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Abstract
Predictive maintenance has become an important strategy for improving the reliability, safety, and operational efficiency of industrial systems. A central task in predictive maintenance is the estimation of Remaining Useful Life (RUL), which supports maintenance planning by predicting the time available before a component or system reaches a defined failure condition. This review presents a comparative discussion of major RUL modeling approaches used in predictive maintenance, with emphasis on physics-based, data-driven, and hybrid methods. Physics-based models use engineering knowledge and mathematical representations of degradation processes to provide interpretable predictions, but their development depends on detailed understanding of system behaviour and failure mechanisms. Data-driven models use historical and real-time sensor data to learn degradation patterns and have shown strong potential in complex industrial environments, particularly through machine learning and deep learning techniques. However, their performance often depends on the availability of sufficient labelled data and may be limited by poor interpretability. Hybrid models combine physical knowledge with data-driven learning to improve robustness, reliability, and practical applicability. The review also discusses transfer learning, explainable artificial intelligence, digital twins, and Industry 4.0 integration as emerging directions for RUL prediction. Key challenges identified include limited run-to-failure data, changing operating conditions, model scalability, uncertainty in predictions, and integration with industrial maintenance systems. Overall, the review shows that no single modeling approach is universally suitable for all predictive maintenance applications. The selection of an appropriate RUL model should depend on data availability, domain knowledge, system complexity, interpretability requirements, and deployment conditions.
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1. Introduction
The operation of industrial systems relies on heavy-weight machinery where reliability is directly related to the efficiency of operations and the safety and economy of the said machinery (Saravade et al., 2024; Jaiswal & Poursina, 2025). Unanticipated equipment breakdowns may cause production delays, higher maintenance expenses, and security risk and therefore, successful maintenance techniques are crucial in the contemporary sectors (Zhu et al., 2019). 
Historically, the evolution of maintenance strategies has been based on the premise that some types of maintenance strategies are reactive, i.e. they are executed when a failure has been identified, as compared to preventive types of maintenance strategies, i.e. they are executed at regularly scheduled periods. Although preventive measures help minimize unforeseen failures, they frequently result in unjustified maintenance operations and higher operational expenses (Hector and Panjanathan, 2024). To address these shortcomings, predictive maintenance (PdM) has been developed as a data-driven technique in which the state of equipment is monitored and potential failures are predicted. PdM allows maximizing the life of an asset and decreasing the downtime through analyzing sensor data and operational histories, in order to maintain assets only when they require maintenance (Guidotti et al., 2025). The same pattern is seen in more progressive manufacturing facilities like semiconductor production, where artificial intelligence is finding more applications in process monitoring, predictive analytics, and quality optimization, indicating the rising prominence of intelligent data-driven systems in the industrial processes (Hutchful and Sefa-Boateng, 2025).
Predictive maintenance emergence has been tightly associated with the technological changes of Industry 4.0, in which machine health can be monitored and analyzed constantly with the help of cyber-physical systems, Industrial Internet of Things (IIoT), and artificial intelligence (Ramezani et al., 2023). The technologies of artificial intelligence and machine learning are becoming more popular in industrial settings to allow organizations to react proactively and apply predictive analytics to enable companies to identify anomalies, evaluate risks, and enhance operational safety based on data-driven decision-making (Arthur et al., 2025). It is against this background that Prognostics and Health Management (PHM) has emerged as an important paradigm in terms of determining the health of the equipment as well as future system behavior. One of the key activities of PHM is to estimate the Remaining Useful Life (RUL) of equipment, or the period when a part will fail to meet a specific failure criterion (Ferreira and Goncalves, 2022). The correct RUL prediction would allow the organizations to plan the maintenance in advance, leading to increased reliability and minimizing operational risks.
RUL prediction methods of research have increased substantially over the past few years. The current methods can be broadly divided into physics-based models, data-driven models and hybrid models. Physics-based models are based on mathematical modeling of degradation processes, and data-driven models are based on statistical learning and machine learning methods to predict degradation trends based on sensor data (Artelt et al., 2024). Algorithms based on data, especially deep learning models, convolutional and recurrent neural networks, have shown great potential in learning the intricate patterns of degradation in industrial data (Ghoneim et al., 2025). The hybrid methods seek both interpretability of physics-based models with the predictive ability of machine learning that enhance robustness and dependability in real-world applications (Fu et al., 2025). 
Regardless of these developments, there are a few challenges that still face the implementation of RUL prediction models in the real-life industrial systems. They are low access to labelled failure data, inconsistent operations of equipment, size limitations of the largest industrial datasets and models that are accurate and interpretable to make maintenance decisions (Wang et al., 2025; Ramezani et al., 2023). 
This review article gives a comparative study of the remaining useful life methods of model predictive maintenance of the industrial systems. The paper looks at the concept, advantages, and disadvantages of physics-based, data-driven, and hybrid models, with a special focus on their usage in the actual industry setting. Moreover, the review examines the new issues, including transfer learning in predicting cross-domain RUL and scalability issues with the adoption of predictive maintenance solutions. Based on the analysis, this paper aims to give an orderly insight into the existing methods of RUL modeling and point out areas of future research in predictive maintenance.
2. Background: Predictive Maintenance and Remaining Useful Life (RUL)
The contemporary industrial systems demand maintenance measures that are highly reliable at the same time reducing the operational disruptions and maintenance expenses. Maintenance methods have thus changed considerably over the years, becoming more predictive and condition-based methods using digital technologies by doing away with reactive and preventive maintenance methods. This development has been motivated by the growing complexity of industrial systems and the capacity of large amounts of operational information that sensors and monitoring platforms produce (Zhu et al., 2019). 
