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The increasing complexity of industrial processes, the continuing search for higher profits, and increasingly demanding production constraints call for the implementation of a proactive and sustainable maintenance policy. Adapting 10 maintenance policies that integrate the concepts and obligations of so-called sustainable development is a real challenge for companies. This can concern proactive maintenance operations aimed at providing a balance in the social dimension as well as the environmental and economic dimensions. Such a policy requires the introduction of substantial upstream analysis and the establishment of tools to be able 15 to validate process performance continuity. Consequently, and in an Industry 4.0 context, being able to anticipate a system breakdown based on the estimation of its degradation while proposing a time window for a maintenance intervention has become essential. This anticipation aims to avoid failure situations with particularly significant impacts. Approaches and methods for prognostics and health management 20 provide many answers. This paper provides a full update on the various indicators and methods that may respond to the proposed theme. The presentation of knowledgebased methods and data analysis will guide the reader through the research process.

Introduction

In our modern and globalized world, industrial and manufacturing systems have a considerable impact on the consumption of resources, on the environment and de facto, on our society. It is for all these considerations that the sustainable manufacture of an object or a product is of paramount importance to achieve sustainable development. The subject of Sustainable Development (SD) became popular in the last century after the World Commission on Environment and Development [START_REF]Our Common Future[END_REF] was issued. This report defines SD as a global and long-term process. SD aims for a future where the products are 100% recyclable and where the manufacturing process itself has no net impact on the environment [START_REF] Sartori | Sustainability and sustainable development: a taxonomy in the field of literature[END_REF]. This is why Sustainable Manufacturing is widely regarded as the main catalyst for SD [START_REF] Yang | Life cycle reliability engineering[END_REF]. In addition, the legislation obliges manufacturers to bear the economic burden of collecting and disposing of products at the end of their useful life. This obligation means that the reuse of certain components could be more profitable than their disposal. These action strategies must help satisfy all of the company's obligations, thereby strengthening the protection and maintenance of the community and the environment [START_REF] Mangun | Incorporating component reuse, remanufacture, and recycle into product portfolio design[END_REF]. This policy forces manufacturing companies to change their old paradigms of global operation. The new paradigm must now include new problems. Consequently, its realization and validation require existing models and production schemes to be updated. Indeed, these models are based on a principle of resource availability and its unlimited regeneration. Fig. 1 shows the environmental strategies for product life cycles [START_REF] Giudice | Product design for the environment: a life cycle approach[END_REF]. Yang et al. [START_REF] Yang | Life-cycle management of deteriorating civil infrastructure considering resilience to lifetime hazards: A general approach based on renewal-reward processes[END_REF] present a general approach to performing "life cycle" management considering both types of deterioration. An important aspect of "life cycle" management is "asset management under hazards", and the present study introduces a novel concept, referred to as "lifetime resilience". In recent years, Product Life Cycle Management (PLM) systems have increasingly been used to manage business operations. The PLM approach also makes it possible to monitor events and actions involving the product [START_REF] Matsokis | An ontology-based approach for Product Lifecycle Management[END_REF]. In PLM, the "life cycle" refers to a set of phases that can be identified as the different stages in the life of a product, from cradle to grave. The PLM also incorporates specific practices and techniques established throughout the process using the data generated at each stage of the product's life. Three elements form the basis of the PLM concept: Information and Communication Technology managing remote information systems, processes, and methodology (Fig. 2). Fig. 2. Elements of the PLM concept (adapted from [START_REF] Chebel-Morello | From Prognostics and Health Systems Management to Predictive Maintenance 2: Knowledge, Reliability and Decision[END_REF]).

With such an aim, maintenance policies are a major lever for sustainable manufacturing because they provide the company with the ability to keep its production system efficient and its product at the required quality level [START_REF] He | Functional risk-oriented health prognosis approach for intelligent manufacturing systems[END_REF], [START_REF] Franciosi | Measuring maintenance impacts on sustainability of manufacturing industries: from a systematic literature review to a framework proposal[END_REF]. The actions then carried out play a crucial role because of their impact on the availability, reliability, quality, and life cycle of a system or process. Maintenance policies should, therefore, form one of the main pillars of the new operating model without disrupting environmental constraints. Overall, maintenance must be considered as long-term strategic planning integrating all the stages of the life cycle of a product. This strategic planning must also anticipate changes in future social, economic, and environmental trends. It must integrate innovative technologies into operational actions (i.e.: e-maintenance [START_REF] Muller | On the concept of e-maintenance: Review and current research[END_REF], e-diagnostics [START_REF] Hung | Development of an ediagnostics/maintenance framework for semiconductor factories with security considerations[END_REF]). Ben-Daya et al. [START_REF] Ben-Daya | Handbook of maintenance management and engineering[END_REF] refer to emaintenance (system) as predictive maintenance (system), which provides only monitoring and predictive prognostic functions (Fig. 3 [START_REF] Ben-Daya | Handbook of maintenance management and engineering[END_REF]). Fig. 3. An enterprise view of e-maintenance (adapted from [START_REF] Ben-Daya | Handbook of maintenance management and engineering[END_REF]).

