven, proactive science, which allows asset managers to take corrective actions before expensive failures set in (Benhanifia et al., 2025). This transformation is mainly concerned with the incorporation of superior modelling structures that can coordinate real time information with system behaviour models (Jadoon et al., 2025). Here, the Digital Twin (DT) technology has become a critical resource that boosts the assurance of predictive maintenance through the development of a constantly updated digital model of a real object or a system. A digital twin does not only represent a lifeless model (Ghenai et al., 2022), but a living virtual one that replicates the structure, operation conditions, and performance of a physical system throughout its lifespan (Errandonea et al., 2020). The interaction between sensor measurements of the physical system and analytical models in the digital twin can be used to assess, simulate, and predict system behaviour in real-time, which is important in taking action in terms of maintenance (Yu et al., 2025). An emerging set of academic works shows that digital twins can contribute to predictive maintenance practices in an industrial field (Zhong et al. 2023). As an example, a digital twin framework has been created to simulate sensor degradation and RUL prediction in aviation vibration sensors that have a better predictive power using a combination of real-time and historical data (Fu, Gao & Zhang, 2023). Similarly, condition monitoring and predictive maintenance through the use of digital twins has been reported to improve the performance of the offshore wind turbine structures by predicting structural fatigue and allowing lifecycle planning to be conducted at low costs (Pacheco-Blazquez et al., 2024). These illustrations underscore the fact that the applications of digital twins are not limited to mere monitoring to help in the performance of proactive maintenance. Nevertheless, even with the proven potential, the use of digital twins in predictive maintenance is a dynamic field of research with a number of methodological and practical issues (Zhong, et al, 2023). The review of the existing literature has found that there are no standardized designs of digital twin systems (specifically, predictive maintenance). (van Dinter et al., 2022). The major issues are the multi-source heterogeneous data integration, the latency of communication, the computational load, and the complexity of the modelling of the multi-component degradation behaviour (Abd Wahab et al., 2024). In addition, a number of papers focus on the necessity to be able to trade model accuracy with interpretability and scalability in industrial scenarios. The applicability of digital twins in predictive maintenance is also justified by the studies on the architectural structure and levels of abstraction (Mingorance, et al 2025). Research has determined various levels of capabilities of digital twin systems, ranging between simple real-time monitoring to predictive and decision-making support layers, all of which add value to the maintenance planning and implementation (Feng et al., 2023). These layers depict how digital twins may transform to more complex digital representations of integrated decision-support systems that are able to optimize maintenance processes. In the manufacturing case, digital twin has been applied to assist the multi-level decision-making framework of predictive maintenance, integrating the optimization algorithm with real-time system information to enhance the results of maintaining different operational constraints (Errandonea et al., 2020). All of these results indicate that digital twin technology represents a highly potent condition monitoring mechanism, as well as an ability to make predictions and diagnostics, which can transform the approach to maintenance in both mechanical and mechatronic devices. As the work of research is changing fast, and the field of its application is diverse, an in-depth study of predictive maintenance strategies, supported by digital twins frameworks, is still necessary. The proposed study, therefore, seeks to generalize existing theoretical views, architectural differences, operational usage, and major constraints in digital twins-based predictive maintenance. Through this way, it points to the state of art, research gaps and suggests future development directions of both academia and industry.
Theoretical background
AI Interplay and Digital Twin.
 Digital Twin systems are already able to advance as far as predictive and prescriptive in their analysis, thanks to the integration of artificial intelligence (AI) (Zhao et al., 2022). In the context of Digital Twin, AI algorithms are used to analyze data in large amounts of sensor and operational data to identify the patterns of degradation that cannot be readily explained by simple systems based on rules (Zhou et al., 2021). As an illustration, the Long Short-Term Memory (LSTM) networks, which are deep learning architectures, have been used to learn the temporal patterns of degradation and to predict the RUL of rotating machines more precisely than the conventional statistical methods (Peng et al., 2018). Fault classification has also been performed with the convolutional neural networks (CNNs) whereby time-series sensor data are then converted into image-like input to extract features (Zhang et al., 2020). Moreover, data-driven models with known system dynamics incorporated into them have demonstrated high performance because hybrid models that combine AI-based learning with physics-based simulation provide more predictive reliability and robustness (Ning et al., 2019; Tao et al., 2021). These mixed methods are especially applicable in mechatronic systems, in which complicated interactions between mechanical, electrical, and control subsystems pressurize data-driven only frameworks.

2.4 Digital Twin Framework Architecture.
 A standard Digital Twin design has four significant layers: Physical Layer- The real mechanical system that is provided with sensors. Data Acquisition and Communication Layer - Sensor networking, edge computing as well as data transmission protocols. Modeling and Analysis Layer - Physics-based and Data driven model, which decompose incoming data. Decision Support Layer - Predictive results that are utilized in the maintenance planning or control optimization. The AI algorithms in the modeling layer include LSTM, autoencoders and physics-AI models that are used to determine degradation metrics. These models are constantly being updated with the incoming sensor information and in this way, the twin can adjust to changing behavior of the system. These predictions are then converted into cost-effective, reliability-oriented, and performance-oriented actionable maintenance recommendations by decision support (Tao et al., 2019). 
2.5 Optimization of Performance in mechatronic Systems. Mechatronic systems take more than fault prediction; they also include efficiency, energy usage, and operational throughput (Xu et al., 2020). Digital Twin with AI has the ability to factor both maintenance goals and performance targets using optimization algorithms as part of the decision layer. Indicatively, reinforcement learning systems have been implemented in Digital Twin-based settings to maximize the control parameters in coordination with the maintenance costs, energy consumption, and mechanical degradation (Wang et al., 2021). The goals of such frameworks are not to wait until failures occur but to enhance the efficiency of the system in the long term proactively.
 2.6 The Problems and shortcomings of the existing Theories. Even though a lot has been achieved, there are some gaps in theory and practice: Data Quality and Sensor Reliability: Sensor data in the real world are typically noisy, missing, and drifted and this negatively impacts predictive performance (Lei et al., 2020). Scalability of Computations: 3D hybrid models can be computationally heavy, so they cannot be deployed in real-time on hardware that has resource constraints (Zhao et al., 2022). Model Interpretability: Deep learning and ensemble models are not always transparent, and this may pose a problem in terms of trust and acceptance in industrial settings (Samek et al., 2019). Standardization and Interoperability: The architectural standards of Digital Twin systems have little agreement and integration across platforms is challenging (Boschert & Rosen, 2016).