2.1 Evolution of Maintenance Strategies
Maintenance strategies used in industries are usually divided into three major categories which include, reactive maintenance, preventive maintenance and predictive maintenance. Reactive maintenance, commonly known as run-to-failure, is when equipment is fixed when a fault has taken place. Even though this method demands very little preparation, it often leads to unscheduled downtime and substantial losses in operation (Hector and Panjanathan, 2024). 
Preventive maintenance was also introduced to overcome these weaknesses and in this case maintenance procedures are conducted after a certain time interval. Although this mode will minimise the unforeseen breakdowns, it may result in unnecessary service since maintenance is carried out irrespective of the state of the equipment. This ineffectiveness also poses problems especially in more complex industrial settings where downtime and maintenance take a major share of the overall costs of operation (Guidotti et al., 2025). 
Predictive maintenance (PdM) has become a more sophisticated model of such technology that relies on sensor data, condition-based monitoring, and sophisticated algorithms to approximate the health of equipment and make predictions regarding its possible failure before it happens. In contrast to the old strategies, PdM allows planning maintenance activities depending on the real degradation condition of a system, enhancing operational dependability and minimizing the needless maintenance procedures (Ture et al., 2021). 
Predictive maintenance has been facilitated by the technological changes that relate to Industry 4.0, incorporating cyber-physical systems, Industrial Internet of Things (IIoT), cloud computing, and artificial intelligence into the industrial processes. These technologies enable constant tracking of equipment based on interconnected sensors and have the processing power that is necessary to analyze vast amounts of operational data (Ramezani et al., 2023). 
2.2 Prognostics and Health Management.
Predictive maintenance systems are usually deployed within the wider concept of Prognostics and Health Management (PHM). PHM is aimed at keeping track of health of the systems, fault diagnostics, and forecasting the future state of the equipment so that it might assist in the proactive maintenance planning. A standard PHM system combines a number of modules, such as condition tracking, fault detection, degradation evaluation, and failure forecasting (Ferreira and Goncalves, 2022). 
Condition monitoring is an important part of PHM that gathers real-time operational data of sensors that are mounted on industrial equipment. They are sensors that detect the variations in temperature, pressure, vibration, and electrical signals, which can be used to track the presence of anomalies and identify the initial signs of degradation. When these measurements are combined with predictive analytics, the PHM systems will be able to forecast the future health of the elements and aid the maintenance decisions (Hector and Panjanathan, 2024). 
New technological developments including artificial intelligence, internet-of-things, automation, and virtual simulation technologies are becoming part of industrial monitoring systems to allow a smarter and predictive operational management process (Arthur and Annakra, 2025).
2.3 Remaining Useful Life (RUL) Prediction
One of the major goals of PHM is the Remaining Useful Life (RUL), which is the approximate duration the system or component can work before attaining a failure threshold. Supportive predictive maintenance needs the accurate prediction of RUL as it enables organizations to plan the maintenance operations in advance without triggering unplanned failures and unnecessary interventions (Ferreira and Goncalves, 2022). 
The RUL prediction process normally includes a number of steps. First, there is operational data collected with the help of sensors and monitoring devices. Following this, pertinent features/ health indicators are obtained to represent the condition of degradation of the equipment. These are then modeled to simulate the degradation process and predict the time it will take before the system enters a set failure condition. 
In addition to estimating a single RUL value, many prognostic frameworks seek to quantify the uncertainty associated with predictions. Uncertainty may arise from noise measurement, incomplete degradation information, varying operating conditions, and model assumptions. Incorporating uncertainty estimates into RUL prediction can support more informed maintenance decision-making by providing confidence bounds around predicted failure times rather than relying solely on point estimates (Kumar et al., 2024).
The increasing adoption of machine learning in prognostics and health management has significantly transformed fault diagnosis and RUL prediction research. Studies observed that traditional machine learning methods initially reduced dependence on manual feature interpretation, while recent advances in deep learning have enabled end-to-end learning directly from monitoring data. The authors further identified transfer learning as a promising direction for overcoming limited labelled data and improving the applicability of prognostic models across different operating environments (Lei et al., 2020).
This modeling stage may involve regression-based approaches for trend estimation, stochastic filtering methods such as Kalman or particle filters for uncertainty-aware prediction, or deep learning models such as recurrent neural networks that capture temporal degradation behavior from multivariate sensor data (Kumar et al., 2024). 
RUL estimation techniques are broadly divided into three major camps namely physics-based, data-driven and hybrid. Physics-based models are based on mathematical models of physical degradation mechanisms, and data-driven ones apply machine learning to predict the degradation patterns based only on operational data. Hybrid models combine the use of both methodologies by merging physical knowledge and the learning ability based on data (Artelt et al., 2024). 
2.4 Challenges in Predictive Maintenance and RUL Modeling
Although there is an increasing application of predictive maintenance technologies, there are a number of issues that are still faced in development and implementation of accurate RUL prediction models. The scarcity of labeled failure data is one of the most significant obstacles because the industrial equipment is not often run to failure because of safety and cost considerations (Wang et al., 2025). 
The other issue is that industrial data is not always homogeneous because machines are not always operated in the same conditions, loads, and operational environments. Such differences can be influential on the degradation patterns and constrain the ability of the predictive models to generalize (Guidotti et al., 2025). 
Also, new predictive maintenance systems need to solve the problems associated with the scalability of the models, their interpretability, and their performance, especially when processing a large-scale sensor data collected in Industry 4.0 settings (Ramezani et al., 2023). 
