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Abstract 

Among sustainability consideration, energy is today the key for economic growth in industrial 

systems. Energy resources are however limited and becomes more and more expensive. The 

energy optimization of manufacturing systems must therefore be considered as a major 

challenge to be compliant with environmental impact and management of energy resources. 

This should be reflected primarily by using energy efficiency (EE) as main key lever to deploy 

sustainability to plants, i.e. reduce the amount of energy required to provide products and 

services.  

With regards to this EE context, the aim of this thesis is to investigate the problem of 

considering energy efficiency and its prediction as a new indicator in maintenance decision-

making. In that way, we develop first a concept of energy efficiency, called EEI (energy 

efficiency indicator), applicable to the different levels of abstraction of an industrial system. 

Then, we propose a generic formulation to evaluate the EEI (and its evolution) taking into 

account static and dynamic factors of influence. The temporal evolution of this indicator with 

respect to the degradation of the system is addressed in a predictive maintenance objective. It 

leads to found an energy efficiency performance concept called REEL (remaining energy-

efficient lifetime), representing the residual energy lifetime. To predict the potential evolution 

of the IEE to calculate REEL, a generic approach based on existing predictive approaches is 

also developed. Next, we investigate the use of EE in CBM maintenance decision-making. 

Finally, all these contributions are validated on the TELMA platform. 
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Résumé  
Aujourd'hui, la maîtrise de l'énergie est la question prépondérante pour la croissance 

économique des entreprises industrielles. En effet, l’énergie est une ressource qui se raréfie et 

qui devient de plus en plus coûteuse. L’optimisation énergétique est donc un défi majeur que 

doit relever les entreprises et principalement celles manufacturières pour supporter les 

exigences du développement durable. Cette optimisation est à construire prioritairement par 

une amélioration de l’efficacité énergétique (EE), c'est-à-dire réduire la quantité d'énergie 

requise pour produire des produits et des services.  

En regard de ce défi énergétique, l’objectif de cette thèse est d’investiguer la considération de 

l’efficacité énergétique et de sa prévision comme un nouvel indicateur  pertinent dans la prise 

de décision en maintenance. En ce sens, nous proposons  tout d'abord un concept de l’efficacité 

énergétique, appelé EEI (EE indicator), applicable aux différents niveaux d’abstraction d’un 

système industriel. Nous définissons ensuite une formulation générique permettant d’évaluer 

l'EEI (et son évolution) en prenant en compte les facteurs d’influence statiques et dynamiques. 

Cela nous amène à fonder un concept de  performance d’efficacité énergétique, appelé REEL 

(Remaining Energy-Efficient Lifetime), représentant la durée de vie énergétique résiduelle. 

Pour prédire l’évolution potentielle de l’EEI qui permettra de calculer la REEL, une approche 

générique basée sur des approches de pronostics existantes est également développée. Ensuite, 

nous investiguons l'utilisation d’EE dans la prise de décision en maintenance conditionnelle 

(Condition-Based Maintenance, CBM). Enfin,  toutes ces contributions sont validées sur la 

plateforme laboratoire TELMA.  
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General Introduction 

Nowadays, “Energy” is the key lever for economic growth. Indeed, industrial companies with 

complex manufacturing/producing/servicing activities may demand a huge amount of energy 

consumption. Nevertheless, energy resources are now limited and become more and more costly. 

Therefore, energy optimization of industrial plants (manufacturing or assembling lines, auxiliary 

system, etc.) is a major issue to their economic competitiveness, and their environmental impact. 

It is always true because “advanced” industrial system such as those advocated by Industry 4.0 

or Factory of the Future initiatives are now organized from different abstraction levels, each one 

composed of numerous components (e.g. software, hardware, humans …) interacting with the 

others to achieve the mission. It means that most of industrial systems, especially advanced 

manufacturing systems, are very complex and structured on multiple-layers in which the energy 

is very difficult to be mastered and/or optimized. This energy control is one factor to support 

sustainability and can be reflected primarily by considering Energy Efficiency (EE) as a Key 

Performance Indicator (KPI) to pilot plants, i.e. reduce the amount of energy required to provide 

products and services. This consideration is well in phase with European challenge because 

Europe has set ambitious goals to promote the development of new methodologies, new 

technologies or disruptive technologies improving the Energy Efficiency and reducing energy 

costs up to 20% in the most energy-intensive industrial sectors (manufacture of glass, cement, 

steel, refining...)[1].  

This challenge has to support the way from controlling the industrial systems not only with 

regards to conventional performances or services (e.g. reliability, productivity) but also to 

emerging ones such as those representative of sustainability requirements [2]–[4]. Indeed, by 

integrating new sustainability KPIs, such as EE, in the decision-making process of industrial 

systems, the performance should be satisfied and optimized jointly with regards to the three 

fundamental pillars: Economy, Environment and Society. In manufacturing area, these pillars 

led to promote “Green Manufacturing”, “Green Production” frames. Nevertheless, EE is not 

really associated today with decision-making in industry. Several reasons can explain this fact. 

Current works on EE are focusing mainly on isolated EE properties (e.g. energy consumption, 

energy saving) without clearly define its concept as a whole and how to measure really Energy 

Efficiency Indicators (EEI). Indeed, even if some methods to assess EEI exist, they are 
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addressing principally EEI values at the component level (operational level) without considering 

it (for example by aggregation) at the system one which can be better for performance 

optimization (strategic level) [5], [6]. Moreover, this assessment is not easy to do because it 

should take into account the dynamics of the system (age, degradation, different loading profiles, 

etc.) impacting the EEI value and leading to track its evolution in the future to clearly define the 

Energy Efficiency Performance (EEP). The EE Performance is a performance materializing if 

the industrial system is efficient or not (it is more than a value; it is the value in time). The 

formulation of these EEI and EEP items is not evident [7] especially with regards to dynamic 

context (dynamics of the systems) for predicting the EE evolution in the same way as it was 

done through the use of conventional prognostics approaches to predict the Remaining Useful 

Life (RUL) of components/systems [8]–[11]. Thus, one important challenge in link to these 

required formulations is “How to define and evaluate/predict EEI/EEP at the different 

abstraction levels of an industrial (manufacturing) system by considering the dynamics of this 

system?” (Challenge n°1).  

The results of these formalizations can be then integrated in the decision making processes 

of the industrial system to master the EEI/EEP as close as possible on its nominal value for 

controlling Environmental Pillar. More precisely this mastering requirement can be supported 

by the maintenance decision-making process as advocated the Prognostics and Health 

Management (PHM) community [12]–[14]. Indeed, an efficient maintenance strategy could not 

only avoid the failure of the system but also allow to anticipate the growing up of global energy 

consumption. Nevertheless, the current maintenance decisions are mainly based on conventional 

indicators such as reliability, availability, direct cost, etc. [15] and only just some investigations 

have been realized to consider the relationships between EEI and maintenance strategy [16], 

[17]. This relationship opens up a new path to define/adapt the “condition” to trigger the 

maintenance according to sustainability requirements and the evolution of their values (to 

promote originality towards EEP). In that way, specific condition-based maintenance strategy as 

CBM should be adapted to take into account EE-centered condition. Thus a second important 

challenge with regards to this required adaptation is “How to use EE into CBM strategies?” 

(Challenge n°2).  

In summary by referencing to the two challenges previously underlined, the core idea, we 

defend in this thesis, is addressing the necessary evolution of CBM decision-making process in 

industry by integrating EEI/EEP to support sustainability requirements. This idea is built on 2 
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major scientific directions. The first one is related to the foundation of the concept of EEI and 

its evaluation/prediction (EEP) with regards to the industrial system operation. It is structured 

on several scientific issues as Definition and formalization of Energy Efficiency Indicator - EEI 

usable in decision-making process of industrial (manufacturing) system (Scientific issue n°1); 

Definition and formulation of energy efficiency performance (EEP) to estimate the residual life 

energy of a component/function/system (Scientific issue n°2); Development of generic approach 

to support prognostics for predicting the evaluation of EEI at different levels of manufacturing 

system (Scientific issue n°3). The second direction concerns the integration principle of EE in 

maintenance decision-making and the control of the performance obtained. It is referred to 

another scientific issue which is Foundation of EE-based CBM (Scientific issue n°4). 

These scientific issues have been attacked during the Ph.D. period to provide 5 main 

contributions: (1) Foundation of a relevant EEI concept at component/function/system level of 

a manufacturing system; (2) Proposal of a generic formulation to be able to calculate EEI (and 

its evolution) by taking into account static and dynamic factors of the system at each abstraction 

level; (3) Proposal of an EEP concept, namely REEL (Remaining Energy-Efficient Lifetime) 

representative, from the EEI evolution, of the remaining time before a system loses its energy 

properties under a limit threshold; (4) Development of an appropriate generic approach based on 

different logical steps needed to concretize the EEI generic formulation to a specific industrial 

case; (5) Investigation on the use of EE in CBM maintenance decision-making, thereby 

evaluating the effectiveness of the EE-based CBM policy to offer inputs to optimization. 

In regard of these main contributions, the thesis is structured into six chapters as follows: 

Chapter 1 provides an overview about the consideration of sustainability in decision-making 

process mainly in maintenance phase of industrial (manufacturing) system [18]–[21]. So, it is 

started with positioning sustainability in general, then by underlining its three main pillars and 

the key performance indicators of each pillar. Moreover, the use of these KPIs in the industrial 

area, mainly manufacturing one, is investigated. It leads to focus on EE items such as EEI and 

EEP, and mainly their considerations in maintenance decision-making process. This 

consideration aims at isolating the two main industrial challenges related to the interest to clearly 

formalize EEI/EEP at different levels of a manufacturing system, and the integration of EE into 

CBM.  
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Chapter 2 aims at identifying the scientific issues related to each of these two challenges. So, 

the chapter 2 is focusing first on the definition, measurement of EE but also its prediction to be 

usable in decision-making and especially for CBM maintenance decision-making [22], [23]. It 

leads to underline issue related to the development of a consistent and pertinent EEI concepts at 

multi-levels of an industrial system, but also the generic formulation of EEI taking into account 

system dynamics (in terms of generic impact factors) (Scientific issue n°1). This formulation 

should integrate time-dependent conditions to propose all the set of variables usable in the 

prediction of the EEI evolution. This EEI evolution leads to investigate EEP assessment in terms 

of the residual life energy (Scientific issue n°2). Then, the generic formulations must be 

concretized, detailed … according to a specific manufacturing system to allow a concrete EEI 

calculus (at time t), but also its evolution tracking. This concretization, detail … phase has to be 

developed from a generic approach (Scientific issue n°3) integrating all the steps from the 

specific impact factors selection until the EEP assessment.  

Finally, to keep the EEI/EEP as closed as possible to their optimal values space, evolution of 

maintenance strategy has to be investigated to integrate these indicators as a condition to trigger 

the maintenance as advocated more conventionally by CBM (Scientific issue n°4). These 4 

scientific issues are addressed in the next chapters to present the thesis contributions. 

More precisely, chapter 3 aims at describing contributions related to the two first scientific 

issues. In that way, the first contribution concerns the foundation of an appropriate EEI concept 

for manufacturing system (specific class of industrial system) and usable at different system 

abstraction levels. It comprises the definition of EEI based on two mains aspects of EE 

properties: Energy consumption and physical useful output. These two properties represent 

variables to be mastered in the decision making-process. In addition, generic EEI formulation, 

usable at each level, is proposed. This formulation is described as the ratio between two parts in 

which time-dependent factors (called static and dynamic factors) are considered. The first part 

concerns the different types of energy resources consumed (as inputs). The second part concerns 

manufactured products provided (as outputs). Formulation can serve latter to calculate EEI value 

and also EEI evolution (due to the time-dependent factors).  

Finally, with regards to the second scientific issue, it is proposed a novel concept named 

REEL (Remaining Energy-Efficient Lifetime) based on EEI evolution and representing the 

duration from the current time (in efficiency zone) until the predicted time when the 

manufacturing system is going to work in non-efficiency zone. Then REEL is considered 
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equivalent to EEP to present an important EE properties of manufacturing system in the context 

of this thesis. 

Chapter 4 aims at tackling the scientific issue n°3 related to an approach allowing to 

implement different steps required to use the generic formulation for EEI calculation on a 

specific manufacturing system and then to assess REEL.  

So, it is proposed a generic approach structured on 3 main steps. In the first step, it is planned 

to clearly define, at each level of the specific manufacturing system, the energy consumption (as 

input) and the useful manufactured product (as output). It is also determined, for each level, the 

impact factors (static and dynamic) which have to be taken into account. Then, it is sought 

existing models integrating the identified factors and to be used for each part of the formulation 

(energy consumption, output). If adequate model for energy consumption and/or output is not 

available, model(s) should be created. Finally, from all the models, specific formulations (EEI 

models) are developed at each level to calculate the corresponding EEI value (at t time).  

 The second step of the procedure is dedicated to select and to implement the prognostic 

method the most appropriate for predicting the evolution of each impact factors. So, the whole 

of these evolutions obtained at the end of this step, are re-integrated, at the third step, in the 

specific formulations (expressed in step 1) to evaluate, now, the EEI value at any time in the 

future (EEI evolution). From this EEI evolution, it is assessed the remaining time before the 

system lost its energy properties under a limit threshold (REEL calculus).  

Chapter 5 aims at validating the contributions proposed in chapter 3 and 4 by applying them 

on TELMA platform. TELMA is a platform materialising a physical process dedicated to 

unwinding metal strip. This process is similar to concrete industrial applications such as sheet 

metal cutting and paper bobbin cutting. The physical process is divided into four parts: bobbin 

changing, strip accumulation, punching–cutting and advance system. Each part consists of 

several components such as pneumatic cylinder, chuck, marking system, motor, etc. This first 

step of validation phase is mainly focused on the two independent motors at component level 

and consuming only electrical energy. Thus, EEI models issued of the implementation of the 

first step of the generic approach (chapter 4) are build from field data acquired on the motors 

(one EEI model per motor) completed with data related to the function achieved by these motors 

(one EEI model for the function). These models integrate impact factors such as bearing 

deterioration (dynamic factor) and mission profile (static factor). So data-driven based 
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prognostics is selected for predicting the evolution of bearing deterioration, and mission profile 

is fixed in advance by considering production plan. These factors evolutions allow to calculate 

the EEI evolution for each motor and the considered function leading to assess the REEL of 

these items. 

Chapter 6 is finally focusing on scientific issue n° 4 by investigating the interest of integrating 

EE into CBM decision-making. The investigation is focusing mainly to propose a new EE-based 

CBM model by using EEI value as a condition (and not yet the EEP value). Thus the main idea 

of this EEI-based CBM is to inspect, at specific time, the energy consumption, and output values 

in the way to calculate EEI and to trigger or not actions. Indeed, a preventive maintenance action 

is triggered if the EEI value is higher than a preventive threshold. Both inspection time interval 

and preventive thresholds are decision parameters to be optimized. Thus, corresponding with the 

EEI value of each individual component and the EEI value of a group of component (at 

function/system level), two main EEI-based CBM strategies are proposed (called individual 

maintenance and grouping maintenance). In the way to compare the benefits of this new EEI-

based CBM strategy with conventional CBM one, an extension of an existing cost-model of 

CBM has been done by taking into account not only the maintenance costs but also the energy 

cost. The extended model leads to consider energy directly in the maintenance optimization. The 

comparison step is developed on the case study of TELMA platform allowing to assess the 

impact of EE on existing CBM strategies and to conclude on the interests of a new EE-based 

CBM practice in terms of cost optimization. 

Finally, a general conclusion summarizes the overall research results detailed in this thesis, 

and it is discussed some future works based on extension of those done but also on future 

perspectives.  
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Chapter 1 
An overview about energy efficiency in “green 
manufacturing” for maintenance decision-
making  

1.1. Introduction  

The aims of this chapter is to provide an overview about the sustainability consideration in 

maintenance in the way to place the global context of the thesis. First, sustainability is introduced 

in general by positioning the three pillars concept and then the attached KPIs to it. In addition, 

sustainability consideration in industrial areas with a specific focus on manufacturing sector is 

investigated. It allows to isolate energy efficiency (EE) and its derivate EEI/EEP items as 

emergent KPIs to achieve both sustainability and optimized performances of maintenance. 

Moreover, the assessment of EEI/EEP in the case of manufacturing system and their study in 

maintenance decision-making process are surveyed. It leads to conduct an investigation into the 

formalization of the EEI/EEP applicable at different levels of manufacturing system, and then 

the interest to use EE as the “condition” for maintenance decision-making, mainly CBM one. 

All the previous considerations enable to underline in this chapter, the two mains industrial 

challenges on which the thesis is based. 

1.2. From sustainability in general… 

Recently, sustainability or sustainable are mentioned in a huge amount of studies and seen as 

a main key factor for success in the competitive business environment. The interest in 

sustainability has broadened according to people and other stakeholders concern. It is recognized 

as an important concept for survival in the competitive business environment [24]–[27]. 

However, there are different concepts and usages of sustainability at different domains, and it 

cannot be defined by a single universal term. Indeed, various studies mentioned “sustainability” 

under different aspects such as: “Sustainability development that meets the needs of present 

without compromising the ability of future generation to meet their own needs” (report of World 

Commission on Environment and Development in 1987 [28]); “Sustainability performance can 

be defined as the performance of a company in all dimensions and for all drivers of corporate 

sustainability”[29] or “can be presented by the ability to reduce the waste, cut-down the energy 
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footprint”. Sustainability related to improving overall sustainability include site planning, 

energy efficiency, water efficiency, indoor air quality, materials and resources [30]... Bretzke 

and Barkawi [31] defined “sustainability means that prevention takes precedence over 

containment and reparation”. In general, most of these definitions consider economy 

development, human/society and environmental protection as three main dimensions involved 

in the sustainability. They are often described and referred in the Triple Bottom Line (TBL) as 

shown in Figure 1[32] and selected as sustainability definition frame for this thesis.  

 

Figure 1. The three pillars of sustainability 

With regards to this TBL, sustainability practitioners are becoming more ambitious in their 

sustainability efforts and are working together to share best practices to ensure the greatest 

environmental, economic and social impact. However, an important problem of the application 

of sustainability for one particular system is that the evaluation of the sustainability performances 

of industrial systems is extremely complex. It is difficult to measure or estimate precisely the 

sustainability [31]. Then, in order to assess the sustainability of one system, the use of 

sustainability indicators as Key Performance Indicators (KPIs) is necessary.  

The KPIs should covered all the aspects of the TPL and is useful for monitoring changes in 

system characteristics relevant to the continuation of human and environmental well-being [33]. 

The KPI is selected in link to the domain concerned and the motivation of stakeholder. A single 

pillar indicator can explore one aspect such as “Economy”- sustainability indicator is related to 

benefit, cost saving, …; “environment”-sustainability indicator is related to planet, natural 

resources use, environment management, pollution prevention (water and air quality, energy 
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conservation and land use); “Society”- sustainability indicator deals with people community, 

education, equity, social resources, health, quality of life. Moreover, sustainability indicator, not 

only in a single manner but in a more complex one, can be considered as a quantitative 

aggregation of many indicators. It can provide a coherent, multidimensional view of a system 

[2]. For example, energy intensity is seen as one of the important indicators for assessing two 

pillars of sustainability (economy and environment) [34]. These aggregated indicators are very 

useful for aiding stakeholders to identify the decision to be taken while supporting specific 

sustainability interests [4]. Example of such indicators at the system scale is given in Table 1 

[33]. 

Table 1. Proposed KPIs of sustainability for different classified scales and levels of system  

 

These previous KPIs mentioned can be considered as general. Most of the time they should 

be particularized to be well adapted to the domain, sector for which they have to be used (ex. 

Finance, business, transport …). For example, in transport area, annual emissions of CO2, 

passenger load factor, etc. can be selected as main KPIs of sustainability [35]. More precisely, 

in industry (thesis context), companies are becoming more and more aware of the environmental 

and social impact of their actions. Thus, a lot of focused KPIs can be addressed such as use of 

recycled material, investments in environmental, life cycle footprint, CO2 emissions. This is 

truer for the manufacturing domain considered as an industrial sector the most concerned with 
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the TBL requirements [18], [24], [36]. Effectively, sustainability in manufacturing is a very 

important challenge and especially for Europe [37], [38]. It is one reason of the focus of this 

thesis in manufacturing.  

1.3. To sustainability in manufacturing industry: Green manufacturing 

Manufacturing system can be defined as the arrangement and operation of machines, 

equipment, people, material, people, control and information to produce usable products as 

required by customers. Manufacturing system can consume different forms of energy input (e.g. 

electricity, gas) to manufacture several classes of products (e.g. phone, laptop). Manufacturing 

accounts for more than 30% of the global total energy consumption [37], [38], and it takes a 

huge accounts for 16% of Europe’s gross domestic product (GDP) and remains a key driver for 

innovation, productivity, growth and job creation. Manufacturing industry employs more than 

32 million people in the EU and contributes about 75% of EU exports. However, manufacturing 

enterprises are facing with a lot of advanced requirements from environment (new energy 

resources, climate change, nature disaster), economic (e.g. short product life cycle, new 

technologies) or social challenges (e.g. high living-standard, training skilled labor).  

These requirements are supported by various drivers for sustainability in manufacturing such 

as customer requirements with environmental regulation, energy crisis or rising trend of energy 

and material prices. Strategies for Sustainable Industrial Development provided by World 

Commission on Environment and Development [28] mentioned that “Resource and 

environmental considerations must be integrated into the industrial planning and decision-

making processes of government and industry. This will allow a steady reduction in the energy 

and resource content of future growth by increasing the efficiency of resource use, reducing 

waste, and encouraging resource recovery and recycling”. So, it is a priority consideration on 

sustainability for manufacturing plants. More precisely, sustainability in manufacturing means 

“the production of products/services in such a way that it utilizes minimum natural resources 

and produces safer, cleaner and environment-friendly products at an affordable cost or minimize 

negative environmental impacts while preserving energy and natural resources” [4]. 

Sustainability manufacturing enhances the safety of employees, communities and products. For 

example, Özşahin [39] indicated that a significant positive impact on environmental performance 

and social performance can be seen by considering sustainability. A schematic structure of the 

manufacturing in the connection with dimensions of sustainability is shown in Figure 2. 
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Figure 2. Framework for Sustainable Manufacturing with the three pillars approach [40] 

Under the impact of sustainability, EU launched the framework program on Research and 

Innovation, for 2014-2020, “the Factories of the Future” (FoF) program. It is promoting 

advanced characteristics for the future factories: cleaner, highly performing, environmental 

friendly, and socially sustainable. Furthermore, “cleaner factory” makes production activities 

more environmentally friendly by reducing/eliminating wasteful resources (i.e. less raw 

material, water usage, and energy consumption). In that way, manufacturers respond to the rising 

trend of demand for clean products/services that meet specific environmental, customer and cost 

requirements. This advanced vision of manufacturing system takes into account really the TBL 

together leading to adapt the plant structure, plant digitization, and plant processes. Indeed, the 

plant structure of the future system has to comprise multidirectional layouts, with a modular line 

setup and environmentally sustainable production processes (including efficient use of energy 

and materials), well-interacting together and authorizing flexible production. For example, 

dynamic arrangement of scheduled working will be more in phase with personal schedule 

(including interchangeable machines and lines that can be reconfigured). This system evolution 

promotes the development of manufacturing facilities that are more and more complex and 

structured as multi abstraction levels in the way to make the solution emergent from the 

interactions of all the components on these levels (e.g. hardware, software, human …). An 

example of FoF interacted structure is shown in Figure 3 where a lot of digital technologies are 

present (e.g. sensors, smart robots, the Internet of Things, big data and analytics). The 

complexity of this plant is an advantage for being smarter, more adaptable to adjust the process 

to its real operation conditions and the user needs. In that way, manufacturing stakeholders have 

high ambitions to enhance their factories —85% of respondents believe they can benefit from 

implementing elements of the factory of the future [41]. 
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Figure 3. Future manufacturing system with the integration of IT system [41] 

This global FoF orientation with regards to the TBL requirements leads to endorse “Green 

manufacturing” or “Green production” concept to support “cleaner factory”. “Green 

manufacturing” is defined in several research works [20], [21], such as : “Green manufacturing 

is a sustainable approach to the design and engineering activities involved in product 
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development and/or system operation to minimize environmental impact”. “A green 

manufacturing system, which involves reducing energy use, raw materials and solid waste, 

reusing products, leads to production efficiency (i.e. less energy and water usage) [20]. Thus 

“Green manufacturing” should avoid harmful waste, reduce hazardous emissions (CO2), 

eliminate wasteful resources consumption, model the relationship between energy consumption 

and other conditions [21]. 