Methodology 
3.1 Research Design 
The paper follows a systematic literature review approach to examine the current research on the Artificial Intelligence-based Digital Twins frameworks concerning predictive maintenance and performance optimization of mechatronic mechanical systems critically. The review adheres to the principles provided in Preferred Reporting Items for Systematic Reviews and Meta-Analyses (PRISMA 2020) 
framework that promotes transparency, reproducibility, and methodological rigor of evidence synthesis. 
The systematic review method was chosen instead of a narrative one due to the fact that the area of research covers various fields, such as mechatronics, industrial engineering, artificial intelligence, prognostics and health management, and cyber-physical systems and necessitates a structured filtering and objective inclusion criteria.
3.2 The review protocol was defined prior to data extraction to minimize selection bias. It includes clearly defined research questions, search strategy, database selection, inclusion and exclusion criteria, screening procedures, data extraction methods, and quality assessment criteria. The study strictly follows the PRISMA 2020 guidelines, covering identification, screening, eligibility, and inclusion phases
 3.3 Research Questions The research questions leading to the review are as follows: 
RQ1: What are the ways of integrating AI methods in the Digital Twin architectures of predictive maintenance in mechatronic systems? 
RQ2: Which machine learning and deep learning models can have the best performance on failure prediction and remaining useful life estimation?
 RQ3: What is the role of AI-enabled Digital Twins in optimization of performance (beyond maintenance, including energy efficiency, system reliability, and operational efficiency)? 
RQ4: Which technical constraints and gaps in the research are still present with respect to the implementation of industrial-scale Digital Twin systems?
 The search strategy and data sources will be as follows: 
The search was done in key peer-reviewed scientific databases: 
Scopus
• Web of Science
• IEEE Xplore
• ScienceDirect
• SpringerLink
The search time frame was 2014-2025 because 2014 was the year when the Digital Twin research was accelerated industrial-wise after the introduction of Industry 4.0. Search String The Boolean search expression used was the following: 
("Digital Twin" OR "Cyber-Physical System") AND ("Predictive Maintenance" OR "Remaining Useful Life" OR "Fault Diagnosis") AND ("Artificial Intelligence" OR "Machine Learning" OR "Deep Learning") AND ("Mechatronic Systems" OR "Mechanical Systems")
3.5 Eligibility Criteria Inclusion Criteria 
The studies were included in case they: Frameworks of AI-enabled Digital Twin that are proposed or evaluated. Concentrated on predictive maintenance/performance optimization. Mechanical or mechatronic systems that are addressed. Peer-reviewed journal or conference articles. Quantitative validation measures (e.g., RMSE, accuracy, F1-score, R 2). 
Exclusion Criteria
 The researches were not included when they: Talked about Digital Twins without AI implementation. Concentrated on simulation without any real or semi-real verification. Solved biomedical or non-mechanical problems. Were abstracts, review summaries and editorials not rich in the methodology were not written in English.
 3.6 Screening and selected Process. 
The study selection followed PRISMA steps:
• Identification: 1,284 records identified
• After duplicates removed: 1,038 records
• Screening: 1,038 records screened; 721 excluded
• Eligibility: 317 full-text articles assessed; 198 excluded
• Included: 119 studies
Eligibility Assessment of full-text led to: Excluded after full review: 198 86 lacked AI implementation 54 lacked performance metrics 31 were conceptual only 27 were not associated with mechanical systems. Included Final studies to be incorporated in qualitative and quantitative synthesis: 119 studies
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3.8 Data Extraction Strategy
 An organized data mining sheet has been created in Microsoft Excel that captured:
 Author and year Application domain Type of the system (robotics, rotating machinery, HVAC, etc.) The type of Digital Twin architecture. AI model used Type of data (real, experimental, simulated) Evaluation metrics Reported performance Identified limitations Extracted data were cross-checked by two independent reviewers in order to reduce bias.
 3.9 Quality Assessment 
All the studies were analyzed in terms of five quality indicators: Digital Twin architecture description is clear. AI model implementation transparency. Performance measure availability. Existence in the real world. The scoring threshold (≥6/10) was adopted to ensure inclusion of studies with sufficient methodological rigor, consistent with prior systematic review practices. 
3.10 Data Synthesis and Analysis The synthesis combined: Descriptive statistical processing (frequency of AI models, fields of application). Comparison analysis (performance analysis between studies) Trend mapping (development of methods over the years) Gap identification analysis. As much as possible quantitative aggregation was done in those cases where measurements were similar (e.g. averaging reported RMSE values of RUL prediction across similar systems).
 3.11 Risk of Bias Assessment Potential sources of bias were: Publication bias of high accuracy results. Failure to report negative findings. Small experimental datasets Overfitting Overfitting in small experimental data. 
To mitigate bias:
Just the simulated datasets studies were marked differently. There were studies of real industrial validation done separately.
 3.12 Ethical Considerations 
Since this paper is the synthesis of the published literature, no human subjects or confidential industrial information were used in this research. All the reviewed literature was also referenced appropriately in the entire manuscript.
RESULTS
4.1. Across the selected studies, the inclusion criteria were included in the final synthesis between the variables of interest and the formulated hypothesis.  The eligible studies that satisfy the set inclusion criteria and have a high level of methodological rigor to undergo quantitative synthesis were obtained as a result of the systematic screening process. All these works can be considered the modern state of knowledge on Digital Twin-based predictive maintenance and performance optimization of mechanical and mechatronic systems. The distribution of the included literature shows an evident evolutionary path. 
The output of research was low during 2014-2016 and was rather exploratory. At this initial stage, the use of Digital Twin solutions was more so conceptual or simulation-based with minimal integration of data-driven predictive processes. This period was characterized by the modeling of mechanical systems which were usually in a stagnant form by visualization and monitoring of the system as opposed to intelligent prediction. In 2018, a clear inflection point is observed. Since then, the number of publications has been growing steadily, and especially by 2020-2024. The frequency of publications in 2020-2024 was approximately three times more compared to the period of 2014-2017. This surge indicates a move away of theory to practice in the industrial application. Research started to focus on actual time alignment between physical objects and the virtual one with the aid of systematic data collection with embedded sensors. 
The after 2019 spike is also associated with the enlargement of digitalization projects in the industry and the maturity of the cyber-physical manufacturing systems. Notably, the nature of the research was to evolve with the increase in volume. The previous literature concentrated on feasibility studies, but the more recent contributions are oriented on the performance validation, robustness testing and performance comparing with the traditional maintenance approaches. Methodological sophistication is another important change that has been witnessed throughout the time period. 
The methods of past research were tended to use single-model predictive methods. More recent publications are algorithmically, however, becoming more accepting of hybrid models, where physics-based models are coupled with data-driven learning processes. Such subsequent investigations often state elaborate validation statistics, multi-scenario experimentation and industry pilot applications. Geographically, the studies included have substantial contribution of Europe and East Asia, in high manufacturing industries. Aerospace and energy systems had more publications in North America. This geographical pattern indicates that the nature of adoptions is highly interconnected with the level of automation of industries and digitization of manufacturing. In addition, the transition between limited scale laboratory validation and implementation in operational industrial settings is going in a progressive direction.
 Almost half of the published studies claim a validation with real industrial datasets, which shows that the area has started to go beyond the proof-of-concept study. In general, the 119 articles demonstrate how the field has advanced to the development of conceptual digital representations to operationally integrated predictive frameworks. The evidence base has had its way through the technological feasibility and is now showing the level of better reliability, maintenance schedule, and system efficiency. This development gives a good empirical basis to the subsequent quantitative synthesis to be given in the next sections.
4.2. The Temporal Distribution of Studies
  The time distribution of the 119 studies included indicates an organized flow of the research of the Digital Twin frameworks to predictive maintenance and optimization of the mechanical system. Instead of random increases, the pattern of publication is indicative of specific periods of development where the focus on the research was changed, technical competence was reached, and the level of rigor of validations was elevated. Only nine eligible studies were found between 2014 and 2016. The studies of this developmental era were mostly conceptual models of Digital Twin structures. The prevailing aim was to create two-way communication between the physical and their digital equivalents. The capability of predictive maintenance was usually restricted to simple statistical trend analysis or rule-based fault detection. Small-scale laboratory experiments were commonly considered as a form of experimental validation, and little or no record was made of industrial implementation. There is a moderate increase in the period 2017-2018, as fourteen studies were included based on the inclusion criteria. At this stage, academics started implementing additional complex data-driven forecasting methods into Digital Twin systems. There was an increase in sensor fusion and real time stream of data became more widespread.
 But, methodological homogeneity was low, and performance measures were not consistently reported. It can be seen that there is a significant growth in the years 2019–2020 when the total number of eligible studies grew to twenty-eight. This is an obvious shift in the development of exploratory prototypes to developed framework. Quantitative validation of performance measures (accuracy, mean absolute error, and coefficient of determination) became a more and more highlighted problem in studies. More significantly, there started to appear industrial case studies especially in rotating machinery and automated production systems. The greatest increase was in the year 2021 through 2022 where thirty-six studies were released. In this time, the Digital Twin applications became more embedded in the working industrial ecosystems. The focus of research became on real time synchronization, multi sensor fusion and predictive optimization as opposed to mere failure detection. Methodological rigour became more common and cross-validation techniques and comparison to conventional maintenance strategies became more common. Despite the minor drop in the absolute numbers, the 2023-2025 range (thirty-two studies) indicates further consolidation and not a decrease. The recent contributions have been defined as those that are architecturally refined, hybrid modeled and coupled with enterprise level decision systems. Scalability, computational and deployment feasibility are also given more emphasis. To demonstrate this trend numerically, 
Table 1. Distribution of Included Studies by Period of Publication.
	Year Range
	Number of Studies
	Percentage (%)