These issues are critical in the process of assessing the effectiveness of current RUL prediction methods. The next sections hence discuss the key modeling paradigms employed in predictive maintenance with the first part of discussing the physics-based models and then the data-based models and the hybrid modeling models.
2.5 Review Methodology
This review focuses on the most important Remaining Useful Life (RUL) modeling paradigms in the field of predictive maintenance (PdM) and adopts a narrative comparative approach. The literature covered in this study has been chosen due to its relevance to predictive maintenance, Prognostics and Health Management (PHM), RUL prediction, machine learning applications, hybrid prognostic frameworks, transfer learning, and challenges regarding the industrial deployment. Special attention was given to recent studies that demonstrate recent advances in predictive maintenance research.
These selected studies were studied, categorized, and sorted into thematic areas, based on the main aims of the review. The categories include physics-based RUL models, data-driven RUL models, hybrid models, transfer learning, scalability and deployment. The aim of the comparative analysis was to determine the principles, advantages, drawbacks, and usefulness of each of the modeling paradigms in industrial applications.
Another interesting aspect of the review was a discussion about problems reported in the literature, such as: lack of data, interpretability of the model, generalization of different operating conditions and large-scale industrial deployment. The study synthesizes the results from these thematic areas to structure a comparison of the existing approaches to RUL prediction and shine light on emerging directions for future research.
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Figure 1. Taxonomy of Remaining Useful Life (RUL) prediction approaches.
3. Physics-Based Remaining Useful Life Modeling
One of the oldest models used in the prediction of Remaining Useful Life (RUL) of industrial equipment is physics-based models. These models calculate system degradation by mathematical models based on physical laws, engineering principles and known mechanisms of failures. Physics-based methodologies can be used to estimate the time to failure of a system by simulating its degradation with time to get the time to failure before it reaches a predetermined failure threshold (Artelt et al., 2024). 
Physics-based approaches in predictive maintenance are based on explicit modeling of degradation mechanisms, e.g. crack propagation, fatigue, corrosion or wear dynamics. Such degradation mechanisms are commonly represented by a series of differential equations or physical models that describe the dependence between the working conditions and the degradation of the component. These models have high interpretability and enable engineers to comprehend the effect of certain operational aspects on the reliability of a system due to their being based on physical knowledge (Fu et al., 2025). 
Physics-based prognostic models are often applied in the larger Prognostics and Health Management (PHM) paradigm, in which degradation models are called upon to predict the future development of the health of a system. The sensor measurements (vibration, temperature, or pressure) are used in the first stage of this process to estimate the current health condition. These values are then processed into the degradation model to predict future system behavior in order to determine how much time it has to last before it fails (Ferreira & Goncalves, 2022). 
There are various mathematical models that are utilized when doing physics-based RUL prediction. Among the most commonly used methods, there exist state-space models, in which system degradation is modeled by means of a group of dynamic equations of the time-dependence of health states. Kalman filters or particle filters are commonly used as bayesian filters in these models to revise estimates as new sensor data become available. Such probabilistic methods enable the inclusion of degradation uncertainties and noise on measurements in the prediction (Kumar et al., 2024). 
Simulation models based on first principles are another implementation common in which the physical behavior of components is modeled as engineering equations. Physical models can be used, e.g. in aircraft systems, to estimate component degradation by simulating the airflow, fuel dynamics or thermodynamic processes. Long-term degradation patterns that are hard to predict by other methods can be captured in such systems with conservation laws and fluid dynamics equations to aid in estimating the RUL (Fu et al., 2025). 
Although physics-based models possess strong theoretical basis and are easily interpretable, there exist various constraints associated with them, whenever used in complex industrial systems. It can be seen that the creation of precise degradation models can demand a lot of domain knowledge and intricate knowledge of system physics. The conditions of operation of industrial systems in the real world are characterized by varying environmental conditions and complicated load profiles, which are challenging to represent with the help of purely physical equations (Artelt et al., 2024). 
The other difficulty is the computational complexity and scaling of physics-based models. With the increasing complexity of industrial systems with a large number of interacting components, it becomes harder to develop and calibrate detailed physical models. Moreover, some uncertainties around operating conditions and material properties may result in high levels of uncertainty on prediction when the degradation model fails to capture the actual dynamics of the world (Ferreira and Goncalves, 2022). 
Due to these restrictions, physics-based techniques tend to be the most useful in problems whose failure mechanisms are known, and whose behaviour can be precisely modeled. Nevertheless, often in modern industrial applications with high-dimensional measurement fields and rich variable behavior, it can be difficult to use purely physics-based methods to reflect all the pertinent degradation behavior. These issues have brought about a growing interest in data-driven approaches, where machine learning approaches learn behavior of degradation based on historical operational information. The next section is thus a review of data-driven RUL modeling techniques and how they are increasingly being used in predictive maintenance systems.
4. Data-Driven Remaining Useful Life Modeling
Predictive maintenance systems nowadays follow the traditional paradigm of data-driven approaches to Remaining Useful Life (RUL) prediction. In contrast to physics-based models, data-driven techniques do not make any explicit assumptions of physical degradation mechanisms of a system. They instead acquire patterns of degradation on the direct basis of historical and real-time data gathered by sensors and monitoring systems (Ferreira and Goncalves, 2022). 
The data-driven prognostics have been rapidly adopted with the increasing speed of Industry 4.0 technologies. The Industrial Internet of Things (IIoT) infrastructures enable the continuous collection of sensor data in large volumes including vibration, temperature, pressure and acoustic signals on equipment. The datasets allow machine learning to recognize the degradation patterns and anticipate future equipment failures (Hector & Panjanathan, 2024). These types of environments are especially susceptible to machine learning models due to their ability to identify hidden relationships in high-dimensional datasets that are not always apparent by physical modeling (Guidotti et al., 2025). 