Technologies are evolving very quickly, causing industry to migrate to so-called "Industry 4.0". The fourth industrial revolution has attracted much attention in recent literature. This Industry 4.0 integrates cyber-physical systems, the Internet of Things accompanied by the Internet of Services. In the context of e-maintenance in perpetual evolution, Silvestri et al. [START_REF] Silvestri | Maintenance transformation through Industry 4.0 technologies: a systematic literature review[END_REF] investigate how maintenance tasks and maintenance management strategies are changing in Industry 4.0. A possible orientation of connected and collaborative machines is presented in Fig. 4. Lu [START_REF] Lu | Industry 4.0: A survey on technologies, applications and open research issues[END_REF] proposes a survey on technologies, applications, and open research issues for Industry 4.0. This paper presents a comprehensive review on this topic after examining the existing literature. E-diagnostics has become an operational practice with serious added value for equipment maintenance service providers [START_REF] Sun | How the Imperfect E-diagnostics Impacts the Capacity Planning and Pricing Decisions of a Maintenance Service Provider[END_REF]. With the various services available via the Internet, the electronic diagnostic system offers experts the possibility of connecting remotely to plant equipment [START_REF] Hung | Development of a web-servicesbased e-diagnostics framework for semiconductor manufacturing industry[END_REF]. This study is structured as follows. The first chapter provides the framework of this study giving the methods employed, databases and software used. The second chapter presents the major developments in companies committed to the preservation of the planet's resources. Against this background, the third chapter details the evolution of the maintenance process. Prognostics and health management are essential tools for an effective maintenance policy. Chapter 5 details the methods, models and strategies for research that can be adopted according to the different cases. We end this work with remarks and open directions.

Bibliometric analysis strategy

Topics connected to maintenance strategies are so numerous that it is challenging to conduct a holistic literature review. Instead, we have taken advantage of bibliographical databases (keywords, citations), and used text-mining software, VOSviewer, to generate a bibliometric map of scientific research fields [START_REF] Van Eck | Software survey: VOSviewer, a computer program for bibliometric mapping[END_REF]. For this task, we used the following functions of the software (1) import publication information (2) create co-occurrence maps, (3) retrieve data of citation analysis, and (4) cluster and visualize keywords by co-occurrence in-network and overlay form.

Publication collection

Google Scholar, Dimensions, Thomson Reuters' Web of Science (WoS) bibliographic database (Web of Science Core Collection) were selected to collect publication information on the topics. The literature search covered the period between 1987 and 2021. The search criteria used were that any of the terms "sustainability" OR "sustainable" OR "maintenance" OR "prognostics and health management" OR "PHM" OR "fault detection" OR "fault diagnosis" OR "prognostics" OR "RUL estimation" OR "remaining useful life" OR "manufacturing" OR "industry" OR "industrial" OR "life cycle management" may appear in the title of the article. By using these search terms, the publication information was downloaded, for example, title, abstract, year of publication, source of journals, etc. as a tab-delimited text file, re-commended for subsequent processing in the VOSviewer software. By this process, a total of 2,594 research articles were collected. Only papers published in peer-reviewed journals, conference proceedings or books and which provided an English version were considered. Documents were analyzed according to their general pattern and the frequency of publications over the years, journal source, geographical distribution. Finally, an analysis by keyword and citation was made which provides the past trends, new developments, and prospects of the research topic area. At the end of this selection, 474 references were retained as the most cited references. After reading the 474 references, the most significant publications were selected. We structured the literature in three areas of contribution: manufacturing strategy and development, maintenance policies, and prognostics and diagnosis methods. The analysis concerning these references took into account the results obtained by the "snowball" effect in each category. Finally, 97 references were retained. Another way to treat the subject is to look at the connections between the different papers through the links between the keywords. The VOSviewer tool allows us to highlight these associations by generating the co-occurrence map below. 

Sustainable manufacturing

The feedback and the projections regarding the development of a manufacturing system are described in Fig. 6. This sustainable development is part of four main production paradigms: mass production, lean production, green production, and sustainable production [START_REF] Xia | Recent advances in prognostics and health management for advanced manufacturing paradigms[END_REF]. The strategy for mass production systems has focused on reducing the cost of manufactured products. With the arrival of Lean Manufacturing, this production strategy has evolved to improve the quality of the products produced while reducing their costs. Lean manufacturing involves a full set of different techniques. When combined and matured, they reduce and eliminate waste, in particular. Lean is said to be "the set of "tools" that assist in the identification and steady elimination of waste (Muda), the improvement of quality, and production time and cost reduction". The Japanese terms from Toyota are strongly represented in "Lean Management", or "Lean Manufacturing". To solve the problem of waste, Lean Manufacturing has several "tools" at its disposal. These include continuous process improvement (Kaizen), the "5S system", and mistake-proofing (Poka-Yoke). In this way, it can be seen as taking a very similar approach to other improvement methodologies [START_REF] Cudney | Lean Systems: Applications and Case Studies in Manufacturing[END_REF]. Sawhney et al. [START_REF] Sawhney | En-Lean: a framework to align lean and green manufacturing in the metal cutting supply chain[END_REF] detail the links between lean manufacturing and the environmental movement. The authors state that it is natural for the concept of Lean, its intrinsic value (seen on the flow), and its concentration on the systematic elimination of waste, to be part of the overall strategy of environmental protection.