In link to the previous definition, the KPIs usable in “green manufacturing” (and issued from 

the list of those selected for industry area) are necessary covering the TBL frame. It can be 

underlined the following KPIs: 

- On environmental performance: air emission, water emission, … energy utilization, water 

utilization, … solid waste, hazardous waste … 

- On economic performance: product reliability, customer compliant …material cost, setup 

cost … on time delivery, cycle-time … volume flexibility, product flexibility … 

- On social performance: training and development, job satisfaction, … supplier 

certification, supplier commitment … 

These KPIs should be calculated at the different abstraction levels (e.g. components, 

functions …) of the manufacturing system in accordance with decision-level addressed 

(operational, tactical, and strategic). Indeed, these KPIs can serve to the different decision-

makers (e.g. operator, manager) and all along the system life-cycle, to take optimal decisions in 

the frame of TBL requirements. This optimality is not easy to obtain because some of 

sustainability requirements are antagonistic and difficult to be optimized as a whole. In that way, 

the KPIs are integrated in different decision-making processes representative of all the system 

life cycle phases (e.g. design, operation). One phase to be focused on is Maintenance because it is 

proven that maintenance can impact and/or cover a lot of sustainable performances within “Green 

manufacturing”  (see Table 2) [42]. Among them, some works underlined [43]–[45], total energy 

consumption, energy efficiency as key indicators [46]. 
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Table 2. The proposed measures of sustainable maintenance performance measurement 

systems 

 

In fact, energy (in general) is as an important input for a system to produce external activity 

or perform work required by any industrial process [47]. Energy usage is linked to social 

development, economic development, environmental pollution and climate change. For 

example, the energy cost for the total life-cycle of one industrial component can transcend capital 

investment. In the case of an electrical motor, among the 100% total life-cycle cost, 2.5 % is 
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related to the purchase cost, 1.5 % is for maintenance and 96 % is the cost of energy used [48]. 

It leads to consider energy and its derivate materialization in terms of energy consumption and 

product manufactured (useful output) as a main sustainability KPIs in manufacturing [39] 

and more precisely “Green manufacturing”. Moreover, the ratio between energy consumption 

and useful output can be represented with an Energy Efficiency value (EE). EE provides 

substantial benefits in addition to energy cost savings, profitability, production and product 

quality, and improving the working environment while also reducing costs for operation and 

maintenance, and for environmental compliance [49], [50]. For example, EU established 

motivated targets towards industry: a 20% energy savings target by 2020 and moving towards 

a 20% increase in Energy Efficiency. Thus EE seems an important target for sustainability in 

manufacturing and more precisely with regards to maintenance decision-making process. 

1.4. What is energy efficiency in general … and then in industry?  

1.4.1. Energy efficiency in general 

EE is an universal concept mentioned in various applications and known under various names 

like energy intensity [51], [52], specific energy consumption [53]–[55], energy conservation 

[56]. Indeed, the definition of energy efficiency is a complex issue. Generally, energy efficiency 

means more concretely that a smaller amount of energy input is needed for the same useful 

produced output/services, or that a higher output/services may be provided with the same energy 

input. For example, single crystalline photovoltaic panel can produce more electrical energy than 

thin-film photovoltaic panel with the same incident solar power. So saving energy or reduction 

of energy consumption are well-known behaviors of EE such as replace incandescent bulbs by 

florescent lamp. 

The relationship of EE with economic, social behaviors or environmental issues have been 

already analyzed over the past decades [57], [58]. It is due to the interests to be energy-efficiency 

with increase in demand for energy, rising energy, materials prices, changing consuming 

behavior of customers to be green … together with the growing environmental concerns. There 

are many benefits of using energy efficiency, as illustrated in Figure 4.  

The benefits/interest in EE is also related to the energy consideration level. For example, the 

top manager often considers carbon level (annual CO2 emission), annual energy consumption, 

annual energy cost and performance of EE policies. The operator, on the other hand, is concerned 
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about daily/weekly energy consumption, power factors or power quality events (e.g. power 

supply interruptions). 

 

Figure 4. Multiple benefits of energy efficiency [59] 

To support these benefits, EE is achieved by high technology, improving people awareness 

etc. They are founded in the theoretical frameworks on energy efficiency (codes, standards, label, 

guideline, the best energy efficiency solution handbooks, etc.) and supported by different 

laboratories, international organizations and governments [47], [57], [60].  

1.4.2. Energy efficiency in industry and mainly in manufacturing 

From these frameworks, declinations for EE can be done in link to different sectors such as 

industry. Indeed, industry takes a major proportion of primary energy consumption, and can have 

a huge potential in saving energy consumption by improving EE. For example, the EU’s 

industrial sector plays a central role for 26% of European final energy consumption. Energy 

efficiency in EU manufacturing industries has improved on average by 1.3% per annum over the 

last 15 years (reducing final energy use by 15% in aggregate since 2000). The potential 

additional savings with a 2030-2050 horizon are substantial [61].  

To face this saving, EE studies cover different sizes of industrial plants: from larger 

enterprises to small enterprises, from complete plant level to component/end-user level. For 

example, consideration of energy efficiency in plant management [55], [62] can be practically 

observed in the automobile industry [51], [63], [64] to reduce fuel consumption and 

environmental loads by deploying the product life-cycle, or in the paper industry [52], [64] to 

save the use of traditional energy, and to take more advantage of renewable energy [65]–[67]. 
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Thus, the energy efficiency understanding can vary with industrial domain and type of used 

energy [22], [23]. It leads to consider EE under different forms like thermal energy efficiency 

[68], economic ratios, techno-economic ratios [69], energy intensity or energy efficiency 

intensity [70], [71], Energy Efficiency Design Index [72], or benchmarks for energy efficiency 

[73], fuel economy [74], [75]… 

These EE forms for which understanding of EE properties is increasingly important [50], are 

also considered in manufacturing domain because EE is shown as a way to increase the 

competitiveness of manufacturing system [51], [69], [76]. It is illustrated in the sustainable 

manufacturing framework given in Figure 5 [62] for contributing to the TBL. Indeed, during 

recent years, energy consumption of manufacturing industry domain has achieved a rapid 

growth. International Energy Agency (IEA) presented in energy efficiency market report that 

over 23 % of global energy consumption is consumed by manufacturing industry [38], [75]. It 

takes the second place in the energy and emission by end users according to the same IEA’s 

report. Moreover, manufacturing is continuously expanding with huge investment and rapidly 

increase in facilities to supply the demand of good/services for modern life [77]. It leads to 

integrate EE in the Energy Management System (EMS), which was recently implemented, to 

help managers master their system [78], [79]. EMSs with energy monitoring systems 

(online/offline, continuous or energy audit, etc. ) have been proposed and successfully been 

applied in different types of manufacturing system [80]–[82]. In that way, optimization of EE in 

manufacturing with regards to the other KPIs is appearing as a main challenge for decision-

makers. 

 

Figure 5. EE contributing to TBL of sustainable manufacturing frameworks [62] 

Nevertheless, few works already exist on EE in decision-making process. For example, 

Trianni [83] studied the benefit of EE in both decision-makers and policy-makers. In fact, 
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industrial system such as manufacturing one has to face with a set of stakeholders, including 

decision-makers, energy providers, end-users and operators interacting at different layers 

according to their roles, and in consist with the decision/action levels to be addressed (e.g. 

operational, tactical or strategic levels) [71], [84], [85]. At the operational level, the issue should 

be: How the energy consumption and thus the energy efficiency of machines and production 

systems have to be materialized to give the right decision as soon as possible (nearly real time) 

[85]? In another way, at higher level (tactical or strategic levels) only energy consumption is 

used to modify the usage of different types of energy resources.  

Whatever the level addressed, the EE is mainly assessed by a value. It is represented by the 

EE Indicator, named EEI, as an index for evaluating the energy efficiency at a specific time. 

However, no generic formulation of this indicator is available today in the manufacturing field 

to be applicable to the different abstraction levels. Indeed, even if some methods to assess EEI 

exist, they are addressing principally EEI values at the component level without considering 

really it at the system one which can be better for performance optimization [5], [6]. Moreover, 

this assessment is not easy to do because it should take into account the dynamics of the system 

(age, degradation, different loading profiles, etc.) impacting the EEI value and leading to track 

its evolution in the future to clearly define the Energy Efficiency Performance (EEP). The EE 

Performance is a performance materializing if the industrial system is efficient or not (it is more 

than a value; it is the value in time). However, today, most of the studies on EEP considers that 

EEP (through EEI) is time-independent [86], [87]. Predicting the degradation behavior of energy 

efficiency of components/systems is therefore crucial [88], [89] in order to anticipate the increase 

in global energy consumption, improve opportunities to save energy, etc. So, the consistent 

formulation of these EEI and EEP items is not evident [7] especially with regards to dynamic 

context (dynamics of the systems) for predicting the EE evolution in the same way as it was 

done through the use of conventional prognostics approaches to predict the Remaining Useful 

Life (RUL) of components/systems [8]–[11]. 

Thus, in summary with the EEI/EEP consideration in green manufacturing, the first important 

challenge addressed in the thesis is:  

How to define and evaluate/predict EEI/EEP at the different abstraction levels of an 

industrial (manufacturing) system by considering the dynamics of this system? - Challenges 

No.1 
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The results of these formalizations should be integrated in the decision making processes of 

the manufacturing system to master the EEI/EEP as close as possible to its nominal value for 

controlling Environmental Pillar. More precisely this mastering requirement can be supported 

by the maintenance decision-making process as advocated the Prognostics and Health 

Management (PHM) community [12]–[14]. Indeed, an efficient maintenance strategy could not 

only avoid the failure of the system but also allow to anticipate the growing up of global energy 

consumption. Nevertheless, the current maintenance decisions are mainly based on conventional 

indicators such as reliability, availability, direct cost, etc. [15] and only just some investigations 

have been realized to consider the relationships between EEI and maintenance strategy [16], 

[17]. For example, Xu and Cao [16] addressed the average energy efficiency under periodic 

maintenance as a criterial criteria for the maintenance decision making process at machine level 

only. 

This relationship between conventional indicators and sustainable ones for maintenance 

opens up a new path to define/adapt the “condition” to trigger the maintenance (CBM one) 

according to sustainability requirements and the evolution of their values (to promote originality 

towards EEP).  

1.5. How to integrate EEI/EEP in maintenance decision-making and more precisely in 

CBM? 

Maintenance is defined as “combination of all technical, administrative and managerial 

actions during the life cycle of an item (e.g. component, machine) intended to retain it in, or 

restore it to, a state in which it can perform the required function” [90]. This combination leads 

to support different strategies depending if the item is already failed (corrective strategies) or not 

(preventive strategies) [91], [92]. However, the question of how EE helps or impacts these 

strategies is only in investigation.  

1.5.1. Classification of maintenance strategies 

Maintenance strategies are implemented with regards to strategic decision (after or before 

failure) and by organizing all the activities to support this decision execution (e.g. management, 

planning). So, maintenance strategies have been chosen either on the basis of longtime 

experience or by following the recommendations of manuals provided by manufacturers [93] 

such as original equipment manufacturer (OEM) recommendations. There are classified, as 
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presented in Figure 6. in two main categories: corrective maintenance and preventive 

maintenance [90], [94]–[96].  

Corrective maintenance: It includes all the maintenance activities that are carried out after 

fault recognition and intended to put an item into a state in which it can perform a required 

function [97], [98]. For example, corrective action is necessary when the system is failed but 

could be investigated when the component is not critical both on the direct and indirect costs 

(e.g. low cost components) [45]. In some other cases, when the indirect cost is high, corrective 

maintenance should be avoided as much as possible.  

Indeed, costs can be classified as direct costs and indirect costs based in the way they 

contributed to the objective of manufacturing system [45]. The direct costs are directly related 

to all the “resources” needed to develop the maintenance actions. Indirect costs are more the 

costs concerned by the impacts of the fact that the system is stopped (for developing the 

maintenance action for example after corrective situation) or that the maintenance action is not 

done keeping the system as degraded (non-optimal performance situation).  

Corrective maintenance can be declined in palliative maintenance (e.g. Maintenance action 

to recover a part of the performances as it was before the failure) or in curative maintenance (e.g. 

change the failed component to be As Good As New after the action). 

Preventive maintenance: Maintenance carried out at predetermined intervals or according to 

prescribed criteria and intended to reduce/prevent or delay the probability of failure or the 

degradation of the functioning of an item (reducing the number and cost of failure of an item, 

increasing system reliability, improving availability equipment, ensure the security of 

individuals and the environment, facilitate inventory management, etc.) [97]–[99]. Preventive 

maintenance makes sure that maintenance is performed before failure occurs to avoid corrective 

maintenance actions. Preventive maintenance may be either scheduled maintenance, 

predetermined maintenance or condition based maintenance (CBM). 
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Figure 6: Simplified classification of maintenance strategies  

Scheduled maintenance (Time-based or planned maintenance): Preventive maintenance 

which is carried out in accordance with an established time schedule or established number of 

units of use. It leads to develop potentially actions too “soon” or too “late”. 

Predetermined maintenance (Age-based maintenance): Preventive maintenance carried out in 

accordance with established intervals of time or number of units of use but without previous 

condition investigation. Substantial remaining useful life is wasted if the machine is still in 

reasonable condition when preventive maintenance is performed, and a breakdown might occur 

if it happens to deteriorate faster than expected [100]. 

Condition Based Maintenance (CBM): Preventive maintenance which is based on 

performance and/or parameter monitoring and the subsequent actions. The monitoring of 

performance and parameter, called “condition”, may be scheduled, on request or continuous 

(e.g. real time monitoring). Thus, it includes a combination of condition monitoring and/or 

inspection and/or testing, analysis and the ensuing maintenance actions. An extension of CBM 

is called Predictive Maintenance which is corresponding to a CBM carried out following a 

forecast derived from the analysis and evaluation of the significant parameters of the degradation 

of the item. CBM also considers external, random failures (for example, shock, natural disasters, 

humans mistakes) [101]. 

The principle of CBM is therefore to perform maintenance action by anticipating causes 

before the failure occurs in order to avoid the effects of unexpected failures. The anticipation is 

related to the tracking of degradation level of the condition (degradation indicator). As the 

condition can be parameter or performance, the tracking of this degradation can be directly on a 

raw signal, an information (resulting from signal processing), an indicator (resulting from 

information fusion), a health state (resulting from indicator fusion) as advocated by PHM 
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community ... The indicator has to be compared to a threshold representing the limit of the value 

considered as acceptable. Then, this degradation indicator is used as input of the maintenance 

decision-making process. In that way, CBM is really examined by industry to be more just in 

time in maintenance. For example, the vibration and temperature of the mechanical component 

such as bearings and gears or the current and voltage provide the “condition” of an electric motor 

[94]. Deterioration process due to tear of belt-driven system [102], [103], wear of cutting [104], 

[105], crack of rolling part [106], [107] may be selected as “deterioration” condition for CBM. 

Hazards could be also considered as a condition for CBM strategy [108]. 

Through this notion of “condition”, CBM seems the best strategy to be investigated to trigger 

the maintenance action according to sustainability requirements and the evolution of their values 

(in terms of degradation impact; EEI then EEP). The value is going up to the threshold. Indeed, 

tracking a conventional indicator or a sustainable one could use the same techniques and brings 

similar advantages. 

In terms of advantages, the CBM, implemented through different ICT products (e.g. sensors, 

networks, software …) can extend equipment life (age), reduce risk and improve the efficiency 

of equipment [109]. CBM can also indirectly contribute to optimisation of the production process 

(e.g. better mastering of product quality) [95], minimizing costs of maintenance [45].  

The general decision-making process for CBM deployment is synthesized in Figure 7. It is 

consistent with standards to help engineer for developing particular CBM platform/architecture 

related to the system to be maintained. The main well-known standard is the OSA-CBM (Open 

Systems Architecture for Condition-Based Maintenance) [45], [110]. The OSA-CBM 

architecture is structured on 6 processes to carry out the action from the data acquired: Data 

Acquisition, Data Manipulation, State Detection, Health Assessment, Prognostics Assessment 

and Advisory Generation.  

More precisely, by taking into account the result of the health assessment process in terms of 

advanced information about the system operation (including production plans, logistics 

schedule, resourses avaiable …), the prognosis allows to track the future state of the system 

[111]. It is more true now in the more recent CBM studies [112]–[114] while considering not 

only condition at current time but also in the realistic operating conditions of the system over 

time (in the future). 
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However, the main issue on CBM is related to the identification of the most suitable 

“condition” (indicator) and how to master/evaluate this indicator to use it as input of the decision-

making process (with regards to the threshold fixed). Indeed, the methods/tools to select and 

support “condition” indicator evaluation, and threshold fixing are not completely available. It is 

necessary to find methodologies usable with regards to the complexity of the system targeted, 

its main properties to be monitored (e.g. performances, parameters) and to the decisions to be 

taken in an optimal way. More precisely, optimal maintenance decisions for a complex system 

are not necessarily obtained by the superposition of individual decisions found at each level of 

the system. 

 

Figure 7. Structure of CBM decision-making [109] 

This superposition in the decision is all the truer by considering both types of indicators, 

conventional and sustainable one such as EEI/EEP. Sustainability consideration in CBM means 

for example: When an item (component/system) consumes more energy, it should be replaced 

even if it is not degraded with regards to other properties such as wear. In that way, maintenance 

of the component could be realized to preserve its energy property [87], [115]. It is an original 

way for developing maintenance. 

1.5.2. Is Energy Efficiency already integrated in maintenance and mainly CBM? 

Only few works on the impact of maintenance on the EEI/EEP (mostly amount of energy 

saving or energy consumption) already exist in industrial area. For example, Yildirim and 

Nezami [116] studied energy consumption model under the impact of minimal repair and 

potential recovered EE after implementing maintenance as computed by using efficiency curve. 
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The developed cost model shown that better cost benefits can be achieved by considering the 

energy consumption of production process to decide the maintenance actions. These benefits can 

be results of a low energy inspection cost (by investment in energy monitoring system) or the 

balance between maintenance cost and energy cost. Mora et al. [7] mentioned EE as a trigger of 

preventive maintenance actions, and take into account energy cost in comparison with the 

preventive maintenance cost for maintenance decision making process. These previous works 

are mainly related to scheduled or predetermined maintenance strategies. Indeed, CBM 

strategies are not really addressing EE properties. EE is seen only as the auxiliary result of these 

previous CBM plans. For example, Sánchez and Goti [117], [118] investigate the preventive 

maintenance scheduling problem in a production system where maintenance is impacting the 

production speed and quality. They show production speed and output quality decrease as a 

function of machine deterioration [119] and optimized energy consumption can be reflected in 

many maintenance schedules. The impact of maintenance and operating procedures (at 

function/system level) into energy model to calculate energy consumption is addressed, then 

energy saving is the objective of maintenance plan instead of conventional indicators for 

maintenance decision making process [17]. Optimization framework can provide enhanced 

decision support leading to optimal operation and maintenance [120]. Nevertheless, these works 

are not really developed by integrating EEI/EEP as concrete conditions to be tracked for aiding 

the maintenance decision process. It leads to identify the second important challenge addressed 

in the thesis which is:  

How to use EE into CBM strategies? - Challenges No.2 

This challenge placed the main originality of the thesis by considering EEI/EEP as conditions 

to trigger suitable maintenance action, which allows not only to avoid the failure of the industrial 

component/system but also to maintain the EEI/EEP. In that sense, the degradation indicator in 

the thesis is considered as a quantified indicator directly related to the state of degradation or 

performance of an item (component, machine, system) from which it is possible to detect a 

failure. 

1.6. Conclusions 

This chapter presented the sustainability context of this thesis. It is more focused on 

sustainability in “Green Manufacturing” by considering the requirements of some initiatives 

such as FoF (advanced manufacturing) in which it is advocated “cleaner factory” as a necessary 
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way for the future generation. Among the KPIs representative of the TBL of this factory type, 

Energy Efficiency (EE) was identified as the main important one. It allowed to underline EE 

Indicator (EE value at t time) and EE Performance (evolution of the EE value in time according 

to dynamics of the system) as two items must be necessarily mastered at each level of the 

manufacturing system to gain the green property.  

The results of this mastering should be integrated in the maintenance decision-making process 

(mainly CBM one) of the manufacturing system to control the EEI/EEP as close as possible on 

its nominal value. Nevertheless, current maintenance strategies are not well adapted to support 

this integration because mainly based on conventional indicators and not sustainable ones. 

Therefore, with regards to the two conclusions on EEI/EEP mastering and its integration in 

maintenance/CBM strategy, the chapter highlighted two main challenges to be addressed in the 

thesis: 

- How to define and evaluate/predict EEI/EEP at the different abstraction levels of an 

industrial (manufacturing) system by considering the dynamics of this system? 

- How to use EE in CBM strategies? 

These two challenges serve in chapter 2 to define the scientific issues to be attacked. 
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Chapter 2  
Scientific problem statement on EE concept and 
its application in CBM maintenance decision-
making 

2.1 Introduction 

The chapter 2 aims to define the scientific issues which are related to the two identified 

industrial challenges of chapter 1. In that way, the chapter 2 starts from challenge 1 with the 

consideration of using EE in general in order to underline the categories to develop EEI concept 

at multi-levels of a manufacturing system. Then it is investigated generic EEI formulation taking 

into account the common characteristics of manufacturing system (complex, multi-level 

structure, dynamic context). From this EEI formulation, the time-dependent factors are 

considered to track EEI evolution to introduce EEP. It allows to focus on EEP as the estimation 

of the residual life energy at different levels of manufacturing system. After that, the dynamics 

of the system and its relationship with prognostic are investigated. It enables to isolate the 

interest of a generic approach to predict EEI evolution and estimate EEP by applying suitable 

prognostics. Finally, with regard to challenge 2, an investigation is done about innovation on 

maintenance decision-making (focus on CBM) by trigger maintenance actions not only by using 

conventional conditions but also EEI/EEP ones. 

2.2 How to define and evaluate/predict EEI/EEP at the different abstraction levels of an 

industrial (manufacturing) system by considering the dynamics of this system? 

In link to the first challenge defined in chapter 1, it is important to focus first on EEI concept 

(see section 2.2.1), then its consideration at multi-levels of a manufacturing system (see section 

2.2.2), and finally on the EEP concept (see section 2.2.3) as an aspect of EEI evolution with the 

consideration of the system dynamics (see section 2.2.4).  