The three essential phases of the data-driven RUL prediction process are data acquisition, health indicator construction, and prognostic modeling. The first is that condition monitoring systems receive operational data as sensors attached to machinery. These crude signals are then manipulated to create features that are related to the health of the equipment which is commonly known as health indicators. Lastly, based on these features, machine learning models degradation patterns and determine the useful life left of the system (Kumar et al., 2024). 
RUL models based on data can be generally categorized into conventional machine learning approaches and deep learning methods. Conventional machine learning methods, such as Support Vector Machines (SVM), decision trees, k-nearest neighbors, and Gaussian process, have found extensive application in prognostics due to the capability to capture nonlinear interactions between sensor measurements and equipment wears (Ture et al., 2021). To provide an example, Support Vector Machines have been widely used in predictive maintenance research to categorize system health conditions and approximate the remaining life using the historical degradation history (Ture et al., 2021). 
Deep learning methods have been attracting growing attention to RUL prediction in recent years because they can automatically find the complex features of a large dataset. 
A comprehensive review by, Wang et al, (2020) and Addepalli highlighted the growing importance of deep learning for RUL prediction and identified Autoencoders, Deep Belief Networks (DBNs), Convolutional Neural Networks (CNNs), and Recurrent Neural Networks (RNNs) as the dominant deep learning architectures applied in prognostic applications. Their review emphasized that the ability of these models to learn complex nonlinear degradation patterns has contributed significantly to the growing adoption of deep learning in predictive maintenance systems (Wang et al., 2020).
Convolutional Neural Networks (CNNs) and Recurrent Neural Networks (RNNs) are neural network architectures with impressive results in the modeling of degradation patterns given multivariate time-series data. The CNN models are especially useful at isolating spatial characteristics of sensor signals whereas the RNN-based models (such as the Long Short-Term Memory (LSTM) networks) can isolate long-term temporal dependencies in degradation processes (Ghoneim et al., 2025). 
Ren et al. (2018) further demonstrated the effectiveness of deep learning for prognostics by integrating autoencoders and deep neural networks to estimate the Remaining Useful Life of lithium-ion batteries. The study showed that automated feature learning can improve degradation representation and prediction accuracy, highlighting the growing capability of deep learning models to address complex RUL prediction problems (Ren et al., 2018).
Recent studies have further improved deep learning models by integrating attention mechanisms and hybrid neural architectures. As an example, attention-based LSTM models may be used to assign varying weights of the sensor features and times steps, allowing the model to concentrate on the most valuable data to predict RUL (Ghoneim et al., 2025). Likewise, both convolutional autoencoders and LSTM networks with architecture have also been recommended to complement each other in terms of feature extraction and accuracy of prediction in turbofan engine prognostics (Elsherif et al., 2025). 
Regardless of their high predictability powers, data-driven methods have a number of challenges as well. A significant weakness is that it necessitates large quantities of labeled training data. Most industrial systems do not have easy time collecting run-to-failure data since most equipment cannot be left to run to failure since it is unsafe and can be costly (Wang et al., 2025). This weakness frequently causes problems of imbalance of data and limits the capacity of models to generalize in different operating conditions.
The other difficulty is associated with model interpretability and scalability. Most sophisticated machine learning models- especially the deep neural networks- are black-box systems, thus they are hard to engineer to understand the rationale behind the predictions. Also, their application to real-time industries leads to the consumption of considerable computing power and effective data processing pipelines (Ramezani et al., 2023). 
All these have encouraged the creation of hybrid models that combine physical knowledge with machine learning methods. Hybrid techniques are designed to achieve the interpretability of physics-based models with predictive accuracy in data-driven techniques. The next section is thus a discussion of hybrid RUL prediction techniques as well as their contribution to enhancing the robustness and reliability of predictive maintenance systems.
5. Hybrid Remaining Useful Life Modeling Approaches
To overcome the shortcomings of data-driven and physics-based methods of RUL prediction, hybrid modeling methods have been developed. Although physics-based models offer interpretability and allow knowledge of the domain, they can be difficult to interpret when dealing with complex systems working under different conditions. Data-driven models, in turn, have the ability to learn complicated degradation trends based on large datasets but are usually not physically interpretable and demand large training datasets. The idea behind hybrid approaches is to bring the advantages of the two paradigms together and come up with more solid and trustworthy RUL predictions (Artelt et al., 2024). 
In hybrid prognostic systems, machine learning algorithms are used to enhance prediction accuracy and model strength by incorporating physical degradation knowledge. Such integration can take place in various forms. Otherwise, machine learning methods are applied to predict health indicators generated using physics-based models. Physical constraints are directly incorporated into the learning process in other strategies to inform the predictive model training (Zheng et al., 2025). 
Another significant type of hybrid approach is model fusion strategies whereby the predictions of the physics-based models and data-based models are fused to produce a final RUL prediction. Fusion may be done on various levels, such as feature-level fusion, model-level fusion, and decision-level fusion. As an illustration, a physical degradation model can produce an early RUL estimate, and a machine learning algorithm that utilizes operational sensor data can be trained to update the initial estimate (Hagmeyer and Zeiler, 2023). 
The other method is physics-informed machine learning in which the domain knowledge is integrated directly into the neural network structures. These models incorporate physical laws or degradation equations into the learning process as a constraint to have the predictions stay consistent with known system behaviour. Through engineering expertise in data-driven frameworks, physics-informed frameworks can mitigate the possibility of unrealistic forecasts and enhance generalization of models across evolving operating conditions (Zheng et al., 2025). 