	2014–2016
	9
	7.6

	2017–2018
	14
	11.8

	2019–2020
	28
	23.5

	2021–2022
	36
	30.3

	2023–2025
	32
	26.8

	Total
	119
	100



The cumulative growth trend shows that there are three stages that can be identified: Foundational Stage (2014-2016): Theoretical Digital Twin modeling and demonstrations of feasibility. Expansion Stage (2017-2020): Further integration of predictive algorithms and formal validation. Level of Operational Maturity (2021-2025): The level of operational maturity takes the form of real-time industrial deployment, hybrid modeling, and/or performance optimization beyond maintenance. The fact that the number of publications increased almost three times during the foundational and maturity stage is a sign that Digital Twin technology is no longer a theoretical abstraction but rather an engineering field of application. Notably, the growth in volume is accompanied by the growth in the methodological depth. Subsequent research indicates more thorough validation structures, increased data sets and multi scenario performance testing. This time development is also an indication of the all-embracive industrial trends of digitization. With the increased availability of sensor infrastructure and cloud computing, as well as real-time data pipelines, researchers could now no longer consider structural modeling but rather predictive intelligence and the optimization of operations. To conclude, the time distribution is not an increase in publications; it displays a gradual increase in technical complexity and rising confidence in Digital Twin-based predictive models in the field of mechanical and mechatronic systems.
Table 2 Summary of AI Models and Their Applications in Predictive Maintenance
	AI Model
	Description
	Typical Applications
	Strengths
	Limitations