2.2.1 General concepts of EEI and their application in manufacturing systems  

Over the past decades, many governments and industrialists have focused on energy 

efficiency (EE) assessment as a powerful tool for decision-making. Indeed, this assessment 

should lead to strategic decisions and priority actions for reducing energy consumption, energy 

demand and environmental problems. For this assessment, EE is generally expressed as using 
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less energy to produce the same amount of services or useful outputs. In that way, EE equation 

is most of the time formulated as: Useful output of a process 

Energy input into a process
[121]. It means that a smaller amount 

of energy input is needed for the same useful produced output, or that a higher output is provided 

with the same energy input. In this way, energy efficiency can be used in a very wide range of 

applications and for different levels of features [122] in terms of energy demand sectors (e.g. 

buildings, appliances, transports, industries, services, etc.), sizes (e.g. on a local, national, 

international or global scopes), stakeholders (e.g. decision-makers, energy providers, end-users, 

energy services companies, energy audit services companies, or particular equipment). For 

example, EE has already been investigated in several sectors such as industries [51], [64], 

transport [63], [123], and buildings [124], [125]. Nevertheless, for each sector [55], [87], 

different visions of EEI concept have been introduced but it is globally accepted that these 

visions belong to four categories to design EEI [57], [126].  

1- Thermodynamic indicators: They are measured as the energy dissipated or 

consumed by the system compared to the amount of energy in the resource processed. Both 

input and output are measured in thermodynamic units (e.g., GJ (Gigajoules) of delivered 

energy consumed in the production coke for coking coal). The importance of efficiency 

comes from the thermodynamic laws, namely the conservation of energy and the irreversible 

energy conversion to uselessness. By decreasing the energy loss in the processing, the useful 

energy transformed from energy input is increased. Thus, the thermodynamic definition of 

energy efficiency can be expressed as follows: 𝑈𝑠𝑒𝑓𝑢𝑙 𝑤𝑜𝑟𝑘 𝑜𝑟 𝑒𝑛𝑒𝑟𝑔𝑦 𝑜𝑢𝑡𝑝𝑢𝑡

𝐸𝑛𝑒𝑟𝑔𝑦 𝑖𝑛𝑝𝑢𝑡
 [127]. Based on 

this definition, this type of indicators should not be applied to unknown thermodynamic 

characteristics or to the case in which there is no or poorly-monitored process because of 

missing information about energy loss. Relatively, thermodynamic indicators are not the best 

choice at the top level of national and international energy. Indeed, using this type of EEI, 

energy efficiency presents changing trend (improvements/decrements) of several energy 

conversion facilities. It can be underlined such as the promising conversion efficiencies to 

convert sunlight into electricity energy. It can reach to maximum 44.3% of conversion and 

depend on the types of PV panel [128]. According to [129], thermodynamic energy efficiency 

can be used only at the device level, end-use technology or energy conversion technology. 

2- Physical-thermodynamic indicators: This kind of indicators has been introduced 

to avoid the limit of thermodynamic indicators in systems with output units that are 
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uncountable or specific energy format like systems in transport or agriculture. In fact, the 

output is evaluated in physical units while the input is in energy. In this way, the energy 

efficiency can be evaluated as follows: 𝑈𝑠𝑒𝑓𝑢𝑙 𝑝ℎ𝑦𝑠𝑖𝑐𝑎𝑙 𝑜𝑢𝑡𝑝𝑢𝑡

𝐸𝑛𝑒𝑟𝑔𝑦 𝑖𝑛𝑝𝑢𝑡
 level [126], [130], [131]. It is 

important to note that the units of physical output have to be expressed in the designed units 

of the system capacity (tons of cement, passengers, kilometers, vehicles, the number of 

rooms, etc.). Calculated in either aggregated or disaggregated methods, these indicators 

directly stick to the technical power flow. As a consequence of various physical outputs, 

multiple forms are used for physical-based indicators such as energy intensities, specific 

energy consumption, etc. In spite of difficulties in quantifying the higher level of aggregated 

process, the physical-thermodynamic indicators can be applied to a variety of levels ranging 

from a very simple component level to a sector level [132].  

3- Economic-thermodynamic indicators: These indicators are hybrid indicators, in 

which the energy input is measured in thermodynamic units and the output is measured in 

market prices ($). The market prices are measured by the GDP or the market value of all final 

goods and services produced within a country or a sector [121], [131]. In this case, any 

difference in the output or input number can be affiliated to economic, social behaviors or 

calculation methods. The information of technical process is unnecessary and the energy 

output number is conveyed through energy price factors. The “Energy:GDP” increments may 

be misunderstood as the positive result of energy efficiency investment. But economic-

thermodynamic indicators can be calculated by multiplying thermodynamic indicators with 

the economic value of output units. Thus, these indicators can be applied to high levels of 

economic structures such as the corporate, sub-sector, sector and national levels.  

4- Economic indicators or monetary indicators: These indicators are used to 

measure changes in energy efficiency purely in terms of market values. They are named as 

the energy to GDP ratio, energy coefficient or energy elasticity. Economic indicators are 

given as the ratio of energy consumption in an energy unit to an economic activity in a 

monetary unit 𝐷𝑜𝑙𝑙𝑎𝑟𝑖𝑧𝑒𝑑 𝑜𝑓 𝑜𝑢𝑡𝑝𝑢𝑡

𝐷𝑜𝑙𝑙𝑎𝑟𝑖𝑧𝑒𝑑 𝑜𝑓 𝑖𝑛𝑝𝑢𝑡
 [47], [48]. Sometime, these indicators are convertible from 

their physical-thermodynamic indicator counterparts by simply multiplying the energy input 

with appropriated added energy prices. But, in another way, these economic indicators are 

just seen as a purely economic efficiency indicator rather than as an EEI because they are 

fully measured in economic values. This type of indicators should not be used in monitoring 
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energy efficiency performance systems. The economic indicators are often used when energy 

efficiency is measured at a high level of aggregation (international, national and sector levels), 

where it is impossible to characterize the output by a single physical unit.  

In conclusion, some of these categories of EEI are limited to the physical evaluation of energy 

transformations, while others also consider the economic and social dimensions that define the 

usefulness of a process [133]. The consideration of these dimensions for EEI is mandatory in the 

frame of TBL as advocated by Manufacturing system and more precisely “Green 

manufacturing”.  

Indeed, as already explained in chapter 1, the manufacturing system under the orientation of 

FoF (more “cleaner factory” property) is mainly characterized by:  

(i) The energy consumed which can be represented by different forms (e.g. electricity, 

gas, oil),  

(ii) The outputs produced which can be materialized by different products or classes of 

products due to the flexibility/adaptability of the system (e.g. a same assembly line 

can assemble different parts to form different final products), 

(iii)  The structure which is complex and organized on multi abstraction levels.  

Thus, these characteristics have to be taken into account to select which one of the EEI 

categories is the most adapted to manufacturing system. In that way, the next table is showing 

the main advantages and disadvantages about the use of these categories in manufacturing 

system [69]. 
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Table 3. The advantages and disadvantages of the categories of EEI to be applied in 

manufacturing systems [69] 

 Primary Advantages  Primary Disadvantages 

Thermodynamic 

Energy Efficiency 

=
Useful work or energy output

Energy Input
 

- Different forms of 
energy inputs is converted 
to common form. 

- Hidden energy in output is 
not the most concern of 
manufacturing system. 

- Thermodynamic laws are 
not easy to use for calculating 
the energy losses for all 
machines/component of 
manufacturing system. 

Physical-Thermodynamic  

Energy Efficiency 

=
Useful (Physical) Output

Energy Input
 

- Physical measures for 
the output(s) can be 
determined and mastered 
during manufacturing 
process.  

- EEI can be defined 
individually for multiple 
functions (with different 
outputs) within the same 
manufacturing system. 

- Difficulty to evaluate the 
energy input allocated for 
different types of outputs. 

 

Economic-Thermodynamic 

Energy Efficiency 

=
Dollarized Output

Energy Input
 

- The aggregation of 
several forms of 
manufactured outputs can 
be calculated by assigning 
market prices. 

- EEI is influenced by other 
economic factors. 

- The changing of EEI 
value is not representative of 
the system structure 
modification and without 
possibility to locate the 
technical causes of EEI 
changing. 

Economic-Economic 

Energy Productivity 

=
Dollarized Output

Dollarized Energy Input
 

- EEI of different 
manufacturing systems can 
be compared and 
aggregated at various 
levels. 

- EEI is influenced by other 
economic factors. 

- The changing of EEI 
value is not representative of 
the system structure 
modification and without 
possibility to locate the 
technical causes of EEI 
changing. 

This previous positioning about the four EEI categories with regards to manufacturing system 

underlines that any specific category is supporting the main characteristics defined for this type 
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of system [68]. So, a first scientific need is to clearly define the EEI in the context of 

manufacturing system and more precisely “Green manufacturing” as defended by FoF 

initiative. 

2.2.2 EEI at each level of abstraction (component, function/system) of a manufacturing 

system 

This scientific need is all the truer since the EEI formulation to be found must be applicable 

to the different abstractions level of a manufacturing system (the third characteristics 

mentioned previously). 

Indeed, such system has to be faced with a set of stakeholders, including decision-makers, 

energy providers, end-users and operators [71], [84] interacting at different abstraction levels 

according to their roles, and in consistency with the decision/action levels to be addressed (e.g. 

operational, tactical or strategic levels). Moreover, this level consideration implies also to 

retrieve data on energy consumption (e.g. kWh, Btu, ton of coal) and output unit (e.g. amount of 

manufactured cars) consumed and produced at each level, knowing that there is often limited 

resources (financial, labor, instrument, etc.) for collecting this necessary data. Thus, one 

challenge is to found, in an optimal way, what is the EEI the most applicable at each level by 

considering also the retrieval of the data. In relation to this challenge, the Table 4 is providing a 

first illustration on the relationships between EEI and application level in manufacturing area in 

order to give to the decision-maker some helps for selecting the best EEI [1]. 

 This table highlights the potential availability of EEI at each level of manufacturing system 

(and its enterprise context). Nevertheless, these EEI are positioned in an isolated way (each one 

is issued from a specific work) without introducing rules for developing one EEI at a specific 

level from EEI at another lower level (e.g. aggregation principle). Indeed, for example, some 

existing works focus on EEI at component level (i.e. operational layer) [134]–[136] without 

considering it at higher level (i.e. the strategic layer) which may be useful even essential for 

optimizing decision-making process [137], [138].  
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Table 4. Consideration of EE concepts at different levels of manufacturing  

Reference EE indicator Level of application in manufacturing 
area 

[16] Energy consumption 
Physical-thermodynamic indicators 

Component/equipment 

[25] Energy efficiency label Factory level 
Department level 
Unit process level 

[57] Physical-thermodynamic indicators 
Thermodynamic indicators 

All levels of manufacturing process 

[62] KPIs 
Benchmarks 

Country level 
Sector level 
Plant level 

[120] Energy consumption Function/system level 
[139] Thermodynamic indicators 

Physical-thermodynamic indicators 

All levels of manufacturing system 

Economic-Thermodynamic indicators Factory level 
Sub-sector/sector level 
Industrial sector level 
Country level 

[140] Physical-thermodynamic indicators Function/system level 
[141] Physical-thermodynamic indicators Machine level 

According to this separation highlighting (component/system), most of the time the EEI at 

component level, is based only on the measurement of its energy consumption and its output 

with the consideration of several impact factors/features associated with individual components 

like temperature, voltages and harmonics. Thus, EEI value at this component level can be 

directly measured. For example for an electrical motor, its EEI is based on the energy 

consumption and produced mechanical energy taking into account several parameters (e.g. 

speed, frequency of harmonics) [142]–[144].  

At the system level, EEI should be representative not only of the components which are inside 

this system (different components place in series and/or parallel) but also of the global behavior 

of this system which is resulting from the components interactions and the operational 

conditions. This global behavior can be impacted by the service of the system which is depending 

of the outputs to be delivered (e.g. a same system can support different services in link to its 

adaptability/flexibility level). So, the EEI assessment at this level is not easy to do due to this 

dynamic consideration impacting necessary energy consumption characteristics[145]. About 
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system level, Behrendt [146] argued that the largest energy efficiency potential belongs to the 

higher system levels. He developped an EEI model based on the three levels of industrial electric 

motor-driven system, including operational conditions and human aspects. This model is 

comprising the components behaviors, the interactions between them, but also the behavior of 

the whole system regarding to the service to be achieved. 

Thus, the interactions between the components identified by their own EEI, in the way to 

deliver the EEI at the system level have to be clearly understood. It is materializing the required 

step from component/system separation to component/system integration. Indeed, both energy 

consumption and output (the two main properties of EEI) at component level should be used to 

calculate EEI at function/system level. However, these interactions are representative of a 

complexity not so easy to understand. For example, the energy consumed by a component may 

be transformed to energy to be consumed by another one … with some energy loss due to the 

transformation (e.g. air compressor transforms electricity to air pressure for another component). 

The same situation exists with output of one component, which may be reused as input of other 

component. Through these transformations and the resulting losses, it becomes clear that the 

energy consumption model at system level (suitable to provide the basis for the energy optimal 

use of manufacturing plants) cannot be based only on the sum of the individual components 

[147], [148] but must integrate the energy consequences of the component interactions.  

In addition, EEI assessment both at component and/or system levels needs also to consider 

some factors which are impacting their properties (energy consumption and output) [148] [149]. 

Indeed, EEI is influenced by several factors such as the system age/degradation, the type of 

energy resources (coal, fuel, electricity), the technology employed for controlling EE [150] ... 

These factors are representative both of internal parameters or events to the component/system 

(e.g. machine speed, energetic profile) [141], but also external parameters or events to the 

component/system (e.g. system context). These factors could be also different in relation to the 

different abstraction level addressed (in link to decision to be taken) [25]. It means that these 

impacts have to be modelled with regards to EE consequences by taking into account the external 

and internal considerations. It requires a more detailed analysis of the component/system to be 

able to identify these impact factors. 

A part of this analysis has to focus more precisely on the identification of other KPIs which 

can influence the EEI. Indeed, EEI can have cause-effect relationships with other performance 

indicators (mainly those coming from maintenance area). For example, a positive evolution on 
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KPI related to productivity leads generally to an increase in energy consumption at 

manufacturing system level. So, the increasing trend of energy consumption cannot be fully 

representative of EEI of the manufacturing system (EEI value is not only in line with energy 

consumption) [151]–[153]. In another way, to reduce energy cost, work initially scheduled can 

be moved to low-tariff energy prices shift (the low energy price is normally fixed during the 

night) which can impact the workers attitude due to the night context [154]. This attitude change 

can lead to a waste increasing (including material and energy), the later directly negatively 

impact the EEI. 

In summary, with regards to the statement developed in section 2.2.1 and section 2.2.2, 

problems have been underlined in link to the definition of EEI at different abstraction levels of 

a manufacturing system by considering interaction between these EEIs but also impact factors.  

This report can be reinforced, in industry area, by the gaps identified by [155]–[157] and 

summarized in Table 5 [158]. 
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Table 5. The research gaps and industrial needs addressed in industrial system  

 

It leads to isolate a first scientific issue which is:  

Definition and formalization of Energy Efficiency Indicator - EEI usable in decision-

making process of industrial (manufacturing) system [Scientific issue n°1] 

This first scientific issue is addressing only the EEI … and not the other EE views. This 

consideration is not sufficient in the context of industrial decision-making. Indeed, EEI is 
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representative of an EE value but not on the evolution of this value. In that way, it is necessary 

to investigate the concept of EEP in which P is representative of EE performance allowing to 

discuss on “How and when energy is efficiently/inefficiently used?”.  

2.2.3 EEP concept for evaluating the residual life energy 

An answer to the following question cannot result only by focusing on EEI. Indeed, EEI is 

represented only by a value. This value needs to be compared with a reference to know if the 

system is energy efficient or not [51]. This reference should be representative of energy 

properties expected for the manufacturing system. It is named EEI threshold, technically and/or 

economically fixed in advance, given the current, past and future operation conditions, etc. In 

most of the cases, this threshold value is evaluated according to similar manufacturing facilities 

or best practices performance or from EE standard. 

The comparison is normally done at a specific time. Thus it is a comparison at “discrete” time 

taking into account the past and current values of the EEI. It is not integrating the potential 

evolution of EEI [159]. Indeed, the consideration of the predicted EE evolution (taking into 

account the future values of impact factors) could be useful to determine the future time when 

the system is starting its operation in a non-energy efficient space. The difference between the 

future time and the current time can give advanced information about EE performance (not 

only to answer the  question: is a component/system energy efficient or not? but also when will 

a component/system be considered as inefficient?)[160], [161]. 

Thus, this EEP value is assimilated to the residual energy efficient time to be used by the 

decision-makers to keep the control of the system in the energy-efficient space. Nevertheless, 

EEP is not really developed today in manufacturing system because it is difficult to assess the 

EEI evolution. It leads to isolate a second scientific issue which is:  

 Foundation of an energy efficiency performance (EEP) concept for evaluating residual 

life energy [Scientific issue n°2] 

Indeed, the EEI evolution (due to component/system behavior) can be very different 

according to the setting/values of the different impact factors (e.g. operation mode, load profiles, 

new control technique, etc.). Thus it leads to EEP upheaval during all the system life by 

considering also the system dynamics (e.g. impact factors) [88], [89]. This upheaval is a real 

problem for EEP evaluation. 



Chapter 2 Scientific problem statement on EE concept and its application in CBM maintenance decision-making  

38 
 
 

2.2.4 Evaluation of EEI/EEP in dynamic context 

2.2.4.1 EEI as a function of impact factors  

As explained before, EEI evolution can be very different according to the impact factors 

evolution (mainly, for example, degradation value, system age). It means that there are many 

difficulties to control global EE under the dynamics of the system. Thus, EEI (energy 

consumption and output) can be presented by a function which take into account these impact 

factors as its variables. Indeed, the evolution of impact factors can be random and/or stochastics 

e.g., EE of electrical power generated by photovoltaic system can be impacted by the 

environment temperature, dust development and sunlight radiation [67], [162]. It leads to consider 

also EEI evolution and EEP as stochastic evolution. In that way, one important step in the 

master of EEI/EEP is to select the right tool to predict the evolution of impact factors. This 

selection step can be referred to existing prognostic tools/approaches.  

2.2.4.2 From existing prognostic approaches … to a specific one dedicated for EEI 

prediction 

Prognostics is fully defined by Voisin [163] as the prognostics process which aims to “predict 

the future health of the system”, and “generate the different RUL (Remaining Useful Life) for 

each detected (current) or potential degradation/failure mode”. Its goal is the prediction of how 

much time left before a failure on a system occurs, considering its current state, past and future 

operating conditions. Indeed, the prognostics concept has been introduced and successfully 

applied in various applications [164]–[167] mainly to predict the evolution of “health” 

conditions and then estimate the RUL. This prediction integrates the degradation evolution 

generally calculated from a set of data well representative of the past, and current health of the 

system. After that, this evolution and recorded failure events are used to estimate the RUL value. 

To support this prediction, various approaches have successfully been applied on different types 

of “health” conditions are experience-based prognostics, model-based prognostics and data-

driven prognostics. 

Nevertheless, the existing prognostics approaches are dedicated mostly to predict the 

evolution of one indicator of the system health (one by one without considering aggregated 

indicator) [163] which is not full satisfactory with the problem to support prediction of impact 

factors with regards to EEI/EEP. Indeed, regarding to the complexity of EEI/EEP (EEI is seen 

as a function of several impact factors), these existing prognostic approaches seem difficult even 

no longer to be directly applied for EEI prediction. It is needed to investigate new directions (ex. 
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combination of approaches) to support the expected prediction steps. It leads to isolate a third 

scientific issue which is:  

Development of generic approach for prognostics of EEI at different levels of a 

manufacturing system [Scientific issue n°3] 

Therefore, the EEI value and its evolution prediction (as analyzed in the previous sections) 

could be integrated in the decision making processes of the manufacturing system to master the 

EEI/EEP as close as possible on its nominal value. More precisely this mastering requirement 

can be supported by the maintenance decision-making process, mainly CBM one, by considering 

EE as a condition. 

2.3 How to use EE in CBM strategies? 

This consideration of EE in maintenance decision making-process and more precisely in 

CBM is directly related to challenge 2 defined in chapter 1. So, at this stage, it is important to 

focus on the assimilation of EE as a condition in CBM strategy (see section 2.3.1), and then on 

the assessment of EE-based CBM in terms of costs and benefits (see section 2.3.2). 

2.3.1 Using EE as main condition for CBM strategies 

From the maintenance strategies positioning developed in chapter 1, CBM has been identified 

as the best strategy among maintenance ones to achieve EE considerations because the 

maintenance action in CBM is decided at the right time on the basis of real monitored 

“conditions” of a manufacturing system (with regards to the right threshold). Indeed, CBM is 

performed when one or more indicators show that component/system is going to fail or that 

component/system performance is deteriorating (indicator value is over a threshold). 

Thus, the tracking of this performance is generally done on conventional indicators 

(sometimes integrating energy considerations) but should be extended to sustainability 

requirements (in terms of degradation impact; EEI then EEP). Indeed, tracking a conventional 

indicator or a sustainable one could use the same techniques and brings similar advantages. In 

that way, the EEI/EEP (EEI or EEP) can be determined as the “condition” to be tracked to know 

if the energy performance of manufacturing system is deteriorating. In this case, if the EEI/EEP 

value is crossing the EEI/EEP threshold it is not leading to consider the component/system as 

failed but to consider the system as operating in a non-energy efficient space (it is crossing the 

border between energy efficient space and non-energy efficient space). Therefore, some 
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maintenance actions can be implemented for restoring EEI/EEP at the correct values (to go back 

to energy efficient space) knowing that these actions have to be justified also with regards to 

cost (direct and indirect ones for arguing on the benefits issued from restoring the EEI/EEP 

values) [7] [116].  

Furthermore, EEI value at system level, which could be calculated from EEI value of 

individual components, presented the state of using energy efficiency for group of components, 

thus the possibility to develop the group of maintenance instead of based on individual 

maintenance.  

Nevertheless, today EEI/EEP are not really taken into account in CBM and just a little in 

maintenance decisions in general. For instance, [16] proposed to use EE performance as an 

objective for maintenance by updating periodic maintenance on EE evolution, but mainly on 

mastering the deterioration of machine tool (a Markov process application). Moreover, [168] 

used the deterioration level of multi-bladed wind turbine system to raise the unplanned 

maintenance action for any failure items, while electrical energy as the useful output of this 

system is not fully taken into account. 

So EE is mainly seen as an auxiliary result of these previous CBM planning. In addition, 

energy can be saved by optimal periodic preventive maintenance [7] or can impact preventive 

maintenance by considering energy consumption in the case of minimal repair [116]. 

In summary, EE in link with maintenance is mainly considered as an item to adapt preventive 

maintenance plan in terms of scheduled one but not in case of CBM strategy. So, an interest exist 

to focus on EE-based CBM while take into account the failure of machines/systems.  

2.3.2 Evaluation of the EE-based CBM 

This interest need to be demonstrated mainly by underlining the real added value (the 

benefits) of EE-based CBM. In conventional way, the evaluation of CBM added value is done 

with regards to cost. Indeed, cost is a main criteria in maintenance for finding the optimal 

maintenance strategy [169]. More precisely, the existing cost-models of CBM focuses mainly 

on the maintenance cost which is composed of preventive cost, inspection cost, corrective cost, 

etc. The energy cost may be not directly present in the sum of costs [170], [171]. It means that 

an evolution towards EE-based CBM should integrate also the impact on energy cost to the total 

cost in the way to find maintenance action optimization.  
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This energy cost can be related for a major part by implementing the “required monitoring” 

of the EEI/EEP. The monitoring can be done by sensors (direct monitoring) or by inspections 

knowing that implementing a monitoring system can reduce the cost and frequency of inspection 

task but increases the capital investment of the manufacturing system [95], [172]. For example, 

Jin [173] used power consumption to map all potential failure modes with railway point 

machines without deploying directly inspection task. So, an energy monitoring system can be 

used to locate faults in manufacturing system [23] which can help to reducze the inspection time 

and related costs (e.g. production loss when implementing inspection task). 