This concept is termed: Environmental Lean (En-Lean).

Fig. 6. Sustainable manufacturing [START_REF] Jayal | Sustainable Manufacturing: Modeling and Optimization Challenges at the Product, Process and System Levels[END_REF].

The term "Green Manufacturing" was introduced to identify the new manufacturing paradigm that employs various so-called "green" techniques and strategies [START_REF] Pampanelli | The green factory: Creating lean and sustainable manufacturing[END_REF]. These strategies include the creation of more efficient products/systems in many areas such as energy consumption, use of raw materials, recycling of materials, products and so on. Sustainable manufacturing is a new issue that must take into account the three aspects of sustainable development. That is to say, financial, environmental, and social. The life cycle of a product is also integrated into this approach. Sustainable production was presented at the 1992 UNCED conference [START_REF]Agenda 21: Programme of Action for Sustainable Development[END_REF]. There are several definitions of sustainable manufacturing and sustainable production. Alting et al. [START_REF] Alting | The life cycle concept as a basis for sustainable industrial production[END_REF] define sustainable production as the management of the complete life cycle of a product. Quinn et al. [START_REF] Quinn | Sustainable production: a proposed strategy for the work environment[END_REF] define sustainable manufacturing as "production systems that integrate sustainability of the environment, the health, and safety of workers, the community and the economic life measuring the impacts of maintenance on sustainability is proposed (Fig. 7). The next chapter details the evolution of these policies. 

Maintenance generations and maintenance policies

Maintenance policy evolution

Throughout history, maintenance policies have benefitted from technological evolutions. Fig. 8 describes this development.

Fig. 8. Maintenance History (adapted from [START_REF] Vogl | A review of diagnostic and prognostic capabilities and best practices for manufacturing[END_REF] and [START_REF] Alves | Lean engineering for global development[END_REF]).

The production and/or service environment is composed of different kinds of equipment. All of this equipment must be available and reliable at the highest possible level to guarantee services. The Maintenance Manager is responsible for keeping equipment in the state in which it was originally designed and installed. Several categories of maintenance policies are proposed in the literature [START_REF] Erkoyuncu | Perspectives on trading cost and availability for corrective maintenance at the equipment type level[END_REF]. From among these different categories and with the rise of Industry 4.0, Condition-Based Maintenance (CBM) or Predictive Maintenance are examples of these methods.

Sénéchal et al. [START_REF] Sénéchal | A framework to help decision makers to be environmentally aware during the maintenance of cyber physical systems[END_REF] propose a new maintenance policy framework called Sustainable

Condition-Based Maintenance (SCBM). SCBM requires the assessment of the

Remaining Sustainable Life as a key indicator; an adaptation and extension of a generic prognostic business process initially proposed for traditional CBM [START_REF] Selvik | A framework for reliability and risk centered maintenance[END_REF].

SCBM includes an organization adapted to the prognosis of the environmental performance of systems. Zhang et al. [START_REF] Zhang | Optimal Condition-based Opportunistic Maintenance and Spare Parts Provisioning for a Two-unit System using a State Space Partitioning Approach[END_REF] study optimal Condition-Based Opportunistic Maintenance. A state-space partitioning approach, considering system degradation along with spare parts inventory, is proposed to analyze requirements and actions for different maintenance types under the constraints of spare parts (storing and ordering). During the last decades, maintenance theory has radically changed according to new manufacturing paradigms (Fig. 8).

• Levitt [START_REF] Levitt | Lean maintenance[END_REF] defines "Lean Maintenance" as providing maintenance services to customers with the least amount of waste possible. The desired results for this maintenance policy must minimize labor, spare parts, energy resources, and management efforts. The intrinsic characteristic of Lean, associated with maintenance must be associated with other known methods such as 5S, Kanban, Six-Sigma, etc.

• Green Maintenance involves the management of maintenance operations in respect of the environment. It includes all maintenance processes and strategies, i.e.

reactive, preventive, proactive, etc. Green Maintenance also integrates the selection of raw materials and components necessary for equipment maintenance, purchase, storage, and management of used materials, operation of all fluids, and lubricants [START_REF] Franciosi | Maintenance for Sustainability in the Industry 4.0 context: a Scoping Literature Review[END_REF]. In this context, the circular economy therefore finds its full significance in the development of new industrial eco-systems (Fig. 9). Fig. 9. Concept of maintenance-focused circular manufacturing [START_REF] Takata | Maintenance-centered Circular Manufacturing[END_REF].