	Artificial Neural Networks (ANN)
	Data-driven models capable of learning complex nonlinear relationships
	Fault detection, system diagnostics
	High accuracy in pattern recognition
	Requires large datasets; limited interpretability

	Convolutional Neural Networks (CNN)
	Deep learning models designed for spatial feature extraction
	Image-based fault detection, vibration analysis
	Effective in feature extraction from sensor data
	Computationally intensive

	Long Short-Term Memory (LSTM)
	Recurrent neural network designed for time-series data
	Remaining Useful Life (RUL) prediction, temporal anomaly detection
	Captures long-term dependencies in sequential data
	Training complexity and longer processing time

	Support Vector Machines (SVM)
	Supervised learning models for classification and regression
	Fault classification, condition monitoring
	Effective with small datasets; robust performance
	Limited scalability with large datasets

	Random Forest (RF)
	Ensemble learning method using multiple decision trees
	Fault diagnosis, predictive analytics
	Reduces overfitting; handles high-dimensional data
	Less effective for temporal data

	Hybrid Models
	Combination of data-driven and physics-based approaches
	Advanced predictive maintenance systems
	Improved accuracy and robustness
	Increased model complexity

	Deep Reinforcement Learning (DRL)
	Learning approach based on interaction with environment
	Maintenance scheduling, decision optimization
	Adaptive and dynamic decision-making
	Requires extensive training data and tuning



4.3 Area of Use of Digital Twin-Based Predictive Frameworks.
The 119 publications that were incorporated in this review cover a wide variety of mechanical and mechatronic fields of application. The distribution of the effort of research is, however, not even. Rather, it is a mirror of the industry-specific maturity levels, availability of data, the exposure to operational risk and economic incentives related to predictive maintenance and performance optimization. 
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[bookmark: _GoBack]Figure 1-- The spread of studies in significant fields of application.
4.3.1 Rotating Machinery Rotating machinery has been the most researched area with 34.5% literature review. This hegemony can be explained by a number of factors. To begin with, rotating machines like bearings, motors and turbines are extremely vulnerable to wear by vibration, thermal stress and lubrication failure. Second, these systems are intensely equipped with vibration and temperature sensors, which allows them to collect data in a consistent manner. The research in this group often concerned the determination of faults and the additional useful life. The predictive performance of most of the implementations was high because the degradation patterns were well characterized. Also, rotating machinery datasets are regularly available as open benchmarks and industrial partnerships, which can be used to achieve reproducibility and comparative assessment. 
4.3.2 Automated Manufacturing and Robotics. Automated production cells and robotics take 21.8 percent of the studies involved. Digital Twin frameworks did not generally get applied in this field to control the wear of actuators, servo motor backlash, wear, and cycle-time variation. The rotating machinery does not need a multi-dimensional state representation, and that is why, unlike rotating machinery, robot systems need a multi-dimensional state representation with kinematic, dynamic, and control parameters. Consequently, more complicated architectural designs tended to be used in implementations of this category. Motion controllers were combined with predictive models to maximize task scheduling and reduce all forms of unforeseen downtimes. Notably, studies in this field have shifted away with fault detection to system level performance optimization, such as energy consumption reduction and throughput stabilization. 
4.3.3 Mechanical Systems of Heating, Ventilation, and Air Conditioning. Systems of heating, ventilation, and air conditioning form 15.1 percent of the studies that are reviewed. This field indicates the growing interest in energy efficiency and sustainability. The application of Digital Twin in HVAC systems was usually aimed to optimize the work of compressors, identify leakage of refrigerant, and adjust the airflow dynamics. Failure incidents in HVAC systems do not occur immediately as in the case of industrial equipment and thus must be managed through long-term monitoring solutions. In this regard, predictive maintenance was often used to minimize energy loss instead of avoiding a disastrous breakdown. The moderate value of this area indicates increasing though immature combination of optimization of mechanical systems and energy management systems. 
4.3.4 Automotive Systems The automotive applications constitute 11.8% of the studies. These publications were mostly concerned with engines health, driving train wear and tear, and battery pack diagnostics of electric cars. Automotive Digital Twins were frequently integrated into onboard diagnostic systems, and could be used to make predictive recommendations on servicing. The owner of the vehicle data is still proprietary though, limiting large-scale experimental validation. In spite of these shortcomings, automotive implementations have shown great potential of real-time predictive analytics embedded into connected vehicle ecosystem. Aerospace Mechanical Systems 
4.3.5. Aerospace systems take 9.2% of the studies included. Though this sphere is numerically disadvantaged, it is very technical. It has been applied in turbine blade health monitoring, structural fatigue and in avionics system reliability modeling. Studies in this genre often used hybrid models that used physics-based simulation with data-driven prediction. The comparatively low representation is majorly caused by operational datasets and high-security needs. However, aerospace research tends to have a higher level of methodological rigor, based on high reliability criteria. Industrial Production Lines

 4.3.6. Research on full-scale production lines takes 7.6% of the total. These are not oriented at a single machine analysis, but on the system level of coordination of multiple assets into one Digital Twin environment. The studies in this category focus on down time propagation, prediction of bottleneck and improvement of through put. The complexity of implementation is greater due to the possibility of failure in the system linked to other systems to spread throughout the production phases. Therefore, the Digital Twin systems in the field tend to need sophisticated data fusion and hierarchy modeling. Crossover 
4.3.7 Comparative Insights across domains. A number of significant patterns are generated by the distribution of domains: The availability of data has a great impact on the focus of research. The literature is dominated by domains that have available sensor data, including rotating machinery. The level of operational risk is related to the sophistication of the methods used. Aerospace systems are relatively less, but have stricter validation frameworks. Applications that are energy oriented are on the rise. 
The HVAC studies indicate a more general move towards optimization towards sustainability. The architectural design is influenced by system complexity. The production lines and robotics require more complex Digital Twin structures than single machines. The implications of this field maturity in the research will be presented in the following way: The propagation of the areas of application implies that the discipline has not developed in a balanced manner. Highly predictive ability has been attained with mechanical components that have well-known degradation processes. Multi-asset and very secure systems on the other hand are underrepresented because of integration and access to data challenges. However, the scope of the areas the 119 studies address prove that the Digital Twin-based predictive models are not limited to the closed experimental systems anymore. They have instead infiltrated several sectors of industries with quantifiable operational effects.
Table 3. Validation Techniques and Performance Metrics Used in Reviewed Studies
	Validation Technique
	Description
	Purpose
	Common Metrics Used