In summary, this EE consideration in CBM in terms of “condition” but also in terms of the 

benefits to be supported (with a specific focus on cost by integrating inspection cost, sensor cost 

etc.) leads to isolate a fourth scientific issue which is:  

Foundation of EE-based CBM [Scientific issue n°4] 

2.4 Conclusions 

The chapter 2 focused, from the two challenges identified in chapter 1, on the scientific 

problem statement related to them. It leads to defend EEI as an emergent sustainability indicator 

and as relevant KPI for maintenance decision-making in manufacturing system. EEI is then 

considered through its evolution in the dynamic context of the system to argue the EEP concept. 

These static and dynamic considerations of EE allows to conclude on the pertinence of EEI/EEP 

on several abstraction levels (component, function, system level) of manufacturing system in the 

way to aid decision-making. Finally, investigation of integrating EEI/EEP into CBM strategies 

is studied.  

Therefore, from the problem statement developed, we have positioned 4 main scientific issues:  

- Definition and formalization of Energy Efficiency Indicator - EEI usable in decision-

making process of industrial (manufacturing) system (Scientific issue n°1);  

- Foundation of an energy efficiency performance (EEP) concept for evaluating 

residual life energy (Scientific issue n°2);  

- Development of generic approach for prognostics of EEI at different levels of a 

manufacturing system (Scientific issue n°3); 

- Foundation of EE-based CBM (Scientific issue n°4). 
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These scientific issues are the basis to found our contributions developed then on the next 

chapters as follows:  

Chapter 3 tackles the scientific issue n°1 and n°2, by detailing the EEI/EEP concept and 

develop a generic formalization of EEI/EEP at each level of abstraction (component, function, 

system) of an industrial system.  

Chapter 4 addresses scientific issue n°3 by proposing a generic approach for prognostics of 

the evolution of EEI allowing to estimate the time left before the manufacturing system loses its 

energy efficiency property. 

Chapter 5 aims at validating the contributions developed in chapter 3 and 4. In that way, the 

contributions are applied on TELMA platform. 

Chapter 6 tackles scientific issue n°4 by contributing with the foundation of integrating EE 

into CBM decision-making. This contribution is also illustrated in TELMA platform. 
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Chapter 3 
EEI and REEL: concept and formulation for 
industrial applications  

 

3.1.  Introduction 

This chapter describes the contributions we proposed with regards to the two first scientific 

issues identified in chapter 2. In fact, we present an EEI concept with consideration of time-

dependent degradation behavior for manufacturing systems at several abstraction levels such as 

component, function/system levels. In addition, the quantification of EEI by means of EEI 

formulations is proposed to evaluate its values. Since EEI may deteriorate with time, a question 

arising is when EEI reaches its critical threshold which could be seen as an energy efficiency 

property/target to be guaranteed. In that way, we propose a novel concept, namely the Remaining 

Energy-Efficient Lifetime (REEL), for representing energy efficiency performance (EEP) in an 

anticipation vision. REEL can be used for various decisions-making processes but mainly in 

maintenance ones (e.g. maintenance optimization) to be consistent with the frame of this thesis.  

3.2. Concepts of energy efficiency indicators for industrial systems 

As already defended in chapter 1, in manufacturing systems, both energy consumption and 

useful output [47], [57], [81] are two main information to be mastered by owner. The 

characteristics of this information allow to form the different categories of EEI normally usable 

at the different abstraction levels of the decision-makers mainly in terms of energy consumers 

and usage functions. Nevertheless, any of these categories can be used directly to fix these EEI 

requirements as shown in Table 4 of chapter 1 and leading to a first part of the scientific issue 

n°1 which is related to EEI identification. In that way, we propose a more general classification 

of these EEIs based on their potential applications (Figure 8). 
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Figure 8. Concepts of EEI and their potential applications [174] 

This classification highlights that the different EEI concerned by manufacturing levels are 

located from “global system” to “components/equipment” (level aggregation axis). Moreover, 

only the category related to “physical-thermodynamic indicators” (see chapter 2) is highlighted 

to serve as a basis for formulating these EEI on these levels. Indeed, physical-thermodynamic 

indicators integrate items as energy consumption and products delivery. Thus, based on the 

category of physical-thermodynamic indicators, and to answer to the formulation need express 

in scientific issue n°1, we propose, for manufacturing, to define EEI as: 

𝐸𝐸𝐼 =
E

O
, (3.1) 

where E is the total used energy input, 𝑂 is the useful output in physical units.  

By definition, EEI provides the amount of energy consumed to produce a useful output unit. 

So, the lower the EEI value is, the lower consumed energy to produce one unit of useful output. 

EEI could be used in various decision-making processes, e.g., maintenance, control decision-

making. For example, based on the current value of EEI of a component, efficiency of the 

component in using energy can be evaluated, and then decision-makers can choose whether to 

trigger a preventive maintenance action on components or not.  

In link to the decision-making needs, the previous formulation has to be investigated on 

different abstract levels. In the frame of thesis, we focus only on two layers: component level 

and function/system one. 
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3.2.1 Energy efficiency indicator at component level 

The “component” is seen as the basic element which works with others at downstream level 

to perform the function of upstream level. By using Equation (3.1), EEI of a component i at time 

t is defined as follows:  

𝐸𝐸𝐼𝑖(𝑡) =
𝐸𝑖(𝑡)

𝑂𝑖(𝑡)
,  (3.2) 

where 𝐸𝑖(𝑡), 𝑂𝑖(𝑡) are respectively the energy consumed and the useful output of component 

i within one time unit (from (t-1) to t). The time unit could be an hour, a day, a month, etc. 

depending on the time interval of decision-making. We assume that the output of component i 

is unique and measurable. It should be noted that when the output of a component is uncountable 

or invisible such as when an electrical equipment or production process unit is pending and its 

auxiliary system may however remain running and consuming energy, the definition of EEI is 

slightly different. In fact, in this case, EEI is the ratio of energy inputs to energy outputs [175]. 

In that way, 𝑂𝑖(𝑡) in Equation (3.1) represents the energy useful output ( hidden in physical 

outputs) and EEI mean (consist with the thermodynamic indicator).  

In fact, component i may consume different kinds of energy sources which comes in different 

common forms (gas, fossilized fuels, electricity, light, etc.) and measured by  International 

System (SI) of Units (Btu or BTU (British Thermal Unit), ton of coal equivalent (tce), kilowatt-

hours (kWh), Joules (J), etc.). Thus, to calculate the total energy of a component, its energy 

inputs expressed in different forms need to be converted into a common unit. Then, the total 

energy consumption of component i, which uses different energy sources (measured by tons of 

coal, kWh, etc.), can be calculated with following formulation:  

Ei(t) = ∑ θijETij(t)

l

j=1

, (3.3) 

where 𝐸𝑖(𝑡) is the total energy consumed by component i, 𝐸𝑇𝑖𝑗(𝑡) is the amount of consumed 

energy sources j (j=1-l), 𝜃𝑖𝑗  is energy conversion factor of the energy type j to the common 

energy unit of component i. The conversion factor 𝜃𝑖𝑗  between different energy units is based 

on the SI units, e.g., 1 Wh = 3.412 Btu, 1 tons of coal = 19,882,000 Btu. The energy consumption 

𝐸𝑇𝑖𝑗(𝑡) of energy type j (measured by Wh, Btu, etc.) can be monitored or calculated directly by 

different power meters. 
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In the same manner, component i may produce different types of products/services. A 

common product (the number/hours of services, tons of steel, etc.) needs to be defined to 

measure the amount of useful output. The output conversion factor of each type of product is the 

amount of common output which is considered equivalent to one unit. Actually, the output 

conversion factor for each product is fixed in advance by the decision-maker. In that way, if 

component i produces m types of product in one period, its total outputs measured/converted in 

common unit of output can be calculated as:  

𝑂𝑖(𝑡) = ∑ 𝛾𝑖𝑗𝑂𝑇𝑖𝑗(𝑡)

𝑚

𝑗=1

, (3.4) 

where 𝛾𝑗𝑖 is the conversion factor of the output type j in the common unit of output of 

component i, and 𝑂𝑇𝑖𝑗(𝑡) is the amount of product type j (j=1-m). 

Example 3.1: 

Consider a system which is composed of 3 machines M1, M2 and M3. The structure of the 

system is shown in Figure 9. The physical output of the system, namely product B, is processed 

through two phases: phase 1 on machine M1 and phase 2 on machines M2 or M3. The 

intermediate products A, which is the physical output of machine M1, are needed to produce the 

final product B of system. 60% output of M1 enters M2 and the rest enters M3. It is assumed 

that, at time t, the energy consumption of M1, M2 and M3 is 20kWh, 3412 Btu and 30 kWh 

respectively. The useful outputs of M1, M2, and M3 are 200, 40 and 60 products per hour 

respectively.  

Figure 9. Manufacturing system of 3 components 

M1 

M2 

 

M3 

 

𝐸1(t) = 20 𝑘𝑊ℎ  

𝐸2(t) = 3412 𝐵𝑡𝑢  

𝐸3(t) = 30 𝑘𝑊ℎ 

𝑂1 = 200 𝑂3 = 60 

𝑂2 = 40 

A 

B 

B 

40% 

60% 



Chapter 3 EEI and REEL: concept and formulation for industrial applications  

47 
 
 

By using Equation (3.2), we obtain EEIs at the component level. Hence, EEIs for M1, M2 

and M3 are EEI1(t) =
20

200
= 0.1 (kWh per product ), EEI2(t) =

3412

40
= 85.3 (Btu per 

product), and EEI3(t) =
30

60
= 0.5 (kWh per product) respectively. 

3.2.2 Energy efficiency indicator at the function/system level 

We focus now on a function or system which is composed of n components interconnected 

according to a given configuration. It is assumed that only one kind of useful outputs of the 

function/system is considered. We are interested in the evaluation of EEI for this function/system 

from the EEI values at component level by bottom-up methods.  

Based on Equation (3.2), EEI for this function/system is expressed as follows: 

𝐸𝐸𝐼𝛴(𝑡) =
𝐸𝛴(𝑡)

𝑂𝛴(𝑡)
, (3.5) 

where 𝐸𝛴(𝑡), 𝑂𝛴(𝑡) are the total energy consumption and the total useful outputs during one 

time unit (from (t-1) to t).  

In one hand, we assume here a unique unit of Ei for each component i. The unique unit of 

energy input for different components may also be different. To evaluate the total consumed 

energy of the function/system, all energy input of downstream components need to be converted 

to a common one, e.g. kWh. Moreover, 𝐸𝛴(𝑡) may not equal the sum of the total input energy 

of each component [57] due to the energy transformation from upstream components to 

downstream ones according to the energy flows direction. Nevertheless, the total input energy 

of a function/system can be calculated from the input energy of its components. In that way, we 

propose the following evaluation equation: 

𝐸𝛴(𝑡) = ∑ 𝜆𝑖𝐸𝑖(𝑡)

𝑛

𝑖=1

, (3.6) 

 where λi represents the energy weighting factor. An energy weighting factor of any 

component link directly to its consumed energy and energy-losses (cannot be transferred to other 

components), which mainly depend on the dynamic context of the manufacturing system 

(formulated as impact factors in EEI formalization). As an illustration, for the manufacturing 

system above (Example 3.1), all components directly consume the imported energy and unique 

unit of the total consumed energy is kWh, thus λ1 = λ3 = 1 and λ2 = 0.000293. As a result, 

the total consumed energy is EΣ(t) = E1(t) + 0.000293 ∗ E2(t) + E3(t) = 60 (kWh). 
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On the other hand, the output may have different types of products/services. The converting 

task to add multiple forms of outputs should be considered. In this case, it is needed to consider 

the weighting factor of separate systems or unit processes to produce one output type as: 

𝑂𝛴(𝑡) = ∑ 𝜇𝑖𝑂𝑖(𝑡)𝑛
𝑖=1 , (3.7) 

where μi stands for the output weighting factor associated to component i. In case of the 

common form of physical output volume is fixed at this upstream level, the output weighting 

factor μi can be used to express the change in the real physical output of each component at 

downstream level, and the variation in the prices effects has been ignored to avoid the impact of 

having different units [131], [176]. The weighting factors for different products present 

appropriately the amount of energy needed to produce each of the products [176] and remaining 

constant for all time points in the analysis.  

Although Equation (3.5) can be used to calculate EEIs at upstream levels, but it can 

demonstrate the relationship between the EEIs of upstream levels and downstream levels of 

industrial system. By replacing the measured/stochastic values of total energy consumption and 

total physical output presented, with calculated values by Equations (3.6), (3.7) into Equation 

(3.5), EEI for a function/system is defined as: 

𝐸𝐸𝐼𝛴(𝑡) =
∑ 𝜆𝑖𝐸𝑖(𝑡)𝑛

𝑖=1

𝑂𝛴(𝑡)
= ∑ 𝜆𝑖

𝑛

𝑖=1

𝑂𝑖(𝑡)

𝑂𝛴(𝑡)

𝐸𝑖(𝑡)

𝑂𝑖(𝑡)
 (3.8) 

→ 𝐸𝐸𝐼𝛴(𝑡) = ∑ 𝜆𝑖𝑛
𝑖=1 𝜔𝑖(𝑡)𝐸𝐸𝐼𝑖(𝑡)  (3.9) 

with 𝜔𝑖(𝑡) =
𝑂𝑖(𝑡)

𝑂𝛴(𝑡)
 (3.10) 

It is clear that Equation (3.9) allows evaluating EEI of a function/system from EEIs of its 

components. These weighting factors may be not always available and need to be estimated. 

Furthermore, they are may be time-dependent. It should be noticed that several approaches have 

been proposed to support the weighting factors consideration for energy efficiency applications 

(energy consumption and output) at multi-levels of industrial sectors [27], [131]. For example, 

several approaches can be used to calculate these weighting factors [27], [53], [176]–[178]. 

Example 3.2: 

Reconsider the example 3.1 presented in Figure 9, the total output of the system is 𝑂Σ = 𝑂2 +

𝑂3 = 100 products per hour (𝜇1 = 0, 𝜇2 = 𝜇3 = 1). EEI for the system can be calculated in 
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two ways. By using directly its definition presented by Equation (3.5), we get 𝐸𝐸𝐼Σ =
𝐸Σ

𝑂Σ =

0.6 kWh per product. We can also obtain 𝐸𝐸𝐼Σ using the aggregation model presented by 

Equation (3.9): 𝐸𝐸𝐼Σ(𝑡) = ∑ 𝜆𝑖𝑛
𝑖=1 𝜔𝑖(𝑡)𝐸𝐸𝐼𝑖(𝑡) = 1 ∗ 2 ∗ 𝐸𝐸𝐼1 + 0.000293 ∗ 0.4 ∗ 𝐸𝐸𝐼2 +

1 ∗ 0.6 ∗ 𝐸𝐸𝐼3 = 0.6 (
kWh

product
) with 𝜔1 =

𝑂1

𝑂2+𝑂3 =
200

100
= 2; 𝜔2 =

𝑂2

𝑂2+𝑂3 =
40

100
= 0.4; 𝜔3 =

𝑂3

𝑂2+𝑂3 =
60

100
= 0.6 and 𝜆1 = 1; 𝜆2 = 0.000293; 𝜆3 = 1. 

So these two Equation (3.5) and (3.9) are presented to calculate the EEI at upstream levels to 

tackle the scientific issue n°1 about the formalization of EEI at system level (with EE data of 

components). Indeed to calculate the EEI in the link from the downstream levels to the upstream 

levels, the mathematic Equation (3.5) can be used to directly calculate the EEI at upstream level 

when the measure of energy and physical output is available. By the same principle to convert 

the different forms of energy and physical units, the weighting factors of each component at 

downstream levels need to be calculated to estimate the final EEI at upstream level (Equation 

(3.9)). EEI may be subjected to degradation with time due to the evolution of the manufacturing 

system and its environment.  

3.3. Remaining Energy-Efficient Lifetime 

As presented in the chapter 2, mastering the EEI during the lifetime of industrial system 

(knowing its evolution) can provide useful information for decision-maker during the decision-

making process. It means to consider EEI not only as a value but also its evolution as advocated 

by EEP concept. 

3.3.1 Concept of the Remaining Energy-Efficient Lifetime 

It has been shown in a large number of works such as [52], [63], [158] that the energy 

consumption and/or the useful output of an object (component, function or system) are usually 

subject to degradation with time due to aging phenomena and/or the evolution of the operating 

conditions. As a consequence, EEI may deteriorate with time. In relation to this degradation, we 

can define a critical threshold, denoted 𝐸𝐸𝐼𝑇ℎ𝑟𝑒𝑠𝑜𝑙𝑑, by which an manufacturing object 

(component, function/system) is considered as having lost its energy efficiency property when 

its EEI value reaches the critical threshold. In that way, from a practical point of view, it is 

interesting to know when the object loses its energy efficiency property as highlighted in chapter 

2 (see section 2.2.3). This specific period of time (between current time and expected time when 

the manufacturing system starts using energy inefficiently) leads to estimate the residual energy 
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efficient life of manufacturing (EEP). To this end, we propose a concept, namely the REEL, 

present the remaining energy-efficient lifetime. This REEL is equivalent to the EEP and leads 

to give answer with regards to scientific issue n°2 (chapter 2). 

Indeed, REEL of an object is defined by the time left before an object loses its energy 

efficiency property which is technically and/or economically fixed in advance, given the current 

condition, past and future operation profiles. Mathematically, REEL at time t can be expressed 

as:  

𝑅𝐸𝐸𝐿(𝑡) = {(𝑇: 𝐸𝐸𝐼(𝑡 + 𝑇) = 𝐸𝐸𝐼𝑇ℎ𝑟𝑒𝑠ℎ𝑜𝑙𝑑|𝐸𝐸𝐼𝑡 < 𝐸𝐸𝐼𝑇ℎ𝑟𝑒𝑠ℎ𝑜𝑙𝑑)} (3.11) 

 

Figure 10. Illustration of the REEL and its variants 

 By definition, if 𝐸𝐸𝐼(𝑡) evolves stochastically, 𝑅𝐸𝐸𝐿(𝑡) is then a positive random variable. 

In this case, several variants of the REEL can be specified:  

- Mean Remaining Energy-Efficient Lifetime (MREEL) is defined as the mean time left 

before an object loses its energy efficiency property. Mathematically, MREEL at time t 

can be defined as: 

𝑀𝑅𝐸𝐸𝐿(𝑡) = 𝐸[𝑅𝐸𝐸𝐿(𝑡)], (3.12) 

where 𝐸[𝑥] is the mathematical expectation of x. 

- Remaining Energy-Efficient Lifetime with a given probability q, namely QREEL, is 

defined as the left time before an object loses its energy efficiency property with a given 

confident level q:  

𝑄𝑅𝐸𝐸𝐿(𝑡, 𝑞) = sup {𝑣: 𝑃(𝐸𝐸𝐼(𝑡 + 𝑣) < 𝐸𝐸𝐼𝑡ℎ𝑟𝑒𝑠ℎ𝑜𝑙𝑑) = 𝑞|𝐸𝐸𝐼(𝑡) < 𝐸𝐸𝐼𝑡ℎ𝑟𝑒𝑠ℎ𝑜𝑙𝑑} (3.13) 
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It is clear that MREEL and QREEL are deterministic. As a consequence, their uses for 

decision-making could be simpler than REEL. Figure 10 illustrates the concept of the REEL and 

its variants.  

3.3.2 Evaluation of the Remaining Energy-Efficient Lifetime at component level 

By definition, to evaluate the REEL of a component, it is necessary to quantify the potential 

evolution of EEI. The energy consumption and/or the useful output may depend on different 

impact factors. As a consequence, it is important to identify several impact factors/features that 

impact the energy consumption and/or the useful output of a component. In a general manner, 

we classify these impact factors into two categories: static factors (SF) which are impact factors 

whose evolution in time is deterministic and often known in advance (e.g., production 

planning/load profiles, human skills, etc.); dynamic factors (DF) whose evolution in time is 

random and often unknown, e.g., environment condition, deterioration features, etc. To predict 

the evolution of the DF, several existing prognostic approaches (see chapter 4.2) may be used.  

Based on the value of these impact factors, the energy consumption E𝑖(t) and the useful 

output O𝑖(t) may be directly evaluated. However, if the relationships between the impact factors 

and the energy consumption/useful output may be stochastic and unknown, an estimation is then 

needed. 

In that way, a generic model of energy efficiency based on the proposed formulation of energy 

consumption E𝑖(t) and useful output O𝑖(t) are the following: 

𝐸𝐸𝐼𝑖(𝑡) =
𝑓(𝑡, 𝑆𝐹𝐸 , 𝐷𝐹𝐸)

𝑔(𝑡, 𝑆𝐹𝑂 , 𝐷𝐹𝑂)
 (3.14) 

𝐸𝑖(𝑡) = 𝑓(𝑡, 𝑆𝐹𝐸 , 𝐷𝐹𝐸) (3.15) 

𝑂𝑖(𝑡) = 𝑔(𝑡, 𝐷𝐹𝑂 , 𝐷𝐹𝑂) (3.16) 
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Figure 11. The REEL evalution at the component level 

It is important to note that f and g may be nonlinear or stochastic. Based on the future 

evolution of EEI, the REEL can be evaluated. The illustration of the REEL evaluation process 

is given by Figure 11. 

Example 3.3: 

We are considering another example related to water supply systems, for the consideration of 

its EEI as a function of different impact factors. In relation to this system, [140] proposed the 

equation to calculate the energy consumption:  

𝐶𝐸𝐿 =
𝜌. 𝑔. 𝑄. 𝐻

𝜂𝐵 . 𝜂𝑀
. ∆𝑡 =

𝜌. 𝑔. 𝑄. (𝐻𝐺 + Σ
𝑓.𝐿.𝑣2

𝐷.2.𝑔
+ Σ

𝑘.𝑣2

2.𝑔
)

𝜂𝐵 . 𝜂𝑀
. ∆𝑡 (3.17) 

Where:  

𝐶𝐸𝐿 is the energy consumption by each motor-pump set [Wh];  

𝜌 is the water density [kg/m3];  

𝑔 is gravity acceleration [m/s2];  

𝑄 is the pumped flow [m3/s];  

𝐻 is the total height of the pump lift [m]; 

𝜂𝐵 and 𝜂𝑀 are pump and motor performance respectively [%];  

∆𝑡 is the running time of the motor-pump set [hours];  

𝐻𝐺  is the geometric head of the elevation [m];  
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𝑓 is the pipe friction factor [0-1];  

𝐿 is the pipeline length [m];  

𝑣 is the average flow velocity in the pipe [m/s1];  

𝐷 is pipe diameter [m];  

𝑘 is the coefficient of head loss of each singularity [0-1]. 

If the useful output is considered as the total volume of delivered water, the total output can 

be calculated as:  

𝑂𝐸𝐿 = 𝑄. ∆𝑡 (𝑚3) (3.18) 

𝐸𝐸𝐼𝐸𝐿 =
𝜌. 𝑔. (𝐻𝐺 + Σ

𝑓.𝐿.𝑣2

𝐷.2.𝑔
+ Σ

𝑘.𝑣2

2.𝑔
)

𝜂𝐵. 𝜂𝑀
 (𝑊ℎ/𝑚3) (3.19) 

In link to our frame, the two impact factors (geometric head (𝐻𝐺) and length of pipelines (𝐿)) 

are considered as static factors. Their values can be changed during the time but are known in 

advance based on load development plan. The other impact factors (pump (𝜂𝐵) and motor (𝜂𝑀) 

efficiencies, pipe friction factor (𝑓), quantity and condition of singularities (Σk)) are considered 

as dynamic factors. By using the Equation (3.19) with the predicted value of its impact factors, 

the EEI value of pumping can be predicted. 

It is important to note that predicting the evolution of EEIs is a difficult task and cannot be 

based on only one prognostics approach. For example, the deterioration of bearing, which 

impacts the energy efficiency performance of rotating machines, may be predicted based on 

vibration signals by using data-driven prognostic approaches [107], [179]. 