• Sustainable Maintenance involves, among other things, eliminating breakdowns and other sources of energy waste in particular. This led Franciosi et al. [START_REF] Franciosi | Maintenance for Sustainability in the Industry 4.0 context: a Scoping Literature Review[END_REF] to conduct a scoping literature review to investigate the role of maintenance for sustainable manufacturing. In this paper, a set of specific keywords are used to identify and select peer-reviewed papers that present evidence on the relationship between maintenance and sustainability in the industrial field.

Modelling Maintenance Management policies

The implementation of high-performance modeling to pilot a maintenance policy has become a subject of research and a fundamental issue, which must be integrated into the overall business management process [START_REF] Prasad Mishra | Development of a framework for world-class maintenance systems[END_REF]. The information system is the basic foundation for the proper management of the maintenance policy. To carry out this strategy, use of the BPM (Business Process Management) methodology is proposed. Its objective is to improve the efficiency of the company by managing business processes that are modeled, automated, integrated, monitored, and optimized continuously. By adopting this methodology, it is possible to model a specific maintenance management process, which can connect with the general information system. A flexible and agile management process is then created under these conditions [START_REF] Jeston | Business process Management, Practical Guidelines to Successful Implementations[END_REF]. A review of the literature in recent years shows that certain maintenance applications expressed using Unified Modelling Language already exist [START_REF] López-Campos | Modelling using UML and BPMN the integration of open reliability, maintenance and condition monitoring management systems: an application in an electric transformer system[END_REF], however the majority of specific applications are designed only for monitoring and/or diagnostic purposes.

Approaches and methods for prognostics and health management

The fundamentals of this approach

The goals of Prognostics and Health Management (PHM cycle) is to provide more efficient maintenance. The PHM cycle can be considered as an adaptation of the OSA-CBM architecture [START_REF] Li | A systematic methodology for Prognostic and Health Management system architecture definition[END_REF]. PHM acts on a higher level than CBM focusing on prognostics for managing the health of equipment. CBM has evolved into a discipline -PHM, which links the studies of failure mechanisms (corrosion, fatigue…) and life cycle management [START_REF] Mancuso | Optimal Prognostics and Health Management-driven inspection and maintenance strategies for industrial systems[END_REF]. Its implementation involves data acquisition and processing by various functions (detection, diagnostics, prognostics, decision, and Human Machine Interface). Fig. 10 gives more details. Remaining Useful Life (RUL), provided by prognostic, is a key step for decision support [START_REF] Javed | State of the art and taxonomy of prognostics approaches, trends of prognostics applications and open issues towards maturity at different technology readiness levels[END_REF]. The maintenance manager requires this RUL to be estimated correctly, i.e. to enable planning maintenance action before failure (Fig. 11).

Fig. 11. Useful prognostics could help to plan maintenance.

The three categories of the PHM cycle

Observe

• Data acquisition

The initial step of the PHM cycle concerns data acquisition. It consists in collecting and storing the data from the components/systems. Collected data can be sensory data (vibration, temperature, pressure…) or Event Data (Fig. 12). These data could be provided by a computer-assisted maintenance management environment. and selection processes to extract features (Fig. 13).

Fig. 13. Feature extraction approaches (adapted from [START_REF] Javed | State of the art and taxonomy of prognostics approaches, trends of prognostics applications and open issues towards maturity at different technology readiness levels[END_REF]).

This work calls upon the skills of data scientists and highlights the important and useful functionalities associated with the state of health of the monitored system. A brief description of each approach can be found in Jardine et al. [START_REF] Jardine | A review on machinery diagnostics and prognostics implementing condition-based maintenance[END_REF]. EMD is a self-adaptive signal processing technique that is suitable for non-linear and nonstationary processes [START_REF] Sun | Multiwavelet transform and its applications in mechanical fault diagnosis a review[END_REF]. However, the main weakness of EMD is its high sensitivity to noise.

Analyse

• Condition assessment The detection of future failures is generally based on the quantification of inconsistencies between the actual information and the expected behavior of the system under nominal conditions [START_REF] Vrignat | Improvement indicators for Total Productive Maintenance policy[END_REF]. In Fig. 14, we show a component condition monitoring indicator that increases over time as the component degrades. 

• Diagnostic Approach

Fault diagnosis is a fault detection process which includes several points [START_REF] Jantunen | A summary of methods applied to tool condition monitoring in drilling[END_REF]:

-Detection: Which assembly or sub-assembly, which component is defective?

-Identification: What is the cause of the breakdown or defect?

-Assessment: How serious is the failure?

• Prognostic Approach

Prognosis is defined as the process of predicting the time (RUL) at which a component will no longer perform its mission. It thus makes it possible to better inform all decisions associated with the interview. However, some failures can be intermittent and therefore difficult to predict [START_REF] Vachtsevanos | Intelligent Fault Diagnosis and Prognosis for Engineering Systems[END_REF]. The prognosis should be treated as a process in which the RUL is represented by a probability density function.

Prediction results are used to support proactive decision making [START_REF] Yan | Degradation modeling and remaining useful life prediction for dependent competing failure processes[END_REF].