	Cross-Validation
	Data is split into multiple subsets for training and testing
	Ensures model generalization
	Accuracy, Precision, Recall, F1-score

	Train-Test Split
	Dataset divided into training and testing sets
	Basic model evaluation
	Accuracy, Mean Squared Error (MSE)

	K-Fold Validation
	Data divided into k subsets, rotated for validation
	Reduces bias in model evaluation
	RMSE, MAE, F1-score

	Simulation-Based Validation
	Models tested using simulated environments
	Evaluates model behavior under controlled conditions
	Prediction accuracy, error rates

	Experimental Validation
	Validation using laboratory or controlled physical systems
	Tests real-world applicability
	Accuracy, reliability metrics

	Real-Time Validation
	Model tested in live operational environments
	Assesses practical deployment performance
	Latency, accuracy, robustness

	Benchmark Dataset Evaluation
	Models tested on publicly available datasets
	Enables comparison across studies
	Accuracy, RMSE, precision



4.4 Comparative Analysis of predictive modeling approaches. One of the main goals of this review was to review the predictive modeling strategies developed in the context of Digital Twin frameworks and compare their performance in the context of mechanical and mechatronic tasks. 
The 119 studies considered in total indicate a wide modeling environment, including classical machine learning algorithms and deep neural networks and combinations of both physics and data. Instead of viewing predictive algorithms as stand-alone components, a large number of current studies directly apply them as a part of real-time feedback loops of Digital Twin systems. This architectural integration plays a significant role in the stability of performance, computational requirements, as well as being deployed. 
Figure 2  provides an overview of the way predictive modeling methods were determined in the studies reviewed.

Figure 2 Distribution of Predictive Modeling Techniques in Reviewed Studies


Figure 3. Predictive Modelling Techniques Distribution.
4.4.1 Feedforward Neural Networks.
 The most common model that has been reported is feedforward artificial neural networks (24.4%). These models were usually used in tasks of fault classification and early-stage degradation detection. The reason behind their popularity is their ease of implementation and integration with structured sensor characteristics. Nevertheless, research always also indicates lower performance in cases where long-term temporal dependencies matter, including in the remaining useful life estimation. When sequential dynamics are not explicitly modelled, performance is likely to be degraded.
 4.4.2 Long Short-term Memory Networks. Long Short-Term Memory networks comprise 21.0% of the studies and are mainly employed in time series prediction and degradation trajectories modeling. LMST-based frameworks are proven to be more efficient in the remaining useful life estimation across various areas of application. Their temporal context storage efficiencies allow modeling the progressive wear mechanisms to be more effective. The LSTM model is often more precise in regression compared to the tree-based model and the use of the plain neural network in comparative study. Nevertheless, LSTM models are very expensive to compute and have to be tuned to the hyperparameters. Multiple studies indicate difficulty in case of overfitting with small or unbalanced datasets.
 4.4.3 Support Vector machine and random forest. The tree-based and margin-based classifiers represent 25.2 percent of the reviewed approaches. Random Forest models have been known to be both interpretable and resistant to noisy features. They are especially efficient in binary fault classification with the limited computational resources. The classification accuracy of Support Vector Machines remains stable in medium dimensional feature spaces but have scaling limitations in large sensor streams. They are more frequently used in validation in the laboratory scale rather than in large industrial applications. In general, conventional machine learning methods can still be used in cases when the amount of data is moderate and when it is important to comprehend it. They are however less predictive in the long horizon forecasting tasks compared to in sequence deep models. In the context of objects, a convolutional neural network can also be described as a form of artificial intelligence.
4.4.4 Convolutional Neural Networks In the object sense, a convolutional neural network can also be referred to as a type of artificial intelligence. Convolutional Neural Networks represent 10.9 percent of the studies, mostly in the vibration-based fault diagnosis and acoustic monitoring. These are the most successful models when the raw signal data is converted into spectrograms or time frequency representation. CNN-based models exhibit great ability of feature extraction without required large amounts of manual feature engineering. However, they have strong dependence on the size of data. Even smaller datasets may require augmentation methods to have consistent generalization.
 4.4.5 XGBoost and Gradient Boosting. Techniques such as the gradient boosting, such as the XGBoost, constitute 7.6% of those covered by the studies. Such techniques are very common in classification exercises and structured regression. Gradient boosting can be somewhat more accurate in predicting compared to random forest, but requires other tuning complexity. Competitiveness boosting methods in a number of comparative studies show competitive performance in forecasting short term faults, but do not in the forecasting of long term degradation sequences.
 4.4.6 Hybrid and Ensemble Models The hybrid and ensemble methods are considered to comprise 10.9 percent of the reviewed articles and appear to be the most promising emerging direction in the current research. These models combine the outputs of physics-based simulation with the data-driven predictive layers or combine a variety of predictive algorithms into the ensemble frameworks. Combination schemes are often the most stable in changing conditions of operation. 
Research studies indicate that combination of physical degradation equations with learnt residual correction models results in better robustness to sensor noise and better extrapolation. Notably, the hybrid structures are more likely to produce less variance in cross-validation performance, which means enhanced generalization. Quantitative performance comparison is the fourth point of the fourth section.
 The fourth point of the fourth section is the quantitative performance comparison. Regression and classification measures were combined to generalize the findings of other related studies.
 Figure 4. Combined Classification Performance of the Modeling Approaches.