Complex engineering systems, including aircraft engines, have also received extensive investigation of hybrid prognostic models in which physical degradation mechanisms are known, and sensor data is very large. Hybrid models can unite thermodynamic or mechanical degradation simulation with machine learning algorithms in such systems to give more accurate and stable predictions. Through these built-in frameworks, models are able to get the physical dynamics of the system and also the statistical behavior found within operational data (Fu et al., 2025). 
Although they have these benefits, hybrid models give rise to new problems of integrating models and computational complexity. The use of physical simulations and machine learning frameworks can be challenging to set up and calibrate. Moreover, the combination of several modeling paradigms can raise computational demands and make it more difficult to implement in real-time in an industrial setting (Artelt et al., 2024). 
Another problem is the difficulty in balancing between the use of physical models and data-driven elements. In case the physical model is too simplified, it can create bias in the hybrid framework. On the other hand, when the machine learning part prevails in the system, the hybrid model might lose the interpretability benefits of physics-based methods (Hagmeyer and Zeiler, 2023). 
However, hybrid modeling strategies are also viewed as an encouraging trend in predictive maintenance systems due to the fact that they make use of engineering experience and the learning process that is supported by data. Hybrid models may yield more reliable RUL predictions in complicated industrial settings that may not be solved using purely physics-based or purely data-driven models by applying a combination of physical understanding and machine learning capabilities.
Another notable research challenge, as predictive maintenance systems are increasingly applied in various industries, is the ability to transfer learned knowledge between machines, operating conditions and datasets. The following part thus looks into the methods of transfer learning and how they enhance the generalization ability of RUL prediction models.
6. Transfer Learning in Remaining Useful Life Prediction
Despite strong performance of models relying on actual data in Remaining Useful Life (RUL) prediction, they tend to be effective only when big datasets with performed labelling are available. However, failure data is often scanty in most industrial settings as equipment is hardly given an opportunity to run to failure through safety, operations, and economic considerations. Such a constraint presents a challenge when it comes to the training of robust predictive models with the use of standard machine learning techniques (Wang et al., 2025). 
Transfer learning has thus been found to be a significant methodology in enhancing the generalization potential of RUL prediction models. Transfer learning is an attempt to use the experience of one field, data, or machine and implement it in a different related field where there might be a shortage of labeled data. Rather than using fresh models to be trained on each new system, reusing earlier learned degradation patterns can be used to achieve better prediction performance in new settings (Wang et al., 2025). 
Transfer learning is specifically helpful in the predictive maintenance case when equipment is subjected to various environmental conditions or regimes of operation. As an example, industrial machines can operate at different loads, temperatures or load patterns that considerably affect degradation patterns. Trained models when operating under a particular set of conditions tend to do poorly when transferred to another set of operating conditions. Transfer learning solves this issue by adjusting the model to the target domain, and it preserves knowledge of the source domain (Ferreira and Goncalves, 2022). 
Domain adaptation is one of the typical transfer learning strategies involved in RUL prediction. Domain adaptation methods aim at decreasing the gap between source and target sets by aligning the feature distributions between domains. Sensors data on various machines used in industries can possess varied statistical characteristics despite the similarity in the degradation processes they reflect. Domain adaptation procedures allow predictive models to pick domain invariance characteristics, which are identical in various datasets (Wang et al., 2025). 
The other area that has been examined extensively is feature-based transfer learning where feature that have been learned on a large dataset are reused in training models on a small dataset. This can be successfully achieved using deep learning architecture, since at the early stages of the neural network, there is a high likelihood that specific general degradation patterns are learned and can be transferred across machines or changing operating conditions. Such pretrained feature representations may greatly decrease the number of labeled data to achieve accurate RUL models (Ghoneim et al., 2025). 
Transfer learning techniques have found extensive use to predict benchmark predictive maintenance data, including turbofan engine degradation data sets, in which the model that is trained on a segment of engines can be applied to predict RUL on engines of different operating conditions. Such methods have demonstrated better prediction and better robustness in comparison to models that were trained separately using small datasets (Wang et al., 2025). 
Transfer learning has a number of challenges in addition to the benefits. Negative transfer is one of the biggest problems since it happens when the knowledge in the source domain is not applicable in the target domain and worsens the performance of the model. This may occur when the machines are used in very different environmental conditions or degradation mechanisms (Ferreira and Goncalves, 2022). 
The other problem is that correct strategies to transfer knowledge among various industrial systems should be identified. Variations in sensor setup, quality of data, and the nature of operations may necessitate the use of close feature choice, area alignment methods to guarantee effective knowledge exchange (Wang et al., 2025). 
However, transfer learning is a potential way to enhance the predictive maintenance system scalability and applicability to various industrial settings. Transfer learning can be used to improve the feasibility of RUL prediction in practice by allowing models to recycle knowledge of systems already analyzed and reduces the need to rely on large sets of failures in practice.
The other significant problem as predictive maintenance technology continues to grow in all industrial sectors is the scalability and implementation of RUL prediction models in mass industrial systems. The second section thus identifies the issues that come along with the implementation of predictive maintenance models within operational systems such as the problems of scalability, explainability and operational integration.
7. Scalability and Deployment Challenges in Predictive Maintenance Systems
Although major progress has been achieved in the field of Remaining Useful Life (RUL) prediction, there are a number of practice-relevant challenges when it comes to the deployment of predictive maintenance models in a real industrial setting. Industrial systems are generally characterized by high amounts of sensor data, varying conditions and need real-time decision making. Consequently, predictive maintenance solutions should resolve the problems of scalability, interpretability, data quality, and system integration to be able to be effectively deployed into working environments (Ramezani et al., 2023). 