3.3.3 Evaluation of the Remaining Energy-Efficient Lifetime at higher level 

At the function/system level, the operation programs or system functions have strong impacts 

on the running modes of each component. An efficient equipment could lose its optimal working 

point with regard to the running modes of the system. In this case, there is a high opportunity in 

energy efficiency improvement at system level due to the non-optimal working points, lack of 

skills of operators or low awareness of managers [60]. 

Firstly, the energy consumption and the useful output of lower level units can be changed 

according to various system structures, which are defined as set of operation procedure of lower 

level units i.e. components. Indeed, several operation profiles can be implemented to conduct 
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functions of an industrial system. Thus the contribution of each lower level unit to the energy 

consumption and the useful output of higher levels may be modified thereby. For example, in 

the hot-dip galvanized steel sheet production process, if the thickness of steel sheet output is 

decreased, the motor-driven roller system will consume more electrical energy while the energy 

consumption of the auxiliary systems like lighting and conveyors is seen unchanged. The system 

boundaries, constraints and future operation profiles that can impact EEI have to be identified 

and classified [180].  

Instead of only using the predicted energy consumption and the useful output of lower level 

components, the contribution of all components is requested to calculate EEIs at the 

function/system level. The contributions of components are influenced by future operation plans 

which can be a set of operation modes corresponding to any forecasted production requirements. 

From Equation (3.9), EEIΣ(𝑡) for a function/system at any time point t is affected by the 

weighting energy factors, the weighting physical factors of all components and other parameters 

such as system structures, dependencies between components, production schedules, support 

systems, operation conditions and management. Information on the function or system will be 

used to assess the weighting factors associated with overall energy consumption and those 

related to productivity. It is necessary to note that these factors may change over time. Figure 12 

illustrates the process of predicting REEL at the level of a function or a system. 

 

Figure 12. Procedure to evaluate REEL at function/system level 

At this stage now, it is necessary to predict the potential evolution of EEIs in order to estimate 

the REEL. It is however noticed EEIs may depend on different factors (SF and DF), hence 

predicting the potential evolution of EEIs may be not easy.  
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3.4. Conclusion 

In this chapter, with regards to the first scientific issue, an energy efficiency indicator (EEI) 

based on the physical-thermodynamic indicators analysis is defined at both component and 

function/system level of a manufacturing system. This EEI concept is developed to be consistent 

with existing EE standards/frameworks. It can be expressed as the ratio of energy input over the 

useful output of industrial system and this for different abstraction levels. Then a general 

formulation of EEI is proposed by taking into account the static and dynamic impact factors by 

using Equations (3.14), (3.15), and (3.16). In order to evaluate the EE performance to tackle the 

second scientific issue, a novel concept namely remaining energy-efficient lifetime (REEL) 

providing the time left before a component/function/system losses its energy efficiency property 

is proposed. This concept can be seen as a transformation of RUL concept and the generic 

formalization of REEL is constructed on the Equations (3.11), (3.12) and (3.13). In that way, 

REEL is representative of EEP in the future. Based on the developed concept and formulation 

of EEI/REEL, in the next chapter a generic approach will be developed to predict the potential 

evolution of EEI and estimate REEL. 

Furthermore, the use of EEI/REEL in condition-based maintenance decision-making will be 

described in Chapter 6. 
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Chapter 4  
Generic approach for prognostics of the 
evolution of EEI and REEL 

 

4.1. Introduction 

This chapter describes our contribution related to the scientific issue n°3 pointed out in 

chapter 2. As mentioned in chapters 1 and 2, predicting the evolution of EEI is crucial for 

estimating REEL. It is however shown that the existing prognostic approaches cannot be directly 

used to support this prediction due to the complexity of EEI. Therefore we propose, in this 

chapter, a generic approach which can help to select the appropriate existing prognostic 

approaches and their combination for predicting the potential evolution of EEI and estimating 

REEL. In that way, a short review on the existing prognostic approaches are firstly discussed. 

This provides a classification on the prognostic models and their potential applications. A 

generic approach for prognostics of EEI/REEL, from theses existing prognostics models, at both 

component and function/function level is then proposed. This approach is based on the three 

steps and each step is detailed. 

4.2. Short review on existing prognostic approaches for RUL prediction 

Indeed, predicting the EEI evolution in link to the dynamic context of the system (e.g. impact 

factors) could be referred to the use of conventional prognostic approaches to predict the RUL 

of component/system. For the prediction of the RUL, a large number of prognostic approaches 

have been proposed and classified into three categories (Figure 13): 

 Experience-Based Prognostics: This type of approach is based on the exploitation of 

knowledge on the failure or degradation of systems for the prediction of the RUL. 

Experience-based prognostic approaches are quite simple and less expensive to be 

implemented [181], [182]. However, these approaches are hardly applicable in a 

dynamic environment where a system and/or its environment evolve dynamically 

over time. Indeed, experience-based prognostic approaches strongly depend on the 

competence of experts and engineering. In addition, prognostic results are less 

accurate than model-based and data-driven prognostic methods. Nevertheless, this 

kind of approaches could be useful when historical data is very limited. 
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 Model-Based Prognostics: These approaches are mainly based on 

analytical/mathematical models to describe behaviors of systems and mechanisms of 

degradation phenomenon [183], [184]. Main advantages of model-based approaches 

are their high accuracy and flexibility in configuring input data. Of course, prediction 

accuracy of these approaches depends on the precision of the presented models. 

Furthermore, nonlinear and stochastic characteristics of industrial systems may 

increase the difficulty in building analytical models. The flexible configuration of 

systems impact the model parameters. Thus, these situations have to be taken into 

account in the real-time modifications of these models. 

 Data-driven Prognostics: These approaches allow to identify trends/patents of a 

developing fault and to predict the amount of time before it reaches a predetermined 

threshold [185]–[187] using information from historical treated data (trained data). 

These prognostic approaches can identify the real-time health condition of a system 

by various techniques such as regression analyses, Bayesian algorithms, neutral 

networks, fuzzy logics, support vector machine… These prognostic approaches are 

more precise than the first type of approaches (experience-based prognostics), in their 

ability to link with recognized system behaviors by experience methods. Despite no 

specific physical model is needed, the data-driven approaches require a monitoring 

system and learning time. 

 

Figure 13. Classification of prognostic approaches [188] 

Depending on the type of prognostics approaches, various types of information are required 

such as engineering models and data, failure history, past operating conditions, current 
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conditions, identified fault patterns, maintenance history and system degradation. Otherwise, 

RUL is mostly considered just for only one or scale “condition”, which is usually presented by 

only one degradation indicator. 

As recently mentioned in several studies, the hybrid-prognostics are mentioned to leverage 

the advantages of different prognostics models [165], [189]. The basic principal of this work are 

combines two or three previous approaches in a close loop to get benefits and limit their 

drawbacks. More reliable and accurate prognostics results obtained by hybrid approach are 

claimed [190]. 

4.3. Global view of the proposed generic approach for prognostics of the EEI evolution and 

REEL 

So, in link to the conventional prognostics approaches previously presented, we propose a 

generic approach for predicting the evolution of EEIs, which is structured on three main steps 

(Figure 14): 

 
Figure 14. Generic approach for prognostic of the evolution of EEI 

Step 1 – Energy efficiency modeling: The objective of this step is to formulate the energy 

consumption and the useful output. In this sense, first, several impact factors (degradation 

physical health, material quality, etc.) have to be identified and, then, the relationship between 

the impact factors and both the energy consumption and the useful output should be formulated. 

These impact factors already have been taken into account to develop the Equations (3.14), 

(3.15), and (3.16) of chapter 3.  

Step 2 - Prediction of the potential evolution of impact factors: The objective of this step is 

to forecast the evolution of impact factors identified in Step 1 according to the future operation 

profiles. By using an appropriate prognostic model, the future evolution of these impact factors 

may be tracked.  

Step 3 – Evaluating the evolution of EEIs and estimating the REEL: The aim of this step is to 

predict the evolution of EEIs, thereby estimating the REEL defined in Equation (3.11) by taking 

into account the results given in Step 2. 
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The procedure for applying a generic approach for prognostics of the evolution of EEIs is 

illustrated in Figure 15. This procedure can be developed both at the component level and at 

function/system levels. It is important to note that the process for components (the left part of 

Figure 15) is linked to the procedure for the function/system level (the right part of Figure 15). 

The following detailed procedures concretize and detail the generic approach leading to the 

scientific issue n°3 which is related to EEI prediction at different levels of manufacturing system. 

 
Figure 15. Generic approach for prognostic of the EEI evolution to estimate the REEL 

4.4. Step 1: Energy efficiency modeling 

As discussed in chapter 3 (section 3.2), it is necessary for modeling the energy efficiency (the 

energy consumption and the useful output) to calculate EEIs at different time points. The 

formulation of taking into account identified impact factors is the main achievements of this 

step. 
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Firstly, the abstraction levels of industrial systems, at which the prognostics approach has to 

be implemented for predicting the EEI evolution, should be addressed. Within industrial vision, 

the system is usually seen as multi-levels including component and function/system levels. 

Therefore, the bottom-up method should be applied to evaluate EEIs from the lowest 

downstream level (the component level) to the higher upstream levels (function/system level). 

The structure of levels can vary depending on the objective of decision-makers and how depth 

they can technically understand their system. So, it is required to identify the level on which the 

EE assessment has to be carried out. 

As formalized in Equations (3.2) and (3.5), a clear definition of EEIs is an essential 

requirement to secure the measurable characteristics of EEIs. It means that the unit of both the 

energy consumption and the useful output need to be defined. 

4.4.1. EEI at component level 

To find out models of energy consumption and the useful output at the component level, we 

propose a procedure composed of two phases (Figure 16).  

- Phase 1: Specifying parameters of the energy efficiency model. The objectives of this phase 

are to define the unit of EEI (the unique unit of the energy consumption and the useful output) 

and, then, to identify and classify the impact factors of EEI. This phase is based on three 

elements to specify the energy consumption and the useful output.  

 The unit of EEIs at the addressed level should be defined. The list of common units, 

which are issued from recommendation of manufacturer, standards, codes, energy 

experts, or from similarity components/processes, should be referred to select the 

most suitable unit of EEIs for downstream components. For example the EEI unit for 

air-compressor can be kWh/m3 [138]. This common unit of each component will be 

kept unchanged for all life-cycle of manufacturing system to provide the comparable 

unit to quantify its EEI. 

 The used units of the energy consumption and the useful output have to correspond 

to the defined unit of EEI. If there are different types of energy resources and 

product/services, they have to be converted to a unique unit as proposed in Equations 

(3.3) and (3.4). For example, by using again Figure 9, the unit of EEI for component 

2 can be Btu/product and kWh/product at function level. 
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Figure 16. Diagram for modeling energy efficiency of manufacturing systems  

 All impact factors of the energy consumption and the useful output should be 

identified and classified into SF and DF. This classification aims at defining what 

impact factors should be applied to prognostic approaches for predicting their 

evolution in the next step.  

All available energy data is collected through the acquisition/monitoring system to provide 

efficient relevant data at different layers of the application.  

- Phase 2: Selection of the prognostics approach for EEI prediction. If an energy efficiency 

model (energy consumption model and/or useful output model), which is a function of 

identified impact factors, already exists, this model can be used as the final selected energy 

efficiency model of the first step. Otherwise, models of the energy consumption and the useful 

output need to be developed. The proposed procedure to select and/or to develop an 

appropriate model for energy efficiency (process F1 for energy consumption modeling and 
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process F2 for the useful output modeling) is illustrated in detail in Figure 17. The latter leads 

to the following cases: 

 If physical laws related to the energy consumption and the useful output are well 

understood and available, the model-based prognostics approach may be applied to build 

energy consumption and the useful output models; 

 If historical data related to the energy consumption and the useful output with respect to 

identified impact factors are sufficient enough or recordable, the data-driven prognostics 

approach may be applied to build energy consumption and the useful output models; 

 If experienced judgment and engineering are available or sufficient enough to formulate 

the energy consumption and the useful output, the experience-based prognostics approach 

may be used. 

 
Figure 17. Procedure for prognostics approach selection of energy consumption and useful 

output modelling 

Of course, if several prognostic approaches are applicable for the energy consumption and 

the useful output, the appropriate prognostics approach should be selected based on its accuracy. 
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In that way, the model-based prognostics should be the first priority in modeling (see section 

4.2). 

4.4.2. EEI at higher level 

If a higher level has to be addressed, the definition of both input and output (energy and 

physical output) are firstly prerequisite to determine common units of each component at 

downstream levels and higher upstream level. Then, the main components contributing to the 

energy consumption and the useful output at this level should be identified (knowing that the 

energy efficiency modeling has previously been developed for each component). However, the 

contribution of the components is influenced by future operation plans of functions/systems. 

Thus the impact of function/system factors such as energy and work flows, management plans, 

production plans need to be taken into account.  

In order to technically understand the transformation of both energy and material between 

components to produce the final manufactured product at higher level, an energy flows diagram 

and production diagram need to be provided in advance (by external energy experts or 

experience data). This allows to assess the hidden energy and resources in each unit of output, 

then to identify which components at downstream level can have strong contribution on the EEI 

at higher level (as well the areas that can have major change in the future). Indeed, the energy 

flow diagram is a graph which illustrates the energy transfer between components and how 

energy can be transformed and distributed between these components. Figure 18 illustrates the 

energy flow in the case of a fan system which is combined from three main components (the 

control system, the electrical motor and the centrifugal fan) [174], [191]. The figure shows the 

relationships and the effects of an individual component on the others.  

 

Figure 18. Energy flow and Air flow output of fan system  
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In that ways, energy and material flows are analyzed to realize the contribution of each 

component to the energy consumption and the useful output at this level. This is important to 

visualize how the input energy is distributed to downstream component. Then the impact of these 

components will be materialized by their weighting factors (𝜆𝑖, 𝜔𝑖) as formulated in Equations 

(3.6) and (3.7). Then, the aggregate formulation for calculating EEIs as proposed in Equation 

(3.9) is used to estimate the energy efficiency performance at the function/system level. It is 

important to note that going from energy and material flow diagrams to weighting factors 

(𝜆𝑖, 𝜔𝑖) might be not so obvious. 

At the end of Step 1, the energy efficiency model (with the formulation of the energy 

consumption and the useful output) including the operation conditions (the impact factors and 

operation profiles) need to be achieved. The evolution in the future of the identified and 

classified impact factors will be predicted in Step 2. Then their evolution will be used with the 

energy efficiency model for predicting the evolution of energy efficiency at Step 3. 

4.5. Step 2: Prediction of the potential evolution of impact factors 

The second step of the proposed generic approach is to forecast the evolution of impact factors 

of the energy consumption and the useful output. This step is based on conventional prognostic 

approaches. In order to do so, the future operation profile (FOP) must be identified.  

4.5.1. At component level 

The potential evolution of the impact factors (both SF and DF), which are already identified 

and classified in Step 1, should be forecasted regarding to FOP. To support this task, a procedure 

is proposed and illustrated in Figure 19.  

Firstly, SF, whose evolution in time is deterministic, are usually easy to be observed in 

advance. We just make a calculation of these SF at any time point in the future to forecast their 

evolution. 
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Figure 19. Procedure for predicting the evolution of impact factors of the energy efficiency 

model 

Secondly, the future values of DF should be estimated by using conventional prognostic 

approaches. To this end, a procedure to select an appropriate prognostics approach for a dynamic 

factor is shown in Figure 20. The selection is based on the following cases: 

 If the behavior and physical laws of a dynamic factor are well understood and 

available, the model-based prognostic approaches may be applied to predict the 

evolution of the dynamic factor; 

 If historical data are sufficient enough or experiments can be implemented to record 

useful data, the model for the evolution of the dynamic factor may be built by 

processing and training the data. Then, the data-driven prognostic approaches should 

be applied to predict the trend of the evolution of the dynamic factor; 

 If the experience-based model can be built based on the knowledge of experts and 

engineering, the evolution of the dynamic factor may be predicted by using 

experience-based prognostic approaches; 

 If no prognostic approach for tracking the DF is founded, then the evolution of DF 

cannot be estimated.  
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Figure 20. Procedure for selecting prognostic approaches to predict the evolution of a dynamic 

factor 

4.5.2. At higher level  

At this addressed level, the FOP may condition the configuration and operation mode of the 

components. In that way, the set of impact factors of all components has to be determined 

according to the modification of mission profiles in the future.  

At first, the FOP should be analyzed to identify its impact on the energy and material flows 

within the addressed level. Then the contribution to the energy consumption and the useful 

output of each component will be converted into its weighting factor corresponding to different 

energy and material flows. At the end, a set of weighting factors of all components are collected 

at any time point in the future.  

It is essential at the end of Step 2 that the evolution of both dynamic and static factors needs 

to be forecasted. Their evolution will be used by the energy efficiency model to evaluate the 

evolution of energy efficiency in the next step under future mission profiles. 
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4.6. Step 3: Evaluation of the evolution of EEI and estimation of REEL  

 The objectives of this step are to evaluate the potential evolution of EEIs and to estimate the 

REEL regarding to a future condition. This step can be divided into two phases (Figure 21).  

 
Figure 21. Procedure to evaluate the evolution of EEIs and to estimate the REEL 

4.6.1. Phase 1: Evaluation of the evolution of EEI and estimation of REEL 

The objective of this phase is to predict the EEI evolution which can help to estimate the 

REEL at addressed levels. In this context, the achieved energy efficiency model of Step 1 (see 

section 4.4) under the evolution of all impact factors is used to evaluate the future value of EEIs 

at the addressed levels. 

At the downstream level, the function of the energy consumption and the useful output 

(results of Step 1) as the function of the predicted evolution of DF and the foreseen value of SF 

(results of Step 2) are used to evaluate the EEI at any time in the future. 

At the higher level, a set of weighting factors under the impact of the forecasted operation 

profiles and EEI of each component at any time point in the future will be used to evaluate the 

evolution of EEIs at the function/system level.  
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The pre-set threshold and the specific context such as the probability q referred to section 0 

should be used to estimate the REEL and its variants at both the component and function/system 

levels, see again Equations (3.11), (3.12) and (3.13). 

4.6.2. Phase 2: Online updating of the Remaining Energy-Efficient Lifetime  

The aim of the phase 2 is to update the REEL if needed. This means that the estimated REEL 

should be updated when new data/information on the current state is available. This can be done 

by turning back to the second step for recalibrating the REEL. 

By this step-by-step procedure, the EEI evolution can be predicted to estimate the REEL at 

the addressed level (component/function/system levels). It is logical that the achieved REEL can 

provide the useful information for aiding the maintenance decision-making.  

4.7. Conclusion 

In this chapter, the structure for predicting EEI evolution and the estimation of REEL lead to 

support the scientific issue No.3, but the methods to implement these evaluations need to be 

developed. 

Through this approach, EEI assessment not only at past and current time but also its prediction 

in the future is tackled thought a generic approach based on existing prognostic models. This 

generic approach allows to predict the potential evolution of EEI at different level of 

manufacturing system with a given mission profile using the formulation proposed in chapter 3. 

Based on the EEI evolution, the REEL can be estimated regarding to the EEI critical threshold 

which is associated with an energy efficiency property/performance. In fact, the proposed 

generic approach is divided into three main steps and applicable at different abstraction levels 

of a manufacturing system. These three steps are: 

- Energy efficiency modeling (Step 1); 

- Prediction of the potential evolution of impact factors (Step 2); 

- Evaluating the evolution of EEIs and estimating the REEL (Step 3). 

The proposed generic approach for prognostics of EEI/REEL is applied for a manufacturing 

platform in the chapter 5.  
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Chapter 5 
Validation of the contributions in the case of 
TELMA platform 

 

5.1. Introduction 

To illustrate and validate the concepts introduced in chapter 3 and the proposed generic 

approach for prognostics of EEI and REEL (chapter 4), a case study is investigated in this 

chapter. Indeed, the investigation is brought to a manufacturing platform, called TELMA. 

Firstly, at component level the impact factors (SF and DF) associated with each component are 

identified. Since the analytical formulation of EEI is very difficult, some experimentations are 

carried out to find numerically EEI which is a function of the impact factors. To predict the 

potential evolution of EEI, the deterioration process of dynamic factors is simulated by a Gamma 

deterioration process. The prediction result on EEI is then used to estimate the remaining energy-

efficient lifetime (REEL). For a higher level (function level), based on EEI at component level, 

the EEI of the considered “punching” function is determined which can help to estimate the 

REEL of this function.  

5.2. Presentation of TELMA platform 

TELMA platform is based on a real industrial application such as steel sheet cutting or metal 

punching. TELMA is designed for conventional training activities, simulation of online 

operation on industrial e-services and e-training in the e-Maintenance domains. TELMA 

platform is based on 4 sub-systems: a bobbin changing, an advance motor-driven system (MD1), 

an accumulator motor-driven system (MD2) and punching-cutting (Figure 22) [192]–[194]. 

Each sub-system consists of several components such as gear box, belt tensioner, motor, variable 

speed drivers (VSDs) (Altivar with and remote I/O modules) and air-compressed valves. An 

automated control system is fully dedicated to support the offline and online monitoring modes 

by integrating a monitoring system (sensors, actuators, etc.), Human Machine Interface (HMI) 

system (control screens, control boards, computers, Web-Cam, etc.), and programmable logic 

controllers-PLCs (i.e. TSX premium with web interfaces). TELMA consumes mainly electrical 

energy to form the “simulated” steel strip into shaped steel-sheets, and increasing the number of 



Chapter 5 Validation of the contributions in the case of TELMA platform  

72 
 
 

formed steel-sheets (considered as the final output of TELMA) obtained per hour corresponding 

to the main economic productivity performance of TELMA. 

TELMA platform is also equipped with software and hardware components to be able to 

simulate the degradation process (such as deterioration of bearing systems, belts and rollers) and 

the failure modes like “Belt break”. Indeed, in TELMA platform, it is very difficult to create a 

real deterioration phenomena or a real failure of the component due to the fact that (i) the 

operating time of TELMA is not long enough for deterioration/failure appearing and (ii) failure 

costs are very high (failed components costs). However, to develop experimentation related to 

maintenance, several specific software and hardware are implemented on the platform (e.g. a 

degradation software is on a PLC) to simulate the degradation behavior and failure on the system. 

For example, the belt tensioner is used to simulate the failure event “Belt break” by releasing the 

belt to the roller. The scenarios of degradation processes or failures are controlled by an 

automated system (PLC connected to an online monitoring system).  

 

Figure 22. Structure of the platform TELMA 
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5.2.1 Identification and classification of key components and the function/system  

For the validation phase, we are focusing on the “punching” function of TELMA platform. 

The “punching” function is realized by movement of the mechanical punch press, which is 

driven by advance motor-driven system MD1, while accumulator motor-driven system MD2 

continuously feeds the steel strip to holding position of pressor cylinder. About energy, 

electricity is directly supply to two Altivar VSDs (provided by Schneider-electric Company) for 

controlling the speed of two 3-phase induction motors (manufactured by LS Company). The 

speed setting of these motor driven systems (MD1 and MD2) are related to rotation of the rollers 

and the productivity of “punching” function of the TELMA. 

As key components, we can identify in TELMA platform the followings: 

 A bobbin changing 

 An advance motor-driven system (MD1) with PLC controller  

 An accumulator motor-driven system (MD2) with PLC controller  

 Punching-cutting header  

 Air-compressor valve and piston 

 HMI control panel and online management system 

In the frame of EE issue, we just consider the advance motor-driven system (MD1) and the 

accumulator motor-driven system (MD2) as main energy consumers, the others key components 

are not taken into account.  

5.2.2 Description of the system and experimentation    

With regards to this experimental context, we have taken the following assumptions for 

TELMA. 