Figure 5: The comparison shows that hybrid models have a better predictive performance with the lowest RMSE (0.14), MAE (0.11), and R2 (0.88). Deep learning models (LSTM and CNN) are as well found to perform better than traditional ANN and Random Forest models, indicating the usefulness of the ability of feature learning and the ability to learn time.

Figure 5. Aggregated Regression Performance
4.4.8 Analysis of Comparative Results
 There are a number of general patterns found in the quantitative synthesis:
 Deep learning models are sequential models that are better than the static models in prediction tasks that need time to execute. Hybrid methods have maximum predictive stability and generalization. Conventional machine learning approaches can still be used in binary fault detection but they are not effective in long term degradation prediction. Deeper and hybrid models gain much in terms of computational complexity, which has become a factor of consideration in terms of deployment in resource-constrained environments. It is worth noting that modeling methods also exhibit an increased performance difference in complicated multi-sensor systems. Model performance variation is not so pronounced in simpler mechanical subsystems.
 4.4.9 Implication of Practical Deployment. The comparative evidence shall guide the selection of models to be used based on: Task characteristics (classification vs long-term regression) There is access to time information. Computational constraints Interpretability requirement. Operation stability in changing operational regimes. There is consistent performance across industrial case studies with Hybrid Digital Twin architectures based on physical modeling, in combination with sequential learning mechanisms. This section now provides: Model to model analysis. Quantitative aggregation Performance tables Cross-model interpretation Real world implementation knowledge.

Since the dataset utilized for the study was obtained and validated, the sources and validation robustness are assured. 
The predictive Digital Twin frameworks and their applications have a high dependence on the origin, scale, and quality of the validity of the datasets on which the models are built. Large heterogeneity in data sources, validation conditions and robustness testing protocols can be observed in a precise analysis of the 119 studies used. Instead of analyzing the predictive accuracy alone, this section will analyse the power of the empirical validation (of the reported performance outcomes). 
4.5.1.1 Source of Dataset Categorization. The analyzed articles were divided into 4 groups according to the source of datasets: Actual data on the working of an industry. Data of controlled laboratory experiment. Public benchmark datasets Simulation-only datasets. 
This presents a classification of the possible dataset sources that can be utilized within the framework of the software.
Dataset Source Classification: This is a list of a set of potential dataset sources that can be used in the context of the software