7.1 Data Volume and System Scalability
The modern industrial systems are usually massive systems of interconnecting machines with numerous sensors. These sensors produce the high-dimensional data stream continuously with data measurements of vibration, temperature, pressure, and electrical signals. These large datasets may be computationally expensive to process and analyze in real time, especially when RUL prediction is performed using the deep learning models (Ramezani et al., 2023). 
The fact that the technologies of Industrial Internet of Things (IIoT) are developing very fast has also contributed to the size and complexity of industrial data. The IIoT-based systems enable machines to interact with centralized infrastructures where there are storage and analysis of data to predictive maintenance (Hector and Panjanathan, 2024). Nevertheless, the processing and management of such data streams necessitate scalable architectures that could support the continuous acquisition of data, the extraction of features and the inference of models on numerous industrial assets. Artificial intelligence systems are being incorporated with monitoring systems in highly automated manufacturing industries like semiconductor production to help in real-time control of processes, predictive analytics and intelligent decision making of complex production systems (Hutchful & Sefa-Boateng, 2025).
Scalability issues are another problem that occurs when predictive models are implemented in large machine fleet systems. The model that is trained on one piece of equipment might not work well in another machine with different conditions making it necessary to train more or modify the model. This problem raises the necessity of predictive maintenance mechanisms that can be scaled and adjusted to heterogeneous industrial systems (Guidotti et al., 2025). 
7.2 Model Interpretability and Explainability
The other important issue with implementing predictive maintenance systems is the inability to interpret most machine learning models. Much more complex algorithms, especially deep learning architectures, are usually black-box systems where the internal reasoning to be made about predictions is hard to understand. Such a transparency deficit may decrease the confidence of engineers and maintenance staff in predictive models as the decision-making actors in the operation (Ramezani et al., 2023). 
In industries of particular concern, like the aviation, energy and mining sectors, where decisions made during maintenance can cause significant operational or safety impacts, explainability is an important concept. The maintenance engineers should then be in a position to know how predictive models produce RUL estimates to be able to authenticate the model outputs and use them in maintenance planning procedures. The creation of machine learning methods and explainable AI systems, which can be interpreted, is still a direction of research in predictive maintenance systems.
7.3 Data Quality and Availability
Predictive maintenance models mainly rely on the quality and availability of sensor data. Industrial data is prone to noise, missing data or discrepancies due to sensor failures, communication failures or environmental disruptions. Such problems may have a severe impact on the quality of RUL prediction models when they are not adequately considered during preprocessing of data (Ture et al., 2021). 
The other significant weakness is the lack of tagged failure figures. Given the numerous industrial systems developed to prevent disastrous failures, a run-to-failure dataset is often not accessible in practice. This lack of information restricts the capacity of the monitored learning models to acquire actual degradation patterns and could weaken the predictiveness of the forecasting models (Wang et al., 2025). 
7.4 Integration with Industrial Maintenance Systems
Implementation of predictive maintenance systems also entails a high level of integration with the already available industrial maintenance systems. The decision of maintenance should be included in the operation of workflows, asset management systems, and systems of scheduling. Predictive models should thus communicate with the enterprise systems that are used to organize maintenance planning, inventory management, and equipment monitoring (Zhu et al., 2019). 
The predictive analytics and condition monitoring systems, maintenance scheduling tools, and decision-support structures are combinations that are likely to result in successful implementation in a successful case. These combined systems allow organizations to transform predictive data into operational maintenance plans that enhance system reliability and efficiency (Hector & Panjanathan, 2024). 
The increasing capacities of predictive maintenance technologies are not entirely free of challenges in the areas of scalability, interpretability, data availability, and systems integration, which still influence their implementation in industry. To deal with these issues, machine learning algorithms must be improved, but the creation of strong data infrastructure, as well as decision-support frameworks capable of supporting massive industrial applications, is also necessary (Ramezani et al., 2023). 
To be able to assess the feasibility of various RUL modeling methods, extensive knowledge of these issues of deployment is required. The following section hence compares physics based, data based and hybrid models and their comparative advantages, disadvantages, and the applicability to various predictive maintenance contexts.
8. Comparative Analysis of Remaining Useful Life Modeling Approaches
The use of the predictive maintenance systems has brought up the three key paradigms of Remaining Useful Life (RUL) prediction: physics-based models, data-driven models, and hybrid models. All these modeling strategies have their own strengths and weaknesses depending on the knowledge of the system, nature of data and the deployment needs. A comparative analysis of these methods is therefore critical in the perception of their appropriateness in various industry settings (Artelt et al., 2024). 
8.1 Physics-Based Approaches
RUL models are physics-based models based on mathematical descriptions of degradation processes based on engineering principles and physical laws. These models would simulate how a system decays with time and predict the failure points by the known failure mechanisms. Physics-based methods have good interpretability because they are based on domain knowledge and can let the engineer know the correlation between operating conditions and equipment degradation (Fu et al., 2025). 
The usefulness of physics-based models, however, is sensitive to the presence of rich knowledge of the system as well as proper degradation equations. Various industrial systems work in complex conditions of interacting multiple components, and not all degradation processes can be described by physical models (Ferreira and Goncalves, 2022). Moreover, the process of building these models can also be very time-consuming in terms of domain knowledge and calibration, limiting their applicability to new machines or new industrial applications.
8.2 Data-Driven Approaches
RUL is estimated by data-driven approaches to learn patterns of degradation using operational data obtained via sensors and monitoring systems. These methods involve machine learning algorithms to process big data and identify sophisticated connections between system behavior and behavioral failures (Hector and Panjanathan, 2024). The data-driven approach is especially effective on complex systems where the mechanisms that cause degradation are hard to model analytically because such systems work with data as opposed to explicit physical models.