Bearing is one of the most critical component of a motor-driven system knowing that its 

working conditions (corrosion, lubrication, etc.) can strongly impact the “bearing frictional 

losses”[195]. So, we consider here the deterioration of a motor-driven system as assimilated to 

“bearing deterioration” given that the bearings implemented on TELMA is standard ball bearings 

(manufactured by SKF with outside diameter D=35mm). Nevertheless, we cannot monitor the 

real deterioration of bearing (no sensors, no direct inspection possible) but we can use brakes to 

simulate “bearing deterioration”. Indeed, TELMA platform is equipped with electromagnetic 
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brakes, which are attached directly on the shaft of the rollers. Simulated degradation level of the 

bearing is given by the percentage value of brake (from 1 to 100% for simulating the degraded 

status of bearing). This percentage value of brake is fixed and modified online through a 

software. 

It is generally formulated that the deterioration behavior of bearings can be modeled by a 

stochastic process [113], [196]. Therefore, a gamma stochastic process is used to simulate the 

bearing damaging behavior with a shape parameter α and a scale parameter β. For each specific 

type of bearing, the parameters (α, β) should be modified to adapt with its new deterioration 

behaviors. So, the experimentation has been done with the same type of bearing and the change 

of bearing type is not of first interest for us with regards to demonstrate the idea defended (it will 

not be considered as a main factor in our protocol of validation). 

Only “bearing conditions” and production profiles (setting values of productivity or the speed 

of the motor) are identified as impact factors on TELMA platform, the other operation 

parameters like temperature, voltage harmonics are seen as unchanged (by lack of instrument 

and low impact on EE of component). The performances of other elements (VSD, air-

compressor valve, etc.) are remaining stable.  

 

Figure 23. Illustration of data sheet for recorded energy consumption 
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5.3. Implementation of the generic approach for selection of EEI and related models: 

architecture definition 

On the basis of the assumptions selected, we applied the proposed generic approach for 

prognostics of EEI and estimation of REEL, to component and function level of TELMA. In that 

way, each three steps of the approach is detailed below with their application to TELMA.  

5.3.1 Step 1: Energy efficiency modeling 

As previously mentioned, only the “punching” function level of TELMA is addressed in this 

study. To support the punching function, it is focusing on the energy efficiency of MD1 and 

MD2 at the component level and the other auxiliary components are considered as non-

consuming energy parts (non-significant consumption). Hence, the scope of this case study is 

limited to predict the evolution of EEI both at the component level and at the function level. 

Then the REEL of the function level is estimated.  

5.3.1.1 At component level: 

It is important to note that, MD1 and MD2 are physically identical but functionally 

independentl. Their speed is controlled by PLC to meet the productivity demand knowing that 

this demand is materialized through the production plans, of which the productivity of punched 

steel-sheets are known in advance. 

5.3.1.1.1 Phase 1: Specifying the parameters of the energy efficiency model 

MD1 and MD2 are considered as single components and transforming electrical energy to 

mechanical energy for conducting the “punching” function of the TELMA. 

 EEIs of MD1 and MD2 can be calculated as the amount of electrical consumption per 

rotation of the roller. Thus the unit of EEIs for MD1 and MD2 is defined by ( 𝑊ℎ

𝑟𝑜𝑢𝑛𝑑
). 

 Herein, only electrical energy (Wh) is the used energy resource for these motor-driven 

systems, and the number of rotations (rounds) is considered as the useful output of 

MD1 and MD2. They are corresponding to the unique unit of EEI ( 𝑊ℎ

𝑟𝑜𝑢𝑛𝑑
). 

 Only bearing conditions (corrosion, lubrication, etc.) and production profiles (setting 

values of productivity or speed of the motor) are identified as impact factors of MD1 

and MD2. In practice, it is important to note that: (i) the effect of the deterioration of 

the bearings (regardless of the degradation) is mechanically simulated by a force 



Chapter 5 Validation of the contributions in the case of TELMA platform  

76 
 
 

applied to the shaft of the roller by an electromagnetic brake which is directly attached 

to the roller; (ii) the power consumption of each motor-driven system mainly depends 

on the speed (related to the requested output productivity) and the deterioration of the 

bearing; (iii) the production profile is forecasted from production programs. These 

impact factors are classified as follows:  

- The production profile i.e. the speed at the component level and productivity at the 

function level is considered as a static factor because a future production program 

is well known in advance.  

- The deterioration of the bearing is random and unknown, so it is considered as a 

dynamic factor.  

5.3.1.1.2  Phase 2: Selection of the prognostic approach for finding EEI function 

According to the results of Phase 1, the formulation of the energy consumption and the useful 

output of MD1 and MD2 should be a function of bearing condition and speed. To select an 

appropriate prognostics approach to build energy consumption and the useful output models of 

MD1 and MD2, we consider the following cases (see again Figure 16): 

 There is no available physical model for the energy consumption and the useful output 

of these motor-driven systems i.e. mechanical connection of gear-boxes with motors 

and the efficiency of belt conveyors, the details technical catalogues and unique 

physical structure are unknown thus model-based prognostics is not recommended. 

 Historical operation data of TELMA has not been recorded but data of TELMA are 

recordable (sensors and instruments are available). This means that the data-driven 

prognostics may be used to build energy consumption and the useful output models.  

 There is no available expert or engineering of MD1 and MD2. Therefore, the 

experience-based prognostic is not recommended. 

To apply the data-driven prognostic approach for modeling the energy consumption and the 

useful output of MD1 and MD2, the related energy data of MD1 and MD2 are collected. Because 

both MD1 and MD2 are identical, an energy audit has firstly been done on the single motor-

driven MD1. In fact, the electrical energy is monitored and recorded by two portable power-

meters. The rotation of a motor-driven system and its productivity can be recorded by the 

integrated online monitoring system of the TELMA. Moreover, the electrical consumption of 
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each motor principally depends on the setting speed and the force of the electromagnetic brake. 

The power consumption of MD1 is recorded under various values of bearing degradation 

simulated by the force of the electromagnetic brake and the speed of the motor. Indeed, the 

degradation level of bearings (𝐷𝑀𝐷1) is adjusted from 0% to 100% (the motor drive is 

considered as failed when degradation of bearing level reaches 100%) while the output speed of 

MD1 named 𝑆𝑀𝐷1 is set from 300 to 1800 r/min. 

The recorded electricity consumed (EC) of MD1 is shown in Figure 24 and considered as a 

function of the motor speed and the deterioration level of the motor. 

 

Figure 24. Real energy consumption of MD1 in relationship with speed and deterioration level 

Because only the data-driven model is recommended for the motor-driven MD1, the 

formulation of the energy consumption as a function of speed and bearing deterioration should 

be fitted by recorded data.  

Therefore, a polynomial regression model is used to fit the recorded energy data of MD1 and 

a multiple regression analysis [197] is applied, i.e. 

𝐸𝑀𝐷1 = ∑ 𝑐𝑖

𝑖

∏ 𝑥
𝑗

𝑘𝑖,𝑗

𝑗

+ 𝜖 (5.1) 

where 𝑐𝑖 is the set of coefficients, 𝑥𝑗 = [𝑆𝑀𝐷1   𝐷𝑀𝐷1] is a set of two variables, 𝑘𝑖,𝑗 is the 

exponent of each variable and 𝜖 is the constant. How well the regression model fits the collected 

data can be presented by the associated coefficient of determination (𝑅2). 
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The energy consumption of MD1 has been tested with different degrees of the polynomial. 

Finally, the energy consumption of MD1 can be estimated by Equation (5.2) with 𝑅2 = 0,988. 

The max and min accuracy values are 8% and -6% respectively. 

 

In this way, the energy consumption of the advance motor drive can be calculated by:  

𝐸𝑀𝐷1 = 𝑓(𝑆𝑀𝐷1, 𝐷𝑀𝐷1) (𝑊ℎ) 

=
7856

𝑆𝑀𝐷1
+ 19.538 ∗ 𝐷𝑀𝐷1 + 0.168 ∗ 𝑆𝑀𝐷1 − 1.19𝑒 − 05 ∗ (𝑆𝑀𝐷1)2 ∗ 𝐷𝑀𝐷1 

−4.36𝑒 − 05 ∗ (𝑆𝑀𝐷1)2 + 0.011 ∗ 𝑆𝑀𝐷1 ∗ 𝐷𝑀𝐷1 + 0.104 ∗ 𝑆𝑀𝐷1 ∗ (𝐷𝑀𝐷1)2 

+1.8𝑒 − 05 ∗ (𝑆𝑀𝐷1)2 ∗ (𝐷𝑀𝐷1)2 + 44.91(𝑊ℎ) 

(5.2) 

where 𝑆𝑀𝐷1and 𝐷𝑀𝐷1 represent the output speed and the bearing deterioration level of the 

advance motor-driven MD1.  

The difference between the measured and calculated energy consumption of MD1 is shown 

in Figure 25. 

 

Figure 25. Calculated energy consumption of MD1 in relationship with speed and deterioration 

level 

 



Chapter 5 Validation of the contributions in the case of TELMA platform  

79 
 
 

In order to ensure the synchronized speed between the two motors, the running speed is 

controlled by PLC controllers. To maintain the useful output of system, the speed of roller may 

be increased to perform more operation to complement the waste output to maintain the 

productivity of punching function, for example, the slip between the roller the steel strip will 

impact the number of steel sheet can be punched. The controller can impact the real operating 

speed of motor driving system as following: 

𝑆𝑀𝐷1 = 𝑆0
𝑀𝐷1 + 𝜃 (

𝑟𝑜𝑢𝑛𝑑

𝑚𝑖𝑛𝑢𝑡𝑒𝑠
),

 
(5.3) 

Where 𝜃 presents the impact of controller accuracy to the operation speed of motor driven, 𝜃 

can be seen as static impact factor. It is assumed that 𝜃 is subject to a degradation with 𝜃 = 𝑘 ∗ 𝑡 

with 𝑘 is a coefficient. In this study we take 𝑘 = 7 for current state of controller of TELMA. 

The output production capacity 𝑂𝑀𝐷1 during any period of time unit (from t to (t+1)) is 

calculated as function of the setting speed 𝑆0
𝑀𝐷1with rotation of roller seen as unit of output of 

MD1. The ratio between rotation of motor and rotation of roller in the ideal case is fixed by the 

ratio of gearbox and bell-driver system. In case of TELMA, we can used this ratio to calculate 

output production capacity 𝑂𝑀𝐷1 from the setting speed 𝑆0
𝑀𝐷1 for each one hour of operation: 

𝑂𝑀𝐷1 = 60 ∗
𝑆0

𝑀𝐷1

2500
 (𝑟𝑜𝑢𝑛𝑑), (5.4) 

where 𝑆0
𝑀𝐷1 is setting speed of MD1 for each production mode. 

Based on the results obtained by Equations (3.1), (5.2) and (5.4), we can use the following 

equation to calculate EEI of MD1: 

EEIMD1 =
EMD1

OMD1
 (Wh/round) 

=
32.7𝑒 + 04

𝑆𝑀𝐷1 ∗ 𝑆0
𝑀𝐷1 +

814 ∗ 𝐷𝑀𝐷1

𝑆0
𝑀𝐷1 + 7 ∗

𝑆𝑀𝐷1

𝑆0
𝑀𝐷1 

−49.59𝑒 − 05 ∗
(𝑆𝑀𝐷1)2 ∗ 𝐷𝑀𝐷1

𝑆0
𝑀𝐷1 − 18.16𝑒 − 04 ∗

(𝑆𝑀𝐷1)2

𝑆0
𝑀𝐷1  

+0.458 ∗
𝑆𝑀𝐷1 ∗ 𝐷𝑀𝐷1

𝑆0
𝑀𝐷1 + 4.33 ∗

𝑆𝑀𝐷1 ∗ (𝐷𝑀𝐷1)2

𝑆0
𝑀𝐷1  

+75𝑒 − 05 ∗
(𝑆𝑀𝐷1)2 ∗ (𝐷𝑀𝐷1)2

𝑆0
𝑀𝐷1 +

1871

𝑆0
𝑀𝐷1  (Wh/round) 

 

 

 (5.5) 
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EEI of MD1 in relationship with the output speed and the deterioration level according to 

Equation (5.5) is shown in Figure 26. The higher operating-speed of motors and/or the higher 

level of bearing deterioration, the higher values of EEI can be calculated/recorded. The 

calculated EEI values and recorded EEI values for MD1 are very close; it means that the EEI 

model can be accepted with the sufficient accuracy at function level. 

As the two motors are identical, the energy consumption, the useful output and EEI of MD2 

can be calculated by equations:  

𝐸𝑀𝐷2 = 𝑓(𝑆𝑀𝐷2, 𝐷𝑀𝐷2) (𝑊ℎ) 

=
7856

𝑆𝑀𝐷2
+ 19.538 ∗ 𝐷𝑀𝐷2 + 0.168 ∗ 𝑆𝑀𝐷2 − 1.19𝑒 − 05 ∗ (𝑆𝑀𝐷2)2 ∗ 𝐷𝑀𝐷2 

−4.36𝑒 − 05 ∗ (𝑆𝑀𝐷2)2 + 0.011 ∗ 𝑆𝑀𝐷2 ∗ 𝐷𝑀𝐷2 + 0.104 ∗ 𝑆𝑀𝐷2 ∗ (𝐷𝑀𝐷2)2 

+1.8𝑒 − 05 ∗ (𝑆𝑀𝐷2)2 ∗ (𝐷𝑀𝐷2)2 + 44.91(𝑊ℎ) 

(5.6) 

𝑆𝑀𝐷2 = 𝑆0
𝑀𝐷2 + 𝜃 (

𝑟𝑜𝑢𝑛𝑑

𝑚𝑖𝑛𝑢𝑡𝑒𝑠
),

 

(5.7) 

𝐸𝐸𝐼𝑀𝐷2 =
𝐸𝑀𝐷2

𝑂𝑀𝐷2
 (Wh/round) 

=
32.7𝑒 + 04

𝑆𝑀𝐷2 ∗ 𝑆0
𝑀𝐷2 +

814 ∗ 𝐷𝑀𝐷2

𝑆0
𝑀𝐷2 + 7 ∗

𝑆𝑀𝐷2

𝑆0
𝑀𝐷2 

−49.59𝑒 − 05 ∗
(𝑆𝑀𝐷2)2 ∗ 𝐷𝑀𝐷2

𝑆0
𝑀𝐷2 − 18.16𝑒 − 04 ∗

(𝑆𝑀𝐷2)2

𝑆0
𝑀𝐷2  

+0.458 ∗
𝑆𝑀𝐷2 ∗ 𝐷𝑀𝐷2

𝑆0
𝑀𝐷2 + 4.33 ∗

𝑆𝑀𝐷1 ∗ (𝐷𝑀𝐷1)2

𝑆0
𝑀𝐷2  

+75𝑒 − 05 ∗
(𝑆𝑀𝐷2)2 ∗ (𝐷𝑀𝐷2)2

𝑆0
𝑀𝐷2 +

1871

𝑆0
𝑀𝐷2  (Wh/round) 

(5.8) 

With SMD2and DMD2 represent the output speed and the bearing deterioration level of 

accumulator motor drive MD2.  
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Figure 26. EEI of MD1 as a function of speed and bearing deterioration at the component level 

5.3.1.2 At function level: 

Only “punching” function is focused at function level of TELMA (see section 5.1). This 

function is supported by the two components MD1 and MD2 to manufacture punched product. 

Thus, EEI at the function level is defined as the electrical energy consumption per product 

(
𝑊ℎ

𝑝𝑟𝑜𝑑𝑢𝑐𝑡
). The physical useful output at the function level is the number of products (cutting 

steel sheets).  

All the electrical energy which consumed by the two components MD1 and MD2 is to support 

only the punching function. Thus, the total energy consumption 𝐸Σ at the function level is the 

total energy consumption of both individual components MD1 and MD2, and can be calculated 

as: 

𝐸𝛴 = 𝐸𝑀𝐷1 + 𝐸𝑀𝐷2(𝑊ℎ) (5.9) 

This relationship is obtained from Equation (3.9):  

𝐸𝛴 = ∑ 𝜆𝑀𝐷𝑖𝐸𝑀𝐷𝑖2
𝑖=1 = 𝜆𝑀𝐷1𝐸𝑀𝐷1 + 𝜆𝑀𝐷2𝐸𝑀𝐷2        (5.10) 

By comparing the Equation (5.9) and (5.10) we can identify the energy weighting factors 

[𝜆𝑀𝐷1 𝜆𝑀𝐷2] = [1 1]. 
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In order to consider the output of the punching function as the production rate that is directly 

related to the rotation of MD1 and MD2, it is important to note that to produce one product, the 

rollers have to turn 25 rounds (this value is fixed according to the permanent physical connection 

between roller and punch). Hence, the output weighting factors of separated MD1 and MD2 at 

the function/system level can be expressed as follows:  

[ωMD1 ωMD2] = [
𝑂𝑀𝐷1

𝑂Σ

𝑂𝑀𝐷2

𝑂Σ
] = [

25

1

25

1
]  (5.11) 

 The EEI of the considered “punching” function of the TELMA, 𝐸𝐸𝐼Σ, can be calculated by: 

𝐸𝐸𝐼𝛴 = ∑ 𝜆𝑀𝐷𝑖𝜔𝑀𝐷𝑖𝐸𝐸𝐼𝑀𝐷𝑖2
𝑖=1 = 1 ∗ 25 ∗ 𝐸𝐸𝐼𝑀𝐷1 + 1 ∗ 25 ∗ 𝐸𝐸𝐼𝑀𝐷2 (

𝑊ℎ

𝑝𝑟𝑜𝑑𝑢𝑐𝑡
)  (5.12) 

5.3.2 Step 2: Prediction of the evolution of impact factors 

From the identified impact factors of step 1 (section 4.2), the future operating conditions like 

bearing deterioration levels, speed of motors and production plan should be forecasted.  

5.3.2.1 At component level 

On TELMA, a production program that is considered as a static factor and seen in advance 

by using Markov processes is forecasted as shown in Figure 27.a. It is assumed that the 

production schedule does not impact the deterioration process of two motors and that the bearing 

deterioration behavior of MD1 and MD2 depends only on the time. A gamma stochastic process 

is used to simulate the bearing damaging behavior of MD1 and MD2 [113]. Two parameters α 

> 0 and β > 0 are taken and Gamma function 𝛤(𝛼) is defined by: 

𝛤(𝛼) = ∫ 𝑢𝛼−1𝑒−𝑢𝑑𝑢
∞

0
 

(5.13) 

During (T𝑖−1 − t) period of time unit, the increment in the deterioration level of the 

bearing x = (D(t) − D(T𝑖−1)) follows Gamma probability density with the shape parameter 

α(t − T𝑖−1) and the scale parameter β as: 

𝑓
𝛼(𝑡−𝑇)(𝑥)=

𝛽

𝛤(𝛼(𝑡−T𝑖−1))
(𝛽𝑥)𝛼(𝑡−T𝑖−1)−1(𝑒)−𝛽𝑥

 
(5.14) 

The deterioration speed and its variance are 𝑘 = 𝛼/𝛽 and 𝑉𝑎𝑟[𝑥] = 𝛼/𝛽2 respectively. In 

case of real data of bearings are recordable or available, the parameters (𝛼, 𝛽) of the bearing 

deterioration model can be identified [196]. The parameters associated with the Gamma 

deterioration model (based on the data of deterioration behaviors of MD1 and MD2) are 

presented in Table 6. Each motor-driven system is considered failed when the deterioration level 

reaches the 100% level.  



Chapter 5 Validation of the contributions in the case of TELMA platform  

83 
 
 

Table 6. Parameters (α,β) of the bearing deterioration model of MD1 and MD2 

Component 𝜶 𝜷 𝑳 

Motor 1 0.1 0.1 100 

Motor 2 0.2 0.1 100 

 

The deterioration evolution of the two motors is illustrated in Figure 27.b. It underlines that 

the bearing evolution of MD1 and MD2 are noticeably different. 

 

Figure 27. A forecasted mission profile (a) and the bearing deterioration evolution of two 

motor-driven systems MD1 and MD2 (b) 

5.3.2.2 At the function level: 

As the configuration and structure of TELMA are fixed during operation plans, the energy 

flow and production structure are unchanged. Therefore, the weighting factors of both the two 

motor-driven MD1 and MD2 are fixed and considered as: [𝜆𝑡
𝑀𝐷1 𝜆𝑡

𝑀𝐷2] = [1 1] and 

[𝜔𝑡
𝑀𝐷1 𝜔𝑡

𝑀𝐷2] = [25 25]. In this case, only the evolution of EEIs of two components MD1 
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and MD2 impact the changing of EEI value at function level 𝐸𝐸𝐼𝛴(𝑡). This leads to a final 

formulation of EEI at the function level that can be determined by the following equation: 

𝐸𝐸𝐼𝛴(𝑡) = ∑ 𝜆𝑡
𝑀𝐷𝑖𝜔𝑡

𝑀𝐷𝑖𝐸𝑀𝐷𝑖(𝑡)

2

𝑖=1

= 1 ∗ 25 ∗ 𝐸𝐸𝐼𝑀𝐷1(𝑡) + 1 ∗ 25 ∗ 𝐸𝐸𝐼𝑀𝐷2(𝑡) (
𝑊ℎ

𝑝𝑟𝑜𝑑𝑢𝑐𝑡
) 

(5.15) 

Because the evolution of EEI for each motor-driven is different according to their 

characteristic (deterioration speed, controller accuracy, etc.), the distribution of EEI at 

“punching” function level can be totally different.  

5.3.3 Step 3: Evaluation of the potential evolution of EEI and estimation of REEL 

Based on the simulated productivity (see again Figure 27.a) and bearing deterioration 

evolution, which are predicted in Step 2 (see section 4.3.2), EEI of MD1 and MD2 at the 

component and function levels of TELMA can be estimated at any time point. EEI evolution at 

the component/function levels of the platform TELMA is shown in Figure 28. 

Figure 28. Evolution of EEI at the component level (a) and at the function level (b) 

A limit value 𝐸𝐸𝐼𝑇ℎ𝑟𝑒𝑠ℎ𝑜𝑙𝑑 = 1030 (Wh/product) is given in advance as a threshold value at 

the function level. TELMA platform is seen to work in the energy inefficient zone when its EEI 
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crosses over this 𝐸𝐸𝐼𝑇ℎ𝑟𝑒𝑠ℎ𝑜𝑙𝑑. This means that TELMA may be available to perform 

“punching” function, but it consumes more energy than usual. In this sense, it is interesting to 

know when the platform will lose its energy efficiency property. Figure 29.a illustrates the 

predicted evolution of EEI and Figure 29.b represents distribution of the REEL at the function 

level by using 20000 simulated paths of the evolution of  𝐸𝐸𝐼Σ(at function level) that takes into 

account EEI evolution of the two motor-drives MD1 and MD2. This figure draws a histogram 

of values in REEL data using the number of bins equal to the square root of the number of 

elements in data and fits a normal density function. It should be noted that, according to this 

figure, several values of the REEL can be determined according to its specific definition. For 

example, a considerable amount of the MREEL = 39 hours can be clearly determined.  

 

Figure 29. Distribution of the REEL at 𝐸𝐸𝐼𝑇ℎ𝑟𝑒𝑠ℎ𝑜𝑙𝑑 = 1030 (
Wh

product
)  

By this step-by-step procedure, the EEI evolution can be predicted to estimate the REEL at 

the function level. It is logical that the achieved REEL can provide the useful information for 

aiding the maintenance decision-making.  