Act

• Decision support, Decision-making Supporting critical decision-making, health monitoring and life forecasting activities is of great importance for engineering systems. Veldman et al. [START_REF] Veldman | Typology of condition based maintenance[END_REF] note that CBM decision-making can be more effective with an increase in the use of failure data, algorithm optimization, and an improvement in the relationship between controls engineering and maintenance engineering. Decision-making is a process that results in the selection of a logical and/or appropriate maintenance action from several possibilities.

• Human-Machine Interface The human-machine interface is the Graphical User Interface which is used to visualize component health status, execute tasks, analyze data, and control the maintenance operations. Thramboulidis [START_REF] Thramboulidis | A cyber-physical system-based approach for industrial automation systems[END_REF] describe a modeling methodology for a cyber-physical interface and present the five levels of information for a cyber-physical system.

Classification of diagnostic and prognostic approaches

Several classifications are proposed in the literature [START_REF] Hung | Development of a web-servicesbased e-diagnostics framework for semiconductor manufacturing industry[END_REF]. These classifications are influenced by the terminologies and specific contexts of each scientific community.

The purpose of this chapter is to determine the most appropriate method to solve the detection and diagnosis problem. A classification of diagnostic methods into three large families is proposed as in [START_REF] Sutharssan | A review on prognostics and health monitoring of proton exchange membrane fuel cell[END_REF] (Fig. 15). Fig. 15 illustrates the three main prognostic approaches, which are (i) Model-driven, (ii) Data-driven and (iii) Hybrid.

The prognosis of engineering benefits from several studies [START_REF] López-Campos | Modelling using UML and BPMN the integration of open reliability, maintenance and condition monitoring management systems: an application in an electric transformer system[END_REF], [START_REF] Peng | Current status of machine prognostics in condition-based maintenance: a review[END_REF]. Methods described in these surveys aims at reducing failures and significant repair costs.

Fig. 15. Description of general PHM methods (adapted from [START_REF] Sutharssan | A review on prognostics and health monitoring of proton exchange membrane fuel cell[END_REF]). We assume the following definitions used in Fig. 15:

Model-driven approach

The physics-based or model-driven approach to prognosis uses an explicit mathematical representation to formalize the physical understanding of a system [START_REF] Si | Remaining useful life estimation-a review on the statistical data driven approaches[END_REF].

Failure criteria are created using Physics-Of-Failure analysis and historical data information on the failed equipment [START_REF] Mathew | Identification of failure mechanisms to enhance prognostic outcomes[END_REF]. With this strategy, RUL estimates are obtained using knowledge collected on the process (normal operation, degraded operation, faulty operation). A typical model-driven approach is based on the physical failure system/model for which the health monitoring system will provide the required sensor data. Implementation of the physics-based approach has to go through steps including: Failure Modes and Effects Analysis (FMEA), feature extraction, feature reconstruction, and RUL estimation [START_REF] Xiao | Remaining useful life prediction based on intentional noise injection and feature reconstruction[END_REF].

Data-driven approaches

Data-driven approaches are a "black box" type of work. Under these conditions, system models or specific knowledge models are not required [START_REF] Franciosi | Maintenance for Sustainability in the Industry 4.0 context: a Scoping Literature Review[END_REF], [START_REF] Pecht | A prognostics and health management roadmap for information and electronics-rich systems[END_REF]. These approaches are easier to use in various cases [START_REF] Pecht | A prognostics and health management roadmap for information and electronics-rich systems[END_REF], since prior knowledge or experts are not needed. The recorded data of the past are used to learn the behaviors of the system and then, to carry out its diagnosis and prognosis. The use of data-driven techniques is generally based on the assumption that the statistical characteristics of system performance are not modified until the failure occurs [START_REF] Pecht | A prognostics and health management roadmap for information and electronics-rich systems[END_REF]. However, there are techniques and procedures that can be used to overcome this disadvantage: Accelerated Life Test [START_REF] Hamada | Bayesian Analysis of Step-Stress Accelerated Life Tests and Its Use in Planning[END_REF], Online Learning (Semi-supervised/Unsupervised learning) [START_REF] Ocak | Online tracking of bearing wear using wavelet packet decomposition and probabilistic modeling: A method for bearing prognostics[END_REF]. Conventional data-driven methods include simple projection models, such as autoregressive models [START_REF] Thanagasundram | A fault detection tool using analysis from an autoregressive model pole trajectory[END_REF]. According to the literature, several studies have been carried out to categorize data-driven approaches. Considering different authors, keywords used to class approaches could be: machine learning and statistical approaches [START_REF] Ramasso | Performance Benchmarking and Analysis of Prognostic Methods for CMAPSS Datasets[END_REF], Artificial Intelligence techniques and statistical techniques [START_REF] Peng | Current status of machine prognostics in condition-based maintenance: a review[END_REF] or conventional numerical methods and machine learning methods [START_REF] Kissell | Algorithmic Trading Methods: Applications Using Advanced Statistics, Optimization, and Machine Learning Techniques[END_REF].