Support Vector Machines and decision trees are also examples of traditional machine learning algorithms that have been commonly applied in predictive maintenance (Ture et al., 2021). With more recent developments, deep neural network architectures such as convolutional neural networks and recurrent neural networks have shown great potential to extract the patterns of degradation of high-dimensional sensor data (Ghoneim et al., 2025). 
Although data-driven models are quite predictive, they possess a number of shortcomings. These models can be trained on large, labeled data that is hard to access in most industrial settings where failure events are infrequent (Wang et al., 2025). Moreover, deep learning models can be uninterpretable and thus engineers cannot understand how RUL predictions are made (Ramezani et al., 2023). 
8.3 Hybrid Approaches
Hybrid frameworks  integrate aspects of physics-based and data-driven models leverage the strengths of each paradigm. Within such models, machine learning algorithms are combined with physical knowledge on how systems behave, to enhance the accuracy of prediction and the reliability of the models (Zheng et al., 2025). 
As an example, physics-based degradation models may be applied to produce health indicators, which can be input to machine learning algorithms. Alternatively, machine learning models may be constrained through physical equations so that the predictions are consistent to the known system’s behaviour. This type of integration enables hybrid models to be interpretable and take advantage of pattern recognition of data-based methods (Hagmeyer & Zeiler, 2023). 
Despite the fact that hybrid approaches ensure greater robustness, they might also bring more complexity to model design and implementation. A combination of different modeling paradigms needs to be calibrated with great care, and it can entail higher computational costs, especially in any case, physical simulations are being used in conjunction with machine learning frameworks (Artelt et al., 2024). 
8.4 Comparative Summary
The key characteristics of the three modeling paradigms can be summarized as follows:
Table 1: Comparative summary of modeling approaches
	Modeling Approach      
	Strengths        
	Limitations

	Physics-Based Models
	Very high interpretability, based on engineering experience        
	Need more detailed system models and domain knowledge.

	Data-Driven Models
	High predictive power, able to learn complex pattern.
	Requires large datasets and usually not interpretable.

	Hybrid Models
	Physical knowledge plus data-driven learning 
	Greater complexity of modeling and computational needs.




Table 2. Representative Performance Characteristics of Selected RUL Prediction Studies
	Study
	Approach
	Application Domain
	Performance Indicator Reported by Study

	Ren et al. (2018)
	Deep Learning (Autoencoder and DNN)
	Lithium-ion Batteries
	Improved prediction accuracy through automated feature extraction

	Wang et al. (2020)
	Deep Learning Review
	Multiple Industrial Systems
	CNNs, RNNs and Autoencoders identified as effective RUL architectures

	Ghoneim et al. (2025)
	Attention-Based Deep Learning
	Turbofan Engines
	Improved degradation feature learning and prediction performance

	Zheng et al. (2025)
	Physics-Informed Hybrid Learning
	Turbofan Engines
	Enhanced consistency between physical degradation behavior and prediction outputs

	Hagmeyer & Zeiler (2023)
	Hybrid Model Fusion
	Air Filtration Systems
	Improved robustness through integration of physical and data-driven models

	Fu et al. (2025)
	Hybrid Prognostic Framework
	Aircraft Systems
	Improved reliability and stability of prognostic predictions


While performance measures like RMSE, MAE, and scoring functions are reported in individual study, it is hard to make a direct numerical comparison across the literature reported in the studies reviewed as they use different datasets, operating conditions, prediction horizons, and evaluation protocols. However, the studies in the paper repeatedly suggest that deep learning and hybrid models are generally better at making predictions than traditional, standalone models, especially when enough operational data and domain knowledge is available.
The choice of a suitable RUL modeling methodology is based on various criteria among them being domain knowledge availability, size and quality of available data and also the computational resources of the implementation environment. Hybrid methods are now considered to be a promising solution in most contemporary industrial applications since they offer a tradeoff between interpretability and predictive power.
Recent developments in deep learning have further demonstrated the potential of advanced data-driven approaches for prognostics. Ren et al. (2018) proposed an integrated deep learning framework that combines automatic feature extraction through autoencoders with deep neural networks for Remaining Useful Life prediction. Their findings showed that deep learning models can effectively capture complex degradation patterns and improve prediction accuracy in systems where degradation mechanisms are difficult to model explicitly (Ren et al., 2018).
These methods may be seen as the present-day status of predictive maintenance studies, but there are still a number of unresolved issues. The next section talks about research direction and future opportunities of enhancing RUL prediction and predictive maintenance systems in industries.
9. Future Research Directions in Remaining Useful Life Prediction
Even though one has made significant progress in predictive maintenance and Remaining Useful Life (RUL) prediction, several research challenges still exist. The growing complexity of industrial systems, the high rate of sensor data increase, and the necessity to make high-quality maintenance decisions keep promoting the creation of more advanced prognostic models. Future studies are hence aimed at enhancing the generalization, interpretability, scalability as well as integration of the models with the current infrastructures used by industries.
9.1 Physics-Informed and Hybrid Learning Frameworks
The potential future research of physics-informed machine learning models that can incorporate engineering expertise into learning processes based on data is one promising future avenue. Complex degradation patterns can be modeled using pure data-driven models, although they can make unrealistic predictions when it is not constrained to the physics of the system. Physical knowledge is also used to ensure that machine learning models can maintain consistency between their predictions and known behavior of a system, whilst also leveraging the benefits of data-driven learning (Zheng et al., 2025). 