Figure 6 :  Dataset Source Classification
4.5.2 Indispensable Real Data of Industry Operations. Almost fifty percent of the articles included (43.7) confirmed their frameworks by the real operational data of active mechanical or mechatronic systems. These datasets usually consist of multi-sensor streams which may be vibration, temperature, pressure, rotational speed, current consumption and load variations. In general, the studies based on actual industrial data tend to be more rigorous in their methods. They report: Larger dataset sizes Longer observation periods Increased change in terms of operating conditions. Noise with more realistic features. Notably, even those models tested on actual industrial data are likely to have slightly lower but more realistic performance indicators than those presented in laboratory-based experiments. This implies that predictive capability could be overestimated in controlled environments since there is less complexity in the environment. Experimental data Laboratory Experimental Data 4.5.3. The studies using laboratory-generated datasets are 31.9%. Such datasets are usually gathered in controlled degradation tests, in which mechanical components are intentionally damaged. Laboratory data has the benefit of perfect fault labeling and reproducibility. Such datasets do not however have the operational variability found in an actual industrial situation. Consequently, predictive models that were tested only on laboratory data might fail when put into the field. Some studies explicitly reported the deterioration of performance in moving the validation conducted in the laboratory to pilot tests in the industry.
 4.5.4 Public Benchmark Datasets Benchmark datasets by the public comprise 16.0% of the literature reviewed. These are often datasets that are employed in comparative evaluation and algorithm benchmarking. The common characteristics are: Categories of fault which have been pre-labeled. Structured time-series data Train-test splits Standardized train-test splits Although benchmark datasets are more reproducible and allow the comparison of studies, they tend to be simplified operating conditions. As a result, benchmark dataset based performance metrics might not be accurate representations of real deployment issues. 
4.5.5 Simulation-Only Validation A lower percentage (8.4) of the studies utilized only simulation-generated data. In such instances, behavior which was degraded was modeled mathematically and predictive algorithms were tested in a simulated Digital Twin. The generalizability is constrained by the lack of real sensor noise, unforeseen operational upsets, and irregularities in data although simulation enables extreme failure point exploration to be done safely. Experiments in this group often show very high predictive power which can be due to the deterministic quality of the simulated degradation behaviour. This is the reason why the simulation-only studies were weighted carefully in the quantitative synthesis.
 4.5.6 Dataset Scale and Duration The size of datasets used in the studies was considerably different: Short term data (Less than 3 months): 27 studies. Medium term data (3-12 months): 46 studies. Long term data ( > 1 year): 26 studies. Duration: Does not report clearly: 20 studies. The strong relationship between longer observation periods and more stable remaining useful life prediction models was observed. Research with larger monitoring windows had better generalization and less variation in performance indexes. 4.5.7 Validation Techniques Criticality was tested to check the strength of validation methodology. Methods of Cross-Validation. Validation Approach Frequency (%) Train-Test Split Only 37.8 k-Fold Cross-Validation 29.4 Time-Series Rolling validation 21.8. Industrial Pilot Deployment Testing 11.0. Particular to sequential prediction models, time-series rolling validation was important in making sure that future information was not accidentally utilized in the training process. The highest level of empirical validation is industrial pilot deployment testing, which is confined to 11 percent of studies. The tests in these studies were of predictive performance in real-time operational settings, typically of a reduction of downtime and the schedule efficiency of maintenance. 
4.5.8 Strength in the UAE of Dissimilar Operating Conditions. A review of the literature has only indicated model robustness under different loading conditions, varying temperature conditions, or sensor noise situations in only 42% of the studies. Among these: Moderate performance degradation was reported in high variability (68%). The performance decrease was minimal in hybrid models. However, it was found that the static machine learning models were more susceptible to changing regimes of operation. The result is that it demonstrates a gap in the literature that is very critical: there are numerous predictive frameworks that have been established as valid in limited operational variation and this can overstimate reliability in dynamic industrial environments. The fourth section concerns generalization and transferability of knowledge 
4.5.9. Only a small percentage of the studies around 18 were conducted to test transfer learning or cross system generalization. Models in most instances were trained and tested with the same data of the mechanical asset. This narrow cross-system analysis only draws conclusions about cross-equipment fleet scalability. Experiments that tried transfer learning have had mixed findings as the performance of the experiment has been very dependent on the similarity of the source and target system. Synthesis: Validation Robustness relates to the capacity of the research methodology to produce reliable results that represent the population that abides by the research hypothesis
There are a number of observations taking place: The field is now growing in maturity, with real industrial datasets representing the largest category of validation. Mostly, laboratory validation is still popular but it can overestimate the stability of performance. The trend is not to use simulation-only studies, but it is rather changing towards real deployment. Stress testing of variable condition of operation is yet to be developed. Cross-system generalization has not been extensively analyzed.
 On the whole, the validation environment reflects an improvement in terms of industrial applicability, but it requires a further thorough evaluation of robustness and field testing over the long-term.
Discussion 
5.1. Synthesis of Principal Findings. 
This study systematically reviewed existing literature functionality, and operational maturity of Digital Twin-based predictive maintenance and optimization frameworks in mechanical and mechatronic systems. The results indicated that the discipline is in a state of transitioning on conceptual modeling to the actual deployment, having shown performance gains in various sectors of industry. The temporal growth observed since 2019 reflects both quantitative expansion and structural evolution in the field. The initial research was mostly centered on visualization and system reflection. Contrastingly, more recent studies incorporate predictive modeling as a direct part of synchronized. These findings reinforce the trend toward increased industrial validation, although long-term robustness and scalability remain insufficiently explored.
 Digital Twin systems, allowing to monitor the condition of the object in real-time as well as to schedule maintenance proactively. This is an indication of a more general industrial digitization and better sensor infrastructure. The prevailing role of rotating machinery applications supports the fact that sectors where assets are well instrumented and whose degradation paths are well understood are moving faster towards predictive maturity. On the other hand, aerospace and interdependent production lines are some of the sectors where the expansion is slower because of the data secrecy, the complexity of integration, and the increased reliability limits.
 5.3 Historical Development of Predictive Modeling as part of Digital Twins. The comparative study of predictive models shows that there has been a evident advancement in the level of modeling sophistication. The current machine learning methods are still good in binary fault detection problems, but sequential models are better in cases where the degradation can vary over time. Models that use physical degradation principles with data-driven learning are known as hybrid modeling methods, and they always have the highest predicted stability. This observation indicates that data-driven frameworks only can fail when operating in the variable conditions unless there is structural system knowledge in the model. The rising usage of hybrid architectures is a significant maturity phase. Instead of substituting physics-based modeling, recent studies merge it with adaptive forecasting layers, which generates more resilient Digital Twin systems. 
Strength and Well-Being of the validation. The results indicate a growing proportion of studies validated using real industrial data. Almost half of the incorporated research studies validation in operational situations, which means that they are moving further than the laboratory experimentations.
 The review however also has critical methodological weaknesses. A large percentage of the studies are based on a restricted set of validation, short-term data, or operating conditions. Strength in extreme conditions, sensor drift, or other unforeseeable disturbances of operation is not studied thoroughly. In addition, pilot implementation research in industries is restricted. Although the metrics of predictive accuracy are more often reported, less literature quantifies the operational impact as the reduction of downtimes, the reduction of costs, or the extension of lifecycle. This disparity implies that technology has improved more rapidly compared to thorough economic justification. 
5.4 System Level optimization of More than Maintenance. The literature is now being frequently expanded with the purpose of detecting faults to more far reaching system optimization goals. Some studies indicate that there are quantifiable gains in energy efficiency, throughput stability and operational reliability. This growth shows not only a conceptual change: Digital twins are no longer considered as maintenance tools but as combined operational decision-support tools. With real time sensor inputs and predictive models synchronized, such frameworks can continually change the control parameters, balance the loads optimally, reduce the inefficiencies. However, the massive implementation on interconnected assets is still technically difficult. Multisub-system integration brings about synchronization complexity, communication latency and data harmonization problems. There is little empirical data published in the literature on scalability in densely industrialized environments. 
5.5 Unrelenting Technical and Methodological Lapses. In spite of this, there are still a number of limitations: Difficulty in Cross-system generalization. The majority of predictive models are trained and tested on one type of an asset. However, cross-system transferability has not been adequately studied yet which restricts its ability to scale to heterogeneous equipment fleets. Poor Long-Term validation. Very little research measures the stability of the models in multi-year operating period. Recalibration strategies are seldom described and degeneration mechanisms can change. Imbalance in Data and Infrequent Failing. The mechanical failures are not very common compared to the normal operation. The issue of class imbalance and rare-event forecasting is not explicitly discussed in many studies, which can overinflate the measures of reported accuracy. Real-Time Deployment Constraints of a Computer. Sequential models that perform highly may have large computational demands. There are a limited number of studies that assess the feasibility of deployment in embedded or edge computing. Absence of Standardized Frameworks of Benchmarking. The different studies can be characterized by a wide variety of performance metrics and thus cannot be easily compared. There is a need to have standardized benchmarking protocols to determine progress.
 5.6 Industrial Adoption Implication. The results indicate that predictive frameworks facilitated by Digital Twin have the technical capacity to be used but in not all industries are equally mature. Organizations that are thinking of implementation should consider: Sensor infrastructural preparedness. Information management and quality assurance. Computational capacity Enterprise maintenance systems integration. Hybrid modeling strategies seem to be most viable in industrial application because of the strength in their operation in the presence of variable conditions. Nevertheless, cost-benefit analysis is a research area that is underrepresented in the literature. 
5.7 Research Directions Taking into account the evidence synthesized, a number of research directions are opened: Scalable multi-asset Digital Twin architecture development. Adaptive recalibration mechanisms to be integrated in order to be operational in long term deployment. Standardized robustness of test in the varying operational regimes. In-ference models based on lightweight predictive models optimized to run in edge computing systems. Interdomain benchmarking with single validation protocols. The enhancement of these areas would enhance the progress of the shift between high-performance experimental prototypes to the industrial solutions that would be sustainable.
 5.8 Concluding Reflection The evidence collected during this review shows that the Digital Twin-based predictive maintenance has developed as a technically advanced industry with proven efficiency benefits. Nonetheless, the methodological rigor still needs to be enhanced especially in the areas of long-term validation, scalability, and in the economy impact assessment. The trend of the field suggests gradual transformation into the creation of intelligent, adaptive, and integrated control of mechanical systems. Further investment in robustness, transferability and deployment realism is what will dictate how these systems are able to be widely standardized in industries.
Future Research Directions.
 Despite the fact that considerable advances have been made in the construction of Digital Twin-based predictive and optimization systems, there are a number of important research gaps. The solution to these gaps is required so that it can be scaled, robust, and be accepted by industry in the long run. 
6.1 Stability in Long-term Deployment and Model. Majority of the current research confirms their models with short term and medium term data. Industrial assets however have long life cycles in which the degradation mechanisms change with time. 
Future studies need to focus on:
· Multi-year operational data Longitudinal validation.
· Recalibration approaches of adaptive models. 
· Sensor drift management mechanisms and changing operating conditions management mechanisms. 
It will be essential to develop self-updating Digital Twin frameworks that can keep accuracy without constant manual retraining so that it can be used on a sustainable basis.
Conclusion 
This paper conducted a systematic literature review of 119 peer-reviewed articles published in 2014-2025 that discuss the establishment and implementation of Digital Twin-based predictive and optimization frameworks in industrial mechanical systems. The analysis shows a significant shift of conceptual modeling and visualization-based implementations to operationally tested, predictive-based architectures that can be used to maintain and optimize their performance. The findings show that the research activity increases significantly beyond 2018 as part of the general trends of industrial digitalization. With time, methodological sophistication has grown with predictive models becoming more advanced as models based on a simple classification method have developed to more advanced temporal and hybrid modelling techniques. The latter development points to an increased focus on the accuracy, flexibility, and real-time alignment of physical assets to their digital counterparts. The review also demonstrates that although predictive performance measures have been made much better, long-term validation problems, inter-system scalability, and real system robustness have not been completely addressed. Numerous implementations are tested under controlled conditions, and a smaller amount of literature provides detailed industrial implementation and results or economic impact. In this regard, the field exhibits good technical capability and an overall imbalanced maturity in large-scale operations integration. Further, the fact that Digital Twin applications are moving to greater adoption in terms of fault detection to a more broad, system-wide optimization suggests that there is a change in the conceptualization of these frameworks when it comes to their placement in industrial settings. Digital Twins are increasingly becoming integrated into decision-support and performance management systems as opposed to being purely used as diagnostic tools. This development is an indicator of the trend to move the technology to integrated operational intelligence. Regardless of the observed progress, the future development of the methodology relies on enhancing the level of rigor, standardizing the benchmarking procedures, increasing scalability in multi-asset settings, and proving long-term stability in realistic operation conditions. The consideration of these dimensions will be critical in changing the potential experimental implementations to consistent industrial standards. To conclude, the results of the current review indicate that Digital Twin-based predictive systems have become a strategy-relevant and technologically advanced domain. The ongoing studies on the areas of robustness, interoperability, economic validation, and lifecycle sustainability will establish the degree to which these systems have been adopted by industries in a broad and long-lasting manner.
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Distribution of Predictive Modeling Techniques in Reviewed Studies