We classify the data-driven approaches into two categories: Machine learning approaches and Statistical learning approaches (Fig. 15).

• Machine learning approaches

In the scope of PHM, machine learning is a growing area of research [START_REF] Lin | Deep diagnostics and prognostics: An integrated hierarchical learning framework in PHM applications[END_REF]. Its learning phase is based on collections of examples linked by complex relationships which are difficult to describe beforehand. Learning can be achieved using different strategies and depends on the kind of data available. Supervised learning can be used when data is labeled, and the desired output is known. Unsupervised learning must be used when the learning database is not labelled. Semi-supervised learning could be used when labeled data is incomplete [START_REF] Côme | Learning from partially supervised data using mixture models and belief functions[END_REF]. Machine learning approaches can be merged, such as: Connectionist methods (Artificial Neural Networks (ANN) and the combination of ANN and Fuzzy rules [START_REF] Li | Remaining useful life estimation in prognostics using deep convolution neural networks[END_REF], [START_REF] Soualhi | Prognosis of bearing failures using hidden Markov models and the adaptive neuro-fuzzy inference system[END_REF]), Bayesian methods (dynamic Bayesian approaches [START_REF] Halabi | Using dynamic Bayesian networks to model technical risk management efficiency[END_REF], Hidden Markov Models (HMM) [START_REF] Soleimani | Integration of Hidden Markov Modelling and Bayesian Network for Fault Detection and Prediction of Complex Engineered Systems[END_REF], Hidden Semi-Markov Model [START_REF] Zhu | Online tool wear monitoring via hidden semi-Markov model with dependent durations[END_REF] and state estimation approaches, e.g. Kalman Filter, Particle

Filter [START_REF] Wei | A dynamic particle filter-support vector regression method for reliability prediction[END_REF]) and Instance Based Learning methods (K-nearest neighbor algorithm [START_REF] Challagulla | Empirical assessment of machine learning based software defect prediction techniques[END_REF] and case-based reasoning [START_REF] Sikorska | Prognostic modelling options for remaining useful life estimation by industry[END_REF]).

• Statistical learning approaches Considered simple to conduct, statistical learning approaches estimate the RUL by adapting the probabilistic model to the data collected. They transpose the curve adjusted to the failure criteria. Like machine learning approaches, statistical methods require sufficient CM data to learn the degradation behavior. Si et al. [START_REF] Si | Remaining useful life estimation-a review on the statistical data driven approaches[END_REF] propose a review of statistical approaches, where the taxonomy is mainly based on the nature of the CM data. We can retain regression-based methods, stochastic filtering or state estimation methods, HMM and variants, empirical models. Other methods in this category can be classical methods for predicting time series such as, the autoregressive moving average and variants or proportional hazards models [START_REF] Zheng | Reliability analysis of products based on proportional hazard model with degradation trend and environmental factor[END_REF],

which are also classical methods for predicting time series in this category.

Hybrid Model approach

A hybrid approach is a combination of physics-based and data-driven prognostic approaches. This approach aims to use the advantages of both categories to obtain more accurate RUL estimates. This approach involves the use of a precise mathematical model of the system for the physics-based failure approach, and enough historical data and knowledge of typical operational performance data for the datadriven approach. This approach consists in overcoming the limits and drawbacks of each model to estimate the RUL [START_REF] Kang | Prognostics and health management of electronics: fundamentals, machine learning, and internet of things[END_REF]. A summary of these approaches is proposed in Fig. 16. Approaches in this category are twofold. On the one hand, a Data-driven model is used to estimate the state of the internal system (i.e. crack growth rate). On the other hand, the estimated state of the system health can be used to extrapolate the future state of the system to predict the RUL. Liu et al. [START_REF] Liu | A hybrid LSSVR/HMM-based prognostic approach[END_REF] present an approach combining Least Squares Support Vector Regression with HMM to provide an estimate of the remaining lifespan. Tran et al. [START_REF] Tran | Machine performance degradation assessment and remaining useful life prediction using proportional hazard model and support vector machine[END_REF] propose a three-stage RUL prediction approach integrating ARMA, proportional hazard model, and Support Vector Machine (SVM). Several studies use the Neural Network approach as part of the method. For example, Zhao et al. [START_REF] Zhao | A recurrent neural network approach for remaining useful life prediction utilizing a novel trend features construction method[END_REF] present a RUL prediction method using complete empirical mode decomposition for trend feature construction and long short-term memory recurrent neural network for prediction. Baptista et al. [START_REF] Baptista | Remaining useful life estimation in aeronautics: Combining data-driven and Kalman filtering[END_REF] present the RUL estimation method in aeronautics by combining data-driven and Kalman filtering.