5.4. Conclusion 

This chapter has tackled the first validation step of the scientific contributions 

proposed in chapter 3 and 4, by illustrating them to TELMA platform at both component and 

function level. The two electrical motor driven are considered at component level and only 

punching function is investigated at the function level [198]. For each motor, several 
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experimentations on the energy consumption as a function of the production plan (static impact 

factor) and the deterioration state of bearing (dynamic impact factor) are carried out. Based on 

the recorded data, an EEI model (including two formalization of energy consumption and output) 

is provided at both component and function level. For the prognostic implementation for 

EEI/REEL prediction, the evolution of the bearing is described by a Gamma process. The 

achieved results demonstrate that the EEI evolution can be predicted both at the component level 

and at the function level for specific experiment.  

The study developed in this chapter highlights the potential achievement of our proposals and 

shows the added value of the proposed EEI and REEL concept. 
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Chapter 6 
Use of EE for CBM maintenance decision-
making 

 

6.1. Introduction 

This chapter describes our contribution on the use of EE for condition-based maintenance 

which is the scientific issue n°4 pointed out in chapter 2. Firstly, a qualitative study on the use 

of EEI for decision-making is investigated. Then a detailed development of EEI for condition-

based maintenance is presented. In fact, the main idea is to use EEI as the decision indicator for 

selecting a component or a group of several components to be preventively maintained. Two 

kinds of preventive decision rules are proposed. A cost model is then proposed for finding the 

optimal decision parameters. Moreover, a classical CBM, in which the preventive decision-

making is based on a conventional degradation indicator, is also extended by considering not 

only the maintenance cost but also the energy cost in the way to compare the proposed EEI-

based CBM approach with the conventional (extended) one. The comparison step is developed 

on the case study of TELMA platform allowing to assess the impact of EEI on the existing CBM 

policy and to conclude on the interest of EEI for CBM decision-making in terms of cost and 

efficiency. 

6.2. General dicussions on EEI indicator for decision-making 

Before using EEI as a main indicator in CBM maintenance decision-making, we want just to 

underline several principal characteristics of EEI (in addition to the discussion already done in 

chapter 2).  

EEI is a universal indicator for different decision-making levels 

Measuring business performance is the top priority for most of industrial stakeholders. The 

higher level of decision-making is, the more universal decision-indicators should be. It means 

that decisional indicators can provide the economical information for higher decision-making 

levels. In CBM framework, conventional degradation indicators such as crack, noise, etc. are not 

easy to transform to financial indicators while EEI can be easily transferred to the monetary. EEI 

threshold has to be defined to fulfil specific business goals and objectives such as supporting 
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environment certificate, eco-maintenance – “green production” [199]. It can be directly linked 

to the overall goals of the company (especially at strategic level).  

EEI provides a clear vision for decision-makers:  

Firstly, energy efficiency is supported by various conceptual/theory framework (codes, 

standard, guideline, etc.) [47], [57], [150]. [158], [200]. [16], [87], [116]. These proposed works 

help to measure, monitoring and evaluate EE performance at different application domains in 

comparison with lack of framework for conventional indicators.  

Secondly, EEI is understandable for any decision-maker while most of conventional 

indicators are quite complicated in representing the health status of component/system. The EEI 

value can be measureable by, for example, implementing energy efficiency audit. Technical 

operators usually know what impact factors should be measured (related to energy consumption, 

output), how it’s being calculated and finally what actions can positively impact EEI [201].  

Low inspection cost: 

In reality, energy management systems (EMS) are implemented in almost industrial system 

to control and regulate the machines in order to improve its energy efficiency performance 

[202]–[204]. Therefore, EEI can be monitored with an inspection cost [193]. While to monitor 

conventional deterioration indicators, additional measurements and many computations may be 

required [97]. As a consequence, monitoring/acquiring the data of conventional indicators may 

be more complicated, expensive, and impractical for actual application [205], [206]. 

Furthermore, physical inspection duration may be longer than EEI inspection duration. This may 

lead to an addition consequence such as low production capacity, waste labor forces. Moreover, 

under the development of IT technology, the energy data can be continuously collected over time 

[207], [208]. This can help to optimally update online the maintenance decision-making process 

adapting with real operation situations. 

6.3. EEI-based CBM maintenance  

It is assumed, in this CBM study, that both corrective and preventive maintenance are possible 

for each component and these maintenance actions can bring the maintained component to be a 

new one (replacement action). We also suppose that the maintenance duration can be neglected. 
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6.3.1. Maintenance decision rules  

It is assumed that EEI of each component is monitored at each regular time point 𝑇𝑖 = 𝑖 ∗ ∆𝑇 

(∆𝑇 is a decision parameter to be optimized; i=1,2,…). Each energy efficiency inspection costs 

𝐶𝑖𝑛
𝐸 .  

Between two consecutive inspection times, if component j fails, a corrective maintenance 

action is performed at the next inspection date with a corrective maintenance cost 𝐶𝑐
𝑗 . If the 

failure of component j leads to a shutdown of the function/system, a downtime cost 𝐶𝑑. 𝑑𝑖(𝑡) 

(with 𝐶𝑑is the downtime cost rate and 𝑑𝑖 is the downtime duration between [𝑇𝑖−1, 𝑇𝑖]) is added. 

For preventive maintenance operations, we consider herein two main preventive maintenance 

policies: individual maintenance and grouping maintenance. This consideration leads to a first 

part of the scientific issue n°4 which is related to using EEI value as condition of CBM strategy. 

6.3.1.1. Individual maintenance policy: 

At each regular time point 𝑇𝑖, a preventive maintenance on component j is triggered if its EEI 

value monitored,  𝐸𝐸𝐼𝑗
𝑇𝑖

, is higher than a threshold denoted  𝐸𝐸𝐼𝑗
𝑃𝑟𝑒_𝑡ℎ𝑟𝑒𝑠ℎ𝑜𝑙𝑑 which is also a 

decision parameter to be optimized. In that way, the decision rules for each component at each 

regular time point is the following: 

- if  𝐸𝐸𝐼𝑗
𝑇𝑖

<  𝐸𝐸𝐼𝑗
𝑃𝑟𝑒_𝑡ℎ𝑟𝑒𝑠ℎ𝑜𝑙𝑑 then no maintenance action is performed; 

- if  𝐸𝐸𝐼𝑗
𝑇𝑖

≥  𝐸𝐸𝐼𝑗
𝑃𝑟𝑒_𝑡ℎ𝑟𝑒𝑠ℎ𝑜𝑙𝑑 then a preventive maintenance action on component j is 

performed. A preventive cost 𝐶𝑝
𝑗  has to be paid. 

The illustration of maintenance decision rules is shown in Figure 30. 
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Figure 30. Illustration of EEI evolution of one component and maintenance decision rules 

If a function/system is composed of N components, there are N+1 decision parameters to be 

optimized. 

6.3.1.2. Grouping maintenance policy: 

The main idea of grouping policy [209] is at each regular time point 𝑇𝑖, EEI of the considered 

function/system, denoted  𝐸𝐸𝐼Σ
𝑇𝑖

, is calculated based on the EEIs at component level, the 

preventive decision rules are the following: 

- if  𝐸𝐸𝐼Σ
𝑇𝑖

≤  𝐸𝐸𝐼Σ
𝑃𝑟𝑒_𝑡ℎ𝑟𝑒𝑠ℎ𝑜𝑙𝑑 with  𝐸𝐸𝐼Σ

𝑃𝑟𝑒_𝑡ℎ𝑟𝑒𝑠ℎ𝑜𝑙𝑑 is a decision parameter to be 

optimized preventively, no maintenance action is then carried out; 

- if  𝐸𝐸𝐼Σ
𝑇𝑖

>  𝐸𝐸𝐼Σ
𝑃𝑟𝑒_𝑡ℎ𝑟𝑒𝑠ℎ𝑜𝑙𝑑, preventive maintenance on a group of several components 

is needed. In this case, a question arising is how to select the group of several 

components? In fact, there are different kinds of decision rules for selecting a group of 

several components to be preventively replaced. The simplest way is that a group of 

several components is considered as admissible one if the replacement of all group’s 

components can reduce the EEI indicator of the function/system to be lower than the 

threshold 𝐸𝐸𝐼Σ
𝑃𝑟𝑒_𝑡ℎ𝑟𝑒𝑠ℎ𝑜𝑙𝑑. Based on the admissible groups of components, the optimal 

group is the one with the minimum maintenance cost.  

The illustration of maintenance decision rules is shown in Figure 31. 
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Figure 31. Illustration of EEI evolution of system and maintenance decision rules 

According to the group maintenance policy, only two decision parameters are required 

6.3.1.3. Cost model 

To find the optimal decision parameters, cost is used as a main criterion. In that way, the 

long-run expected cost per useful output unit, is used. The following development is applied for 

both the individual maintenance and grouping maintenance policies. 

The cumulative total cost for the period (0-t] is expressed as: 

𝑇𝑜𝑡𝑎𝑙𝐶𝑡 = 𝑀𝐶𝑡 + 𝐸𝐶𝑡 (6.1) 

where: 

- 𝑀𝐶𝑡 is the cumulative maintenance cost which can be calculated by 

𝑀𝐶𝑡 = CI𝑡 + CP𝑡 + CC𝑡 + CD𝑡  (6.2) 

where: CI𝑡 ,  CP𝑡, CC𝑡 and CD𝑡 are respectively the costs associated with to EEI 

inspection, preventive maintenance, corrective maintenance and downtime duration 

during the period (0-t]. 
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- 𝐸𝐶𝑡 is the cumulative energy cost and can be calculated as  

𝐸𝐶𝑡 = 𝐸𝑝. ∫ ∑ 𝐸𝑗(𝑥)

𝑁

𝑖=1

𝑡

0

𝑑𝑥 (6.3) 

With 𝐸𝑝 represents the energy price and 𝐸𝑖(𝑥) is the energy consumption during one 

time unit (from (x-1) to x) of component j. 𝐸𝑖(𝑡) depends not only on the 

state/deterioration level of component j but also on the other impact factors (such as 

product capacity, waste rate). 

𝐸𝑗(𝑡) = 𝑓(𝑡, 𝑋𝑡
𝑗
, 𝑥(𝑡))

 

(6.4) 

Where 𝑋𝑡
𝑗 is the state/degradation level of component j and x(𝑡) is the set of impact factors 

during one time unit (from t to (t+1)). It is important to recall that component j is considered as 

failed if its deterioration level is not lower than a critical threshold: 𝑋𝑡
𝑗

≥  𝐿𝑗 . 

The cumulative useful output during the period (0 t] is written as: 

∅(𝑡) = ∫ 𝑂(𝑥)𝑑𝑥
𝑡

0

 (6.5) 

The long run global cost per useful output unit is the following: 

𝐶𝑂 = lim
𝑡→∞

𝑇𝑜𝑡𝑎𝑙𝐶𝑡

∅(𝑡)
 (6.6) 

By using the renewal theory [210], we obtain: 

𝐶𝑂 =
𝐸[𝑇𝑜𝑡𝑎𝑙𝐶𝐻]

𝐸[∅(𝐻)]
 (6.7) 

with 𝐻 is the first replacement date. Stochastic Monte Carlo simulation (on MATLAB tools) 

is used to evaluate this cost criterion. To do so, for each value of decision parameters, the 

corresponding total cost per useful output unit is calculated. To ensure that the convergence of 

maintenance cost rate is reached, a large number of simulation realizations (each realization 

simulates one life cycle of the system) must be done. The optimal value of the decision 

parameters are given when the total cost per useful output searches its minimum value [211]. 

6.3.2. Extension of a classical CBM policy 

To highlight the performance of the proposed EEI-CBM based maintenance, a classical 

CBM, namely (M,T) policy in which a conventional deterioration is used as a main decisional 
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indicator is extended by integrating the energy consumption cost. The comparison between the 

extended (M,T) CBM and EEI-based CBM tackles the second part of the scientific issue n°4 

which related to assess the benefits of EEI-based CBM strategy. 

6.3.2.1. Maintenance decision rules  

It is assumed that the deterioration level of each component is inspected at regular each 

regular time point 𝑇𝑖 = 𝑖 ∗ ∆𝑇 (∆𝑇 is a decision parameter to be optimized; i=1,2,…). Each 

deterioration inspection costs 𝐶𝑖𝑛
𝐷  with (𝐶𝑖𝑛

𝐷 ≥ 𝐶𝑖𝑛
𝐸 ).  

Between two consecutive inspection times, if component j fails, a corrective maintenance 

action is performed at the next inspection date with a corrective maintenance cost 𝐶𝑐
𝑗 . If the 

failure of component j leads to a shutdown of the function/system, a downtime cost 𝐶𝑑. 𝑑𝑖(𝑡) 

(with 𝐶𝑑is the downtime cost rate and 𝑑𝑖 is the downtime duration between [𝑇𝑖−1, 𝑇𝑖]) is added. 

Concerning preventive maintenance, unlike EEI indicator, the deterioration indicator can be 

only defined at component level, as a consequence, a unique main maintenance policy is herein 

considered: individual maintenance. The decision rules for component j are the following: 

- if  𝑋𝑗
𝑇𝑖

< 𝑀𝑗  then no maintenance action is performed. 𝑀𝑗 is the preventive threshold 

to be optimized; 

- if  𝑋𝑗
𝑇𝑖

≥ 𝑀𝑗  then a preventive maintenance action on component j is performed. A 

preventive cost 𝐶𝑝
𝑗  has to be paid. 

Figure 32 presents the behavior of single component with its evolution of deterioration level 

with maintenance actions.  
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Figure 32. Behaviour of the maintained component under the (M,T) policy 

According to the policy, there are N+1 decision parameters (∆𝑇, 𝑀1, 𝑀2, … , 𝑀N) to be 

optimized. 

6.3.2.2. Cost model with consideration of energy consumption cost 

By considering the energy cost in the total cost to operate the industrial system.  

The long run global cost per useful output unit is the following: 

𝐶𝑂 = lim
𝑡→∞

𝑇𝑜𝑡𝑎𝑙𝐶𝑡

O(𝑡)
 

(6.8) 

with: 

𝑇𝑜𝑡𝑎𝑙𝐶𝑡 = 𝑀𝐶𝑡 + 𝐸𝐶𝑡 (6.9) 

where: 

- 𝑀𝐶𝑡 is the cumulative maintenance cost which can be calculated by 

𝑀𝐶𝑡 = CI𝑡 + CP𝑡 + CC𝑡 + CD𝑡   (6.10) 
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where: CI𝑡 ,  CP𝑡 , CC𝑡  and CD𝑡 are respectively the costs related to degradation inspection, 

preventive maintenance, corrective maintenance and downtime duration during the period 

(0-t]. 

- 𝐸𝐶𝑡 is the cumulative energy cost and can be calculated as  

𝐸𝐶𝑡 = 𝐸𝑝. ∫ ∑ 𝐸𝑗(𝑥)

𝑁

𝑖=1

𝑡

0

𝑑𝑥 (6.11) 

The cumulative useful output during the period (0 t] is written as: 

∅(𝑡) = ∫ 𝑂(𝑥)𝑑𝑥
𝑡

0

 (6.12) 

The long run global cost per useful output unit is the following: 

𝐶𝑂 = lim
𝑡→∞

𝑇𝑜𝑡𝑎𝑙𝐶𝑡

∅(𝑡)
 (6.13) 

By using the renewal theory [210], we obtain: 

𝐶𝑂 =
𝐸[𝑇𝑜𝑡𝑎𝑙𝐶𝐻]

𝐸[∅(𝐻)]
 (6.14) 

Stochastic Monte Carlo simulation is used to evaluate this cost criterion. To do so, for each 

value of decision parameters (∆𝑇, 𝑀1, 𝑀2, … , 𝑀N) the corresponding cost per useful output unit 

is calculated.  

The optimal value of the inspection period and the preventive thresholds are given by 

minimizing the total cost per useful output.  

6.4. Implementation  platform TELMA 

The proposed EE-based CBM maintenance policy is applied on TELMA platform dedicated 

to e-maintenance (as described in section 5.2). The proposed EE-based CBM maintenance and 

the (M,T) policy are applied for only one motor-driven MD1. The speed of MD1 is set to 𝑆0
𝑀𝐷1 =

300 (rpm). The data concerning the deterioration behavior and the energy consumption of MD1 

discussed in Section 5.2 is reconsidered. Table 7 reports the cost data (computed in cost unit –

CU). 
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Table 7. Energy and maintenance simulation parameter 

𝐸𝑝 𝐶𝑝 𝐶𝑐 𝐶𝑑 𝑐𝑖𝑛
𝐸  𝑐𝑖𝑛

𝐷  

0.025 (CU/𝑊ℎ) 100 (CU) 150 (CU) 100 (CU) 1 (CU) 10 (CU) 

 

6.4.1. Maintenance optimization for MD1 

6.4.1.1. EEI-based CBM maintenance 

Figure 33 shows the surface of cost rate of the EEI-based policy as a function of the decision 

parameters (∆𝑇,  𝐸𝐸𝐼𝑃𝑟𝑒_𝑡ℎ𝑟𝑒𝑠ℎ𝑜𝑙𝑑). The optimum value of the decision parameters are 

𝐸𝐸𝐼𝑃𝑟𝑒_𝑡ℎ𝑟𝑒𝑠ℎ𝑜𝑙𝑑
∗ = 25 (𝑊ℎ/𝑟𝑜𝑢𝑛𝑑) and ∆𝑇∗ = 9 (ℎ𝑜𝑢𝑟𝑠) with the minimum global cost per 

product unit 𝐶𝑂∗(. ) = 0.74 (𝐶𝑈/𝑟𝑜𝑢𝑛𝑑). 

 
Figure 33. Cost rate surface of the EEI-based CBM maintenance 

6.4.1.2. (M,T) maintenance policy 

In the same manner, the total cost including maintenance and energy cost per product unit is 

calculated for each set of the decision parameters (∆𝑇, 𝑀). Figure 34 shows the shape of the cost 

rate of the (M,T)-based CBM policy for MD1. 
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Figure 34. Cost rate surface of the (M,T)-based CBM policy 

The optimal decision parameters are the maintenance threshold 𝑀∗ = 43 and inspection 

period ∆𝑇∗ = 24 (ℎ𝑜𝑢𝑟𝑠) with 𝐶𝑂∗(. ) = 0.81 (𝐶𝑈/𝑟𝑜𝑢𝑛𝑑). When compared to the proposed 

EEI-based policy, the (M,T) maintenance policy leads to a higher cost rate. This can be explained 

by the fact that the inspection cost for EEI is lower than the inspection cost of bearing 

deterioration indicator and more importantly the potential evolution of EEI vary less than the 

bearing deterioration indicator do. This leads to a higher performance of the decision-making 

based on the EEI. As example, Figure 35.a shows the distribution of EEI and the bearing 

deterioration indicator at preventive maintenance time which is based on EEI level 

(𝐸𝐸𝐼𝑃𝑟𝑒_𝑡ℎ𝑟𝑒𝑠ℎ𝑜𝑙𝑑 = 25 (𝑊ℎ/𝑟𝑜𝑢𝑛𝑑)). When the preventive maintenance decision is based on the 

bearing deterioration level (𝑀 = 43), the distribution of EEI and the bearing deterioration 

indicator are shown in Figure 35.b. It is found that the variation of EEI is less than that of the 

bearing deterioration indicator. 
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Figure 35. Distribution of condition indicators at preventive maintenance time which is based 

on a) EEI level and b) conventional deterioration level 

It should be noticed that the performance of EEI-based CBM may depends on the value of 

other parameters. 

6.4.2. Sensitivity analyses 

From the previous results, the following sensitivity analyses are investigated for both EEI-

based CBM and (M,T) policy: 

- Sensitivity analysis to the inspection cost 

- Sensitivity analysis to the preventive maintenance cost 

- Sensitivity analysis to the energy cost rate 

- Sensitivity analysis to the bearing deterioration behavior  

 

6.4.2.1. Sensitivity analysis to inspection cost 

In this study, the inspection cost (𝐶𝑖𝑛
𝐸  for EEI-based maintenance and 𝐶𝑖𝑛

𝐷  for (M,T) policy) 

varies from 1 to 120. The obtained results in Table 8 show that the proposed EEI-based CBM 

provides a lower total cost than the (M,T) policy. 
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Table 8. Optimal results of two CBM policies: EE-based CBM and (M,T) CBM maintenance 

EE-based CBM maintenance (M,T) CBM maintenance 

𝐶𝑖𝑛
𝐸  

(CU) 
𝐶𝑂∗(. ) 

(CU/𝑟𝑜𝑢𝑛𝑑) 
𝐸𝐸𝐼𝑃𝑟𝑒_𝑡ℎ𝑟𝑒𝑠ℎ𝑜𝑙𝑑

∗  
(𝑊ℎ/𝑟𝑜𝑢𝑛𝑑) 

∆𝑇∗ 
(𝑚𝑜𝑛𝑡ℎ) 

𝐶𝑖𝑛
𝐷  

(CU) 
𝐶𝑂∗(. ) 

( CU/𝑟𝑜𝑢𝑛𝑑) 𝑀∗ ∆𝑇∗ 
(𝑚𝑜𝑛𝑡ℎ) 

1 0,741 25 9 1 0,794 47 22 
10 0,787 22 57 10 0,813 43 24 
20 0,792 23 63 20 0,836 25 82 
30 0,816 20 61 30 0,856 30 84 
40 0,832 13 65 40 0,875 29 86 
50 0,846 15 75 50 0,895 30 88 
60 0,866 12 73 60 0,916 31 90 
70 0,881 21 75 70 0,935 36 92 
80 0,901 11 79 80 0,954 36 94 
90 0,916 15 73 90 0,973 39 96 
100 0,928 15 83 100 0,989 39 98 
110 0,946 14 77 110 1,015 41 100 
120 0,958 7 79 120 1,030 43 102 
 

6.4.2.2. Sensitivity analysis to preventive maintenance cost 

The preventive maintenance cost 𝐶𝑝 varies from 10 to 140 with step equals 10, the other 

parameters remain unchanged. The minimum cost rate given by both CBM policies is shown 

in Figure 36. 

 
Figure 36. Total cost per product unit is a function of the preventive maintenance cost 
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6.4.2.3. Sensitivity analysis to energy cost rate 

In the same manner, to investigate the impact of the energy cost rate 𝐸𝑝, the optimal 

maintenance policies provided by EEI-based CBM and (M,T) model are determined each 

value of 𝐸𝑝. In fact, energy cost rate 𝐸𝑝 varies from 0.005 (CU/Wh) to 0.03 (CU/Wh) and 

the other parameters remain unchanged as shown in Table 7.  

 
Figure 37. Total cost per product unit is a function of energy price 

It shows again that the EEI-based CBM policy always provides a lower cost. 

6.4.2.4. Sensitivity analysis to deterioration behaviors 

Table 9 shows the total cost per product unit of two maintenance policies for different value 

of deterioration parameter 𝛽. The EEI-based CBM provides again a better result regarding to 

(M,T) policy. A cost saving is about 3% when 𝐶𝑖
𝐷 = 𝐶𝑖

𝐸 = 10(𝐶𝑈). This amount shows that 

cost of saving is higher (9%) when 𝐶𝑖
𝐷 = 10 (𝐶𝑈); 𝐶𝑖

𝐸 = 1(𝐶𝑈). 
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Table 9. Minimum total cost rate cost with different deterioration behaviours 

 
𝐶𝑂∗(. ) (CU/𝑟𝑜𝑢𝑛𝑑) 

EEI-based CBM (M,T) based CBM 
  𝐶𝑖

𝐸 = 1 (CU) 𝐶𝑖
𝐸 = 10 (CU) 𝐶𝑖

𝐷 = 10 (CU) 

1,00 0,621 0,623 0,625 

0,80 0,624 0,631 0,635 

0,50 0,631 0,642 0,647 

0,25 0,655 0,661 0,665 

0,20 0,668 0,694 0,704 

0,10 0,741 0,787 0,813 

 

The results show the larger variation of the deterioration process (small value of 𝜷) the more 

cost saving provided by the proposed EEI-based CBM is.  