Frequency	
Machine Learning	Deep Learning	Hybrid Models	Statistical Methods	Reinforcement Learning	42	48	19	8	2	Percentage	
Machine Learning	Deep Learning	Hybrid Models	Statistical Methods	Reinforcement Learning	0.35299999999999998	0.40300000000000002	0.16	6.7000000000000004E-2	1.7000000000000001E-2	



Mean Accuracy (%)	ANN	LSTM	Random Forest	SVM	CNN	Hybrid Models	90.4	92.1	89.7	88.9	91.5	93.4	Mean Recall (%)	ANN	LSTM	Random Forest	SVM	CNN	Hybrid Models	91.2	93.6	90.3	89.5	92.8	94.1	Mean F1-Score (%)	ANN	LSTM	Random Forest	SVM	CNN	Hybrid Models	89.8	91.5	88.9	88.2	90.7	92.6	



Aggregated Regression Performance

Mean RMSE (normalized)	
ANN	LSTM	Random Forest	CNN	Hybrid Models	0.22	0.16	0.24	0.18	0.14000000000000001	Mean MAE	
ANN	LSTM	Random Forest	CNN	Hybrid Models	0.17	0.12	0.19	0.14000000000000001	0.11	Mean R²	
ANN	LSTM	Random Forest	CNN	Hybrid Models	0.78	0.85	0.74	0.82	0.88	


Dataset Source Classification

Number of Studies	
Real Industrial Data	Laboratory Experimental Data	Public Benchmark Datasets	Simulation-Only Data	Total	52	38	19	10	119	Percentage (%)	
Real Industrial Data	Laboratory Experimental Data	Public Benchmark Datasets	Simulation-Only Data	Total	43.7	31.9	16	8.4	100	
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