• H-A4 -Physics-Based Model and Physics of Failure with Data-driven Model:

There is no universal optimal model and it is sometimes intuitive to use a hybrid approach that combines Data-driven models and Physics-based models to improve prediction performance. Each model has its specific advantages and disadvantages (Fig. 17). Cadini et al. [START_REF] Cadini | State-of-life prognosis and diagnosis of lithium-ion batteries by data-driven particle filter[END_REF] propose an approach to predict remaining useful life that combines a data-driven approach based on multilayer perceptron particle filter for diagnosis and prognosis and multi-layer perceptron neural networks. While using a physics-based approach (Paris' law fracture mechanics model [START_REF] Cohen | Probabilistic approach to growth and detection of a truncated distribution of initial crack lengths based on Paris' law[END_REF]) for prediction, historical data were employed to identify unacceptable crack forecasts made by a Data-driven approach.

Chen et al. [START_REF] Chen | Machine remaining useful life prediction: An integrated adaptive neuro-fuzzy and high-order particle filtering approach[END_REF] replace the (usually Physics-based Model) system degradation model in a prognostics approach with an Adaptive Neuro-Fuzzy Inference System trained with historical data to model the degradation process. Liu et al. [START_REF] Liu | A data-model-fusion prognostic framework for dynamic system state forecasting[END_REF] integrate Data-driven Model prognostics with a Physics-based Model particle filter for system state prediction. To solve the problem that concerns the uncertainty of system degradation Chang et al [START_REF] Chang | A hybrid prognostic method for system degradation based on particle filter and relevance vector machine[END_REF] combine a particle filter and relevance vector machine.

• H-A5 -Physics-Based Model and Physics of Failure with Experience-Based Model and Data-driven Model: This class of hybrid models can be difficult to implement but these models provide precise predictions when the Physics-Based Model is known and well detailed (analytical descriptions, operating conditions, and failure modes). Bartram et al. [92] present a general framework for diagnostics and prognostics incorporating heterogeneous information by using a Dynamic Bayesian Network (DBN). The authors show that the DBN is suitable for probabilistic prognosis because of its ability to integrate information in a variety of formats from various sources and give a probabilistic representation of the system state. Xu et al. [START_REF] Xu | Health management based on fusion prognostics for avionics systems[END_REF] present a hybrid model built upon an optimal linear combination of RUL estimates of unique prognostic algorithms using absolute value and prediction error as an index of prognostic accuracy. The authors detail the work that led to the fusion of unique prognostic algorithms. This merger includes knowledge-based algorithms, data-based algorithms, and model-based algorithms. The hybrid model incorporates FMEA, an ARMA model, SVM and fuzzy logic combined with NN. Liao et al. [START_REF] Liao | Review of hybrid prognostics approaches for remaining useful life prediction of engineered systems, and an application to battery life prediction[END_REF] focus on the development of hybrid prognostic approaches, trying to optimize the advantages of combining prognostic models in the different categories mentioned above for RUL prediction.

Strengths and weaknesses of approaches

The previous section provides a complete overview of the different model classes.

On this basis, Fig. 17 

Discussion and further research

This paper proposes a survey on sustainable manufacturing, maintenance policies, prognostics, and health management. Considering the life cycle of a product, sustainable manufacturing, respect for primary resources are now essential obligations. As it was related in chapters 3 and 4, maintenance strategies have evolved during decades to consider environmental preservation by using new technologies like the Internet of Things. Managers have to consider that maintenance does not only relate to the task of repairing machinery and equipment but also to actions aimed at more efficient management of resources with respect for the safety and health of employees. In chapter 5, we show that within the prognosis and health management system (PHM), the prognosis is the key task for the future capabilities of the company. A precise estimate of the RUL then makes it possible to make decisions in time (i.e., modification of mission profiles, reconfiguration of online operating conditions, rescheduling of maintenance, etc.). Nevertheless, and due to dynamic environmental conditions, the deterioration process of equipment is affected by various factors, such as engineering deviations, failure modes, and environmental/operating conditions. This can affect the RUL estimate and can lead to poor decisions. So, a prognosis model must be checked and validated to ensure its robustness and its applicability. Under these conditions, we proposed an in-depth investigation on the state of the art of PHM. In addition, the key components of a prognosis algorithm are discussed in detail, i.e., data sources and domain-specific entities, such as modeling. A classification of prognostic approaches is presented and the key factors for selecting it are also identified. Prediction methodologies are widely underdeveloped, and while the potential benefits of such methods are immense, many industrial users rely on products and equipment that support only limited performance monitoring and prognostic systems. In this respect, circular manufacturing across multiple industry sectors stands to benefit enormously from the development of technologies and methodologies that allow circular systems to be integrated with advanced PHM capabilities. To outline the future research directions, we conclude with the key related challenges and associated opportunities to researchers.

1. The future PHM challenge for sustainable manufacturing: this challenge could propose more global studies in the "sustainable manufacturing" topic. Maintenance policies must be adapted to the paradigms of "sustainable manufacturing", "repair and direct reuse in the circular economy", paradigms of "green manufacturing". In other words, tools and methods used by maintenance may be able to maintain the regenerative potential of a component or system, and thus create new jobs and experts [START_REF] Nasr | Redefining Value -The Manufacturing Revolution -Remanufacturing, Refurbishment, Repair and direct reuse in the circular economy[END_REF].