6.5. Conclusion 

In this chapter, a novel CBM maintenance is introduced by considering EEI as the decisional 

indicator for preventive maintenance-decision making. This EEI-based CBM tackles the issue 

related to integrate EE in CBM strategies (scientific issue n°4 in chapter 2). Two kinds of 

preventive maintenance rules are proposed to optimally select appropriate components to be 

preventively replaced. The first one, namely individual maintenance for which each component 

is individually selected according to its EEI level, leads to a large number of decision parameters 

((N+1) decision parameters for a function/system composed of N components). For the second 

preventive maintenance policy, called grouping maintenance, a group of several components are 

jointly selected when the EEI of the whole function/system is lower than a prefixed EEI 

threshold. Thanks to the EEI consideration, only two decision parameters are needed whatever 

the number of components supporting the function/system.  

To highlight the performance of the proposed EEI-based CBM maintenance, a classical CBM 

maintenance in which the preventive decision on each component is based on its physical 

deterioration level is also extended by integrating the energy cost into the existing cost model. It 

is important to note that the extended CBM maintenance, called (M,T) maintenance policy, lead 

to a large number of decision parameters to be optimized (each component requires one decision 

parameter).  
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Both the proposed EEI-based CBM and the (M,T) policy are applied for one motor of the 

platform TELMA. The various numerical studies show that the proposed EEI-based policy 

provides a better result (lower cost per product unit). 
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General conclusion 

This core idea defended in this thesis is related to the necessary evolution of maintenance and 

more precisely CBM strategies for integrating Energy Efficiency (EE) in terms of EE Indicator 

(EEI) and REEL concepts, in the decision making phase.  

These two EE concepts are representative of sustainability requirements which are required 

to be achieved now by the industrial system to face not only with economic, but also societal 

and environmental challenges (three pillars). In that way, the thesis addressed several issues 

which are related to the foundation of these concepts, their formulation, their evolutions in terms 

of value trends by considering dynamics of the system, their consideration in CBM, their first 

step of validation on a specific case …  

From these issues, it is promoted several contributions: 

- The first ones developed in Chapter 3 are related to the generic definition of EEI for 

different abstraction levels and materialized by its two properties: energy consumption 

and physical useful output. Then a generic EEI formulation, usable at each level, is 

proposed. This formulation is described as the ratio between these two properties in which 

time-dependent factors (called static and dynamic factors) are considered. Formulation 

can serve latter for a specific manufacturing system to calculate EEI value and also EEI 

evolution (due to the time-dependent factors). Based on this EEI evolution, a novel 

concept named REEL (Remaining Energy-Efficient Lifetime) is introduced as the 

foundation of EEP (to assess the remaining time before a component/function/system lost 

its energy properties under a limit threshold), 

- The second ones developed in Chapter 4 are related to a generic approach for 

implementing different steps required to use the generic formulation for EEI calculation 

on a specific manufacturing system and then to assess REEL. This generic approach is 

structured on three steps (Figure 14): (1) identification, at each abstraction level of the 

selected system, of the two EEI properties (energy consumption, useful manufactured 

product) but also of the impact factors. It leads to isolate or create models integrating 

these factors and supporting the properties modelling to obtain EEI models (specific 

formulations). (2) Implementation of prognostic method the most appropriated for 
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predicting the evolution of each impact factor. (3) Re-integration in the EEI model of the 

impact factors evolutions, to be able to track EEI evolution allowing to assess the REEL.  

- The last ones developed in Chapter 6 are addressed, first, the proposal of a new EEI-based 

CBM model by using EEI value as a condition to trigger the preventive maintenance 

action. By considering EEI value of individual component and/or EEI value of system (as 

supported by EEI formalizations in chapter 3), two main preventive maintenance policies 

(individual maintenance and grouping maintenance) are proposed. Then, the cost-model 

of one existing CBM (named (M,T) maintenance policy) is extended by taking into 

account the energy cost (for considering energy in maintenance optimization). These two 

contributions aim at showing the interest of a new EEI-based CBM practice in terms of 

cost optimization with regards to conventional CBM strategies. 

According to these contributions, the main originalities claimed are the consideration of EE 

as a key lever in industrial systems to face with sustainability issues, the foundation of EEI, the 

proposal of the new REEL concept to consider EEI evolution in decision making (EEP), the 

investigation of a new EE(I)-based CBM strategy for which the condition to be mastered is 

sustainability oriented. 

Most of these contributions are generic and thus can be issued for different types of 

manufacturing systems and at each abstraction level of these systems. 

In terms of validation, all the contributions have been applied on TELMA platform. In that 

way, the generic approach has been deployed to develop EEI models for the two electrical motors 

and also for the “punching” function achieved by these two motors. These EEI models are 

integrating the evolution of bearing deterioration, and of mission profile. The results obtained 

from these models have demonstrated that both EEI can be calculated at any time and the EE 

evolution (REEL values) can be predicted both at the component level and at the function level 

in the frame of a specific system. 

Then it was used, at the motor level, the results of EEI calculation for implementing EEI-

based CBM. In that way, Monte Carlo simulation technique was applied for finding the time of 

the first component replacement. This time was used in the extended model to calculate cost 

leading to select the optimal parameters (inspection interval and EEI threshold) minimizing this 

cost. In parallel, a conventional CBM strategy was applied by considering bearing deterioration 

level as condition. Then, the same tools (e.g. Monte Carlo, extended model) were used to decide 
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the optimal parameters. The comparison of the 2 minimized costs shown that EEI-based CBM 

appeared as an efficient policy when the quantity of energy consumption is high. It is always 

true when sensibility analysis are done by modifying: inspection cost, preventive maintenance 

cost, energy prices and deterioration behavior of one dynamic impact factor (bearing condition).  

However, the contributions delivered during this thesis do not covered all the answers 

expected with regards to the two challenges. Indeed, the following aspects are not solved: 

- The formalization expressed in challenge 1 is not fully satisfied by the EEI formulation. 

Moreover, the relationships between EEI and the other KPIs (conventional or not) have 

not been studied. 

- EE-based CBM expressed in challenge is only approached with EEI without considering 

EEP. 

Thus, some perspectives can be underlined for this thesis in face with the previous reports 

and also with regards to needs emerging from the work done. The main perspectives are: 

- The extension of the validation context to prove the feasibility and the real benefits of the 

contributions (EE-based CBM) in a real industrial system (e.g. one possibility is to apply 

them on a press at the RENAULT factory located at Flins). 

- The development of a “generic EE model” usable for the class of manufacturing system. 

This general model has to be a concretization of the textual formulation proposed in 

chapter 3 (e.g. knowledge formalization on energy resource – inputs, outputs, the impact 

factors, the relationships and rules between them, the prognostics on impact factors etc.). 

It should allow to define particular EE-model for a specific component, a specific function 

or a specific level by implementing an instantiation procedure of the generic EE-model. 

- The implementation of the REEL(EEP)-based CBM which has to be considered as an 

extension of the current EEI-based CBM. 

- Consideration of others sustainability KPIs than EE but also of conventional KPIs and of 

all the relationships between these different KPIs in the maintenance decision-making 

process. 

- Development of multi-criteria approach for optimizing maintenance decision-making 

process from the consideration both of conventional (e.g. RUL) and sustainability KPIs 
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(EE but not only; e.g. REEL, EEI, CO2) interacting together in terms of positive or 

negative impacts. 
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Résumé de la thèse en Français 
 

De nos jours, « la gestion de l’énergie » est la clé de la croissance économique en lien avec les 

entreprises de biens et de services. En effet par exemple, les entreprises industrielles ayant des activités 

complexes de production, de fourniture de service, consomment une quantité énorme d'énergie qui 

engendrent des coûts additionnels très importants. Par conséquent, l'optimisation énergétique des 

installations industrielles (machine outils, ligne d’assemblage, fours, processus continu …) est un défi 

majeur pour assurer leur compétitivité économique tout en minimisant leur impact sur l'environnement. 

Ceci est d’autant plus vrai pour les nouveaux systèmes de production (manufacturier) tels que préconisé par 

l’Industrie 4.0 ou « l’Usine du futur » qui sont organisés selon différents niveaux d'abstraction, chacun 

structuré autour de nombreux composants hétérogènes (ex. logiciels, matériel, humains ...), interagissant 

entre eux de façon complexe pour réaliser la mission du système. Cette vision multi-niveaux et la 

complexité inhérente conduisent à une maîtrise et une optimisation de l’énergie difficiles à assurer alors que 

ce sont une voie de succès pour garantir la durabilité des systèmes (au sens développement durable). Cette 

dernière peut être appréhendée principalement en considérant l'Efficacité Energétique (EE) comme un 

indicateur de performance clé (KPI) pour piloter ces systèmes, à savoir réduire la quantité d'énergie requise 

pour fournir des produits et des services. Cette considération est bien en phase avec un challenge phare de 

l’union européenne (UE) parce que l'Europe a fixé des objectifs ambitieux pour promouvoir le 

développement de nouvelles méthodologies, de nouvelles technologies améliorant l'efficacité énergétique et 

réduisant les coûts énergétiques jusqu'à 20% dans les secteurs industriels les plus consommateurs en 

énergie (fabrication de verre, de ciment, d'acier, de raffinage ...) [1]. 

Ce challenge doit donc induire une reconsidération dans la façon de contrôler les systèmes industriels 

non seulement en regards des performances ou des services conventionnels (par exemple, la fiabilité, la 

productivité), mais aussi de ceux émergents tels que ceux représentatifs des exigences de développement 

durable [2] - [4]. Par conséquent, en intégrant de nouveaux KPIs de durabilité, tels que l'EE, dans le 

processus décisionnel des systèmes industriels, la performance devrait être maîtrisée et optimisée 

conjointement en ce qui concerne les trois piliers fondamentaux : l'économie, l'environnement et la société. 

Dans le domaine manufacturier, ces piliers ont permis de promouvoir les cadres de réflexion autour de la 

"Fabrication verte", la "Production verte". Néanmoins, cet indicateur d’EE n'est pas vraiment associé 

aujourd'hui à la prise de décision dans l’industrie.  

Plusieurs raisons peuvent expliquer cette dernière affirmation. Les travaux actuels sur l'EE se focalisent 

principalement sur les propriétés d'EE isolées (par exemple, la consommation d'énergie, l'économie 



d'énergie) sans définir clairement le concept dans son ensemble et comment mesurer vraiment les 

indicateurs d'efficacité énergétique (EEI). En effet, même si certaines méthodes d'évaluation de l'EEI 

existent, elles concernent principalement les valeurs d’EEI au niveau des composants (niveau opérationnel), 

sans l'envisager (par exemple par agrégation) au niveau du système qui est un niveau nécessaire pour une 

optimisation réussie des performances dans une vision holistique (niveau stratégique) [5], [6]. En outre, 

cette évaluation n'est pas facile à faire car elle doit tenir compte de la dynamique du système (âge, 

dégradation, différents profils de fonctionnement, des conditions opérationnelles, etc.), impactant la valeur 

d’EEI et amenant à suivre son évolution dans le futur pour définir clairement la Performance de l’Efficacité 

Energétique (EEP). La Performance EE est une performance qui révèle si le système industriel est efficace 

ou non (c'est plus qu'une valeur, c'est la valeur dans le temps). La formulation de l’EEI et de l’EEP n'est pas 

évidente [7], en particulier en ce qui concerne le contexte dynamique (ex. changement d’état des systèmes) 

pour prédire l'évolution de l'EE dans la même logique qu’est prédit la Durée de Vie Résiduelle (RUL) des 

composants par l'utilisation d'approches classiques de pronostic [8] - [11]. Ainsi, un défi important dans le 

développement de ces formulations est « Comment définir, évaluer et prévoir ces EEI/EEP aux différents 

niveaux d'abstraction d'un système industriel (plus spécifiquement un système manufacturier) en 

considérant la dynamique de ce système ? » (Défi n°1). 

Les résultats de ces formalisations peuvent être intégrés dans un second temps dans les processus de 

prise de décision afin de maîtriser l'EEI/EEP le plus près possible de sa valeur nominale, pour le contrôle du 

pilier environnemental. Plus précisément, cette exigence de maîtrise peut être mise en œuvre par le 

processus d’aide à la décision de maintenance comme préconisé par la communauté Prognostics and Health 

Management (PHM) [12] - [14]. En effet, une stratégie de maintenance efficace pourrait non seulement 

éviter la défaillance du système, mais aussi permettre d'anticiper l’évolution de sa consommation d'énergie. 

Néanmoins, les décisions actuelles de maintenance reposent principalement sur des indicateurs 

conventionnels tels que la fiabilité, la disponibilité, le coût direct, etc. [15], et seules quelques recherches 

ont été réalisées pour considérer les relations entre EEI et la stratégie de maintenance [10] [16], [17]. Cette 

relation est une réelle opportunité pour une évolution voire une rupture dans la philosophie maintenance 

puisque la « condition » pour déclencher l’action de maintenance serait définie principalement sur les 

exigences de durabilité et l'évolution de leurs valeurs (pour promouvoir l'originalité vers l’EEP). Ceci serait 

d’autant plus vrai pour la stratégie de type conditionnelle/prévisionnelle telle que défendue par le CBM 

(Condition-Based Maintenance). Ceci conduit à s’attaquer à un deuxième défi important qui est « Comment 

utiliser l'EE dans les stratégies de CBM ? » (Défi n°2). 

En résumé, en se référant aux deux challenges précédemment définis, l'idée fondamentale, que nous 

défendons dans cette thèse, est liée à l'évolution nécessaire de la maintenance et plus précisément de la 



CBM pour intégrer l'efficacité énergétique (EE) en termes d'indicateur EE (EEI) et de sa durée de vie 

résiduelle (concept de REEL ; durée de vie résiduelle de l’efficacité énergétique), dans la phase de prise de 

décision. Ces deux concepts d'EE sont représentatifs des exigences de développement durable requises par 

le système industriel pour satisfaire aux 3 piliers. Cette idée se structure sur deux grandes orientations 

scientifiques : La première est liée au fondement du concept d'EEI et de son évaluation/prévision (EEP) en 

ce qui concerne le fonctionnement du système industriel. Ceci se réfère à plusieurs questions scientifiques 

comme :  Définition et formalisation de l'indicateur de l'efficacité énergétique - EEI utilisable dans le 

processus de prise de décision du système industriel (problème scientifique n ° 1); Définition et formulation 

de la performance d'efficacité énergétique (EEP) pour estimer la REEL d'un composant/fonction/système 

(Question scientifique n ° 2); Développement d'une approche générique pour aider le déploiement de 

pronostics afin de prédire l'évaluation de l'EEI à différents niveaux du système de production (Question 

scientifique n ° 3). La deuxième orientation concerne le principe d'intégration de l'EE dans la prise de 

décision en maintenance et le contrôle de la performance obtenue. Ceci se réfère à une autre question 

scientifique qui est le Fondement de la politique de maintenance CBM basée sur l'EE (problème 

scientifique n ° 4). 

Ces problèmes scientifiques ont été abordés au cours de cette thèse pour donner naissance à cinq 

contributions principales: (1) Définition d'un concept EEI pertinent au niveau composant/fonction/système 

d'un système de production (manufacturier); (2) Proposition d'une formulation générique pour pouvoir 

calculer l'EEI (et son évolution) en tenant compte des facteurs statiques et dynamiques du système à chaque 

niveau d'abstraction; (3) Proposition d'un concept EEP, à partir du concept REEL (durée de vie résiduelle 

de l’efficacité énergétique), représentatif de l'évolution de l'EEI, et donc du temps restant avant qu'un 

système perde ses propriétés énergétiques (franchissement du seuil de non performance); (4) Élaboration 

d'une approche générique construite à partir de différentes étapes et permettant d’aboutir à la formulation de 

l’EEI dans un cas industriel spécifique; (5) Investigation sur l'utilisation de l'EE dans la prise de décision de 

maintenance et plus spécifiquement pour le CBM. 

Ces 6 contributions sont discutées, construites au travers de 6 chapitres : 

Le chapitre 1 dresse une vue d’ensemble sur comment la durabilité (sustainability) est considérée dans 

le processus décisionnel, plus spécifiquement celui mis en œuvre par la fonction maintenance du système 

industriel (de production) [18] - [21]. Ainsi, ce chapitre débute par un état de l’art sur le développement 

durable en général, en soulignant ses trois principaux piliers et les principaux indicateurs de performance 

(KPI) de chaque pilier. En outre, l'utilisation de ces KPI dans le domaine industriel, principalement le 

manufacturier (fabrication/production), est étudiée. Cela conduit à se focaliser sur les éléments de l'EE tels 

que l’EEI et l’EEP, dans le processus de prise de décision en maintenance. Cette considération vise à isoler 



les deux principaux défis industriels liés à l'intérêt de formaliser clairement l'EEI/EEP à différents niveaux 

d'un système manufacturier et l'intégration de l'EE dans une politique CBM.  

A partir du positionnement précédent, le chapitre 2 identifie les problèmes scientifiques liés à chacun 

des deux défis. Ainsi, le chapitre 2 se focalise d'abord sur la définition et la mesure de l'EE, mais aussi sa 

prédiction pour être utilisable dans la prise de décision en maintenance surtout dans le cadre d’une stratégie 

de type CBM (exploitation d’une condition déclenchant l’action) [22], [23]. Cela conduit à souligner les 

problèmes liés au développement des concepts d'EEI cohérents et pertinents à plusieurs niveaux 

d’abstraction d'un système industriel, mais aussi à la formulation générique de l'EEI prenant en compte la 

dynamique du système (en termes de facteurs d'impact génériques) (Question scientifique n°1). Cette 

formulation se doit d’intégrer des conditions temporelles pour proposer tout l'ensemble des variables 

utilisables dans la prédiction de l'évolution de l'EEI. Cette évolution de l'EEI est directement liée à l’étude 

de l'évaluation de l'EEP en termes d'énergie résiduelle (Question scientifique n°2). Ensuite, les formulations 

génériques doivent être détaillées selon une démarche spécifique pour permettre un calcul EEI concret (au 

temps t), mais aussi le suivi de son évolution. Cette concrétisation se doit d’être développée à partir d'une 

approche générique (Question scientifique n°3) intégrant toutes les étapes de la sélection des facteurs 

d'impact spécifiques jusqu'à l'évaluation EEP. 

Enfin, pour garder l'EEI/EEP aussi proches que possible de leurs valeurs optimales, l'évolution de la 

stratégie de maintenance doit être étudiée pour intégrer ces indicateurs comme condition pour déclencher la 

maintenance comme préconisé plus conventionnellement par le CBM (Question scientifique n°4). Ces 4 

questions scientifiques sont abordées dans les chapitres suivants pour présenter les contributions de la thèse. 

Plus précisément, le chapitre 3 a pour objet de décrire les contributions liées aux deux premiers 

problèmes scientifiques. En ce sens, la première contribution concerne le fondement d'un concept EEI 

approprié pour le système manufacturier (classe spécifique de système industriel) et utilisable à différents 

niveaux d'abstraction de ce système [24]. Ce fondement comprend la définition générique de l'EEI basée 

sur deux aspects principaux des propriétés de l’EE : la consommation d'énergie et la production utile (la 

sortie du système). Ces deux propriétés représentent des variables à maîtriser dans le processus décisionnel. 

En outre, une formulation générique d'EEI, utilisable à chaque niveau, est proposée. Cette formulation est 

décrite comme le rapport entre deux parties dans lesquelles les facteurs dépendants du temps (appelés 

facteurs statiques et dynamiques) sont considérés. La première partie concerne les différents types de 

ressources énergétiques consommées (comme entrées). La deuxième partie concerne les produits fabriqués 

fournis (en tant que produits de sortie) [25]. La formulation peut être utile pour un système manufacturier 

spécifique afin de calculer la valeur de l'EEI et aussi l'évolution de l'EEI (en raison des facteurs dépendants 

du temps). 



Enfin, en ce qui concerne le deuxième problème scientifique, il est proposé un nouveau concept appelé 

REEL (Durée de vie restante de l’efficacité énergétique) basé sur l'évolution de l'EEI et représentant la 

durée à partir de l’instant présent (dans la zone d'efficacité) jusqu'au moment où le système manufacturier 

va fonctionner dans une zone de non-efficacité énergétique. Le REEL est à considérer comme équivalent à 

l’EEP pour présenter une propriété importante de l’EE du système manufacturier (pour évaluer le temps 

restant avant qu'un composant/fonction/système ne perde ses propriétés énergétiques sous un seuil limite). 

Le chapitre 4 a pour objectif d’aborder la question scientifique n°3 à travers une approche permettant de 

mettre en œuvre différentes étapes nécessaires pour utiliser la formulation générique du calcul de l'EEI sur 

un système de manufacturier spécifique, puis pour évaluer le REEL. 

Ainsi, il est proposé une approche générique structurée sur 3 étapes principales. Dans la première étape, 

il est prévu de définir clairement, à chaque niveau du système manufacturier spécifique, la consommation 

d'énergie (en entrée) et le produit manufacturé utile (en sortie). Pour bien comprendre le processus de 

transformation des entrées en sorties, un diagramme de flux d'énergie et un diagramme de production 

doivent être fournis à l'avance (par des experts) [26]. Ensuite, sont identifiés les composants en aval qui 

peuvent avoir une forte contribution sur l'EEI au niveau supérieur. Il est également déterminé, pour chaque 

niveau, les facteurs d'impact (statique et dynamique) qui doivent être pris en compte. Des modèles existants 

sont ensuite investigués en regard de l’intégration des facteurs identifiés afin de les utiliser pour chaque 

partie de la formulation (consommation d'énergie, sortie). Si un modèle approprié pour la consommation 

d'énergie et/ou la sortie n'est pas disponible, les modèles se doivent d’être créés. Enfin, à partir de tous les 

modèles, des formulations spécifiques (modèles EEI) sont développées à chaque niveau pour calculer la 

valeur EEI correspondante (au temps t). 

La deuxième étape de la procédure est consacrée à sélectionner et à mettre en œuvre la méthode de 

pronostic la plus appropriée pour prédire l'évolution de chaque facteur d'impact. Ainsi, la totalité de ces 

évolutions obtenues à la fin de cette étape sont réintégrées, à la troisième étape, dans les formulations 

spécifiques (exprimées à l'étape 1) pour évaluer cette fois ci, la valeur EEI à tout moment dans le futur 

(Evolution de l'EEI). À partir de cette évolution de l'EEI, il est évalué le temps restant avant que le système 

ne perde ses propriétés d'énergie sous un seuil limite (calcul REEL). 

Le chapitre 5 a pour objet de valider les contributions proposées aux chapitres 3 et 4 en les appliquant 

sur la plate-forme TELMA. TELMA est une plate-forme qui matérialise un processus physique dédié au 

déroulement d’une bande type métal, papier etc. Ce processus est similaire aux applications industrielles 

telles que la coupe de tôle et la coupe de bobines de papier. Le processus physique de TELMA est divisé en 

quatre parties : changement de bobines, accumulation de bande, coupe-poinçonnage et système d’avance. 

Chaque partie se compose de plusieurs composants tels que des vérins, le mandrin, le système de 



marquage, des moteurs, etc. Cette première étape de la phase de validation est principalement focalisée sur 

les deux moteurs indépendants qui interviennent dans la fonction "poinçonnage" (Moteur consommant 

uniquement de l'énergie électrique) [27]. Ainsi, les modèles EEI issus de la mise en œuvre de la première 

étape de l'approche générique (chapitre 4) sont construits à partir des données de terrain acquises sur les 

moteurs (un modèle EEI par moteur) complétées par des données relatives à la fonction réalisée par ces 

moteurs (un modèle EEI de la fonction). Ces modèles intègrent des facteurs d'impact tels que la 

détérioration des roulements (facteur dynamique) et le profil de la mission (facteur statique) [28] - [31]. 

Ainsi, les approches de pronostics basés sur les données sont choisies pour prédire l'évolution de la 

détérioration