It is anticipated that in the future hybrid prognostic structures will be very useful in predictive maintenance systems. The methods involve the combination of the physical degradation models with machine learning algorithms to enhance robustness and accuracy of the predictions at different operating conditions (Artelt et al., 2024). The complex industrial data sets are increasing, and the hybrid architecture can be used to trade off model interpretability and predictive performance.
9.2 Transfer Learning and Cross-Domain Adaptation
The second research direction of relevance is to enhance the ability of RUL prediction models to be generalized to other machines and operating conditions. Numerous predictive maintenance models are effective in training on particular datasets but not effective when applied to new equipment in different conditions. The transfer learning methods are intended to eliminate this shortcoming by imparting knowledge acquired in one field to a related field (Wang et al., 2025). 
Domain adaptation techniques were specifically successful in predictive maintenance tasks with input data of turbofan engines where different operating scenarios and sensor locations must be learned by the model. These methods try to study domain-invariant characteristics that are constant between different machines or environments (Wang et al., 2025). It is anticipated that future studies will be aimed at enhancing domain adaptation methods to facilitate extensive predictive maintenance systems on a variety of industrial systems.
9.3 Explainable Artificial Intelligence for Predictive Maintenance
With the increasing complexity of machine learning models, enhancing model interpretability and explainability has become a research priority of interest. Numerous RUL-prediction deep learning algorithms are black-box and therefore it is challenging to have engineers understand the elements that drive predictions. Such a lack of transparency may diminish confidence in predictive maintenance systems, especially in sectors that are safety-related (Ramezani et al., 2023). 
Explainable Artificial Intelligence (XAI) methods are designed to shed some light on how predictive models can come up with RUL estimates. Explainable models can also be used in maintenance decision-making by determining the strongest features and modes of degradation that can be used to make predictions to enhance the user confidence in predictive maintenance systems.
9.4 Industry 4.0 and Digital Twin Technology Integration
The future of predictive maintenance can also be described by the further development of Industry 4.0 technologies. Infrastructures in the industrial Internet of Things (IIoT) allow uninterrupted monitoring of equipment on sensor networks that provide extensive datasets that can be applied to predictive analytics (Hector and Panjanathan, 2024). 
The use of digital twins is one of the emerging concepts based on the idea of virtual representations of physical assets that emulate the behavior and working state of real systems. Digital twins combine real-time sensor measurements with simulations to control system operations and anticipate future degradation. Digital twins can be used to promote sophisticated RUL prediction and maintenance planning in highly industrialized systems by integrating machine learning algorithms with simulation models.
9.5 Large-Scale Industrial Implementation
Predictive maintenance studies in the future should also discuss the issues linked to the implementation of RUL models in large-scale industries. Industrial systems produce high-dimensional data sets in need of scalable data processing structures and effective machine learning algorithms. The significant amount of data to process and the prospects of real-time predictions make it one of the most challenging issues (Ramezani et al., 2023). 
The construction of scalable predictive maintenance systems that can combine data of several machines, production lines, and industrial facilities will thus be critical in future industrial applications. These systems should have the ability to facilitate distributed data processing, effective model updates, and effective integration with enterprise maintenance management systems.
The predictive maintenance research directions in the future will probably be aimed at enhancing the robustness, scalability, and interpretability of RUL prediction models. The development of hybrid modeling, transfer learning, explainable AI, and Industry 4.0 technologies will improve the features of predictive maintenance systems to a greater extent. With the addition of the issues of current data availability, model generalization and system integration, the future predictive maintenance solutions can offer more trusted and useful tools of sustaining industrial assets and operational efficiency.
[bookmark: _Hlk218868534][bookmark: _Hlk229240739]Conclusion
This review examined major approaches for Remaining Useful Life prediction in predictive maintenance, focusing on physics-based, data-driven, and hybrid modeling methods. Physics-based approaches provide interpretable predictions because they are grounded in degradation mechanisms and engineering knowledge. However, their use is limited when system behaviour is complex, failure mechanisms are uncertain, or detailed physical models are unavailable. Data-driven approaches are effective for learning degradation patterns from sensor data and are useful in complex industrial environments where explicit physical modeling is difficult. Their main limitations are the need for sufficient labelled data, sensitivity to operating conditions, and limited interpretability, particularly in deep learning models. Hybrid methods offer a promising direction by combining physical understanding with data-driven learning, although they may increase model complexity and computational demand. The review also highlights the importance of transfer learning, explainable artificial intelligence, digital twins, and scalable Industry 4.0 infrastructure for improving the practical deployment of predictive maintenance systems. The findings indicate that model selection should be guided by available data, domain knowledge, system complexity, prediction requirements, and deployment constraints. Future work should focus on improving generalization, uncertainty handling, interpretability, and integration with real industrial maintenance workflows.
Limitation
This review has several limitations. First, it presents a narrative comparative synthesis rather than a full systematic review. Therefore, it does not include a detailed database search protocol, formal screening procedure, or quantitative meta-analysis. Second, the comparison of physics-based, data-driven, and hybrid RUL prediction methods is based on findings reported in the selected literature, which differ in terms of datasets, operating conditions, evaluation metrics, and experimental settings. As a result, direct numerical comparison between modeling approaches is limited. Third, the review gives considerable attention to widely studied applications such as turbofan engines and industrial prognostics, while other domains, including batteries, bearings, gears, pumps, and rotating machinery, may receive less detailed coverage. Finally, predictive maintenance and RUL modeling are rapidly developing fields, and new machine learning architectures, transfer learning methods, and hybrid frameworks continue to emerge. The conclusions should therefore be interpreted as a synthesis of current research trends rather than a definitive ranking of all available methods.
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