2. In the field of industrial data, data acquisition and analysis, the improvement of smart sensors and IoT technologies have reduced the industrial data scarcity issue.

Nevertheless, more data means more noise and uncertainty associated with the operating environment, various data sources, and data transmission that need to be processed. The constraints are substantial: Big data, incomplete data, unlabeled data, imbalanced classes, and unseen classes get more critical and severe. "Real-world data" come from various sensors and are mostly non-structured, multi-modal, and heterogeneous. This situation makes the model much more complex. Leverage heterogeneous information could be a new field of study for researchers. Machine Learning algorithms are identified as "data-voracious". Their performance depends upon the availability of abundant data, which is rarely feasible in most cases. used to generate new data sequences from the original time-series data [START_REF] Li | Intelligent rotating machinery fault diagnosis based on deep learning using data augmentation[END_REF].

Advanced techniques such as generative algorithms can be used to provide new data similar to real data. However, new generative models are required to create valid time-series data in time and frequency domains (temporal dependency of the data).

Transfer learning can be a research direction. That helps to deal with a small amount of training data by transferring knowledge from one domain to another domain.

Data preprocessing and visualization play critical roles. The quality of a model is highly sensitive to the quality of the training data. Pre-processing ranges from simple normalization, standardization, and data segmentation to more complex tasks such as labelling, dealing with incomplete data, outliers, and missing values. For example, Moradi et al. [START_REF] Moradi | Modernizing risk assessment: A systematic 945 integration of PRA and PHM techniques[END_REF] propose a deep learning strategy modernizing risk assessment for complex systems. 
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 1 Fig. 1. Environmental strategies for product life cycle.
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 4 Fig. 4. The framework of intelligent predictive maintenance systems in Industry 4.0.

Fig. 5 .

 5 Fig. 5. Network visualization for related keywords in the review content according to co-occurrence terms. The final map emphasizes three clusters (red, green, and blue, Fig. 5). The red cluster focus attention on the company and its management policies. The green cluster brings together the different work areas within the framework of the PHM. The blue cluster underlines the emergence of the modernization of the production tool and the digital transformation of industrial companies, i.e. industry 4.0 through these pillars such as: exchange and storage of data (cloud computing, big data ...). It shows

  of a particular enterprise". Recently, Holgado et al.[START_REF] Holgado | Exploring the impacts and contributions of maintenance function for sustainable manufacturing[END_REF] have explored the impacts and contributions of maintenance function for sustainable manufacturing. In this work, different sectors of activity are studied: automotive, chemical, electric & electronic, food & beverage, metal, textile & clothing. Franciosi et al. [10] have helped to analyse the relationship between maintenance and sustainability issues, the maintenance impacts on sustainability of manufacturing industries and, finally, to identify the indicators used for assessing such results. An original framework for
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 7 Fig. 7. Conceptual framework for measuring maintenance impacts on sustainability ([10]).
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 10 Fig. 10. Prognostics and Health Management cycle (adapted from [43]).
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 12 Fig. 12. Diagnostic vs. Prognostic.

  This step benefits from signal processing techniques. These techniques for extracting this information are classified in the time-domain, frequency-domain, and time-frequency-based technical time in the literature,[START_REF] Jardine | A review on machinery diagnostics and prognostics implementing condition-based maintenance[END_REF]. Features extracted from time-domain techniques are suitable for fault detection. The most widely applied technique in this category is the Fast Fourier Transform. Other methods that belong to this category are cepstrum, spectral analysis, higher-order spectra, and envelope analysis[START_REF] Jardine | A review on machinery diagnostics and prognostics implementing condition-based maintenance[END_REF]. Time-frequency techniques aim at investigating signals in both time and frequency domains. Some of the popular time-frequency techniques proposed in the literature are Short Time Fourier Transform, Wigner-Ville Distribution, Wavelet Transform, Empirical Mode Decomposition (EMD), Hilbert-Huang Transform based on EMD and Hilbert spectral analysis, spectral kurtosis, and Cyclostationary analysis.

Fig. 14 .

 14 Fig. 14. Degradation level estimation based on 4 states [49].
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 16 Fig. 16. Hybrid prognostics models.

  summarizes the respective advantages and disadvantages of the Data-driven Model, Model-driven and Hybrid Model. The reader will be able to position their future work according to the different elements available.

Fig. 17 .

 17 Fig. 17. Strengths and weaknesses.

  Several approaches have been suggested to tackle the limitations imposed by the small size of datasets. Data augmentation techniques have shown great interest in enhancing the size of training datasets by generating synthetic data. Basic augmentation techniques such as window cropping, wrapping have been widely

Finally, in

  2020, the French National Center for Scientific Research in the Modeling, Analysis and Control of Dynamic Systems Research Group has just launched an action on the topic of "Obsolescence". This topic brings together several subjects: Eco-design, Circular economy, Eco-system, Improvement of maintenance policies, Sustainable decision, and resilient design. This research group is currently made up of 27 universities and research laboratories and 5 manufacturers. The drafting of a white paper should be completed in 2022. This work will provide recommendations on this subject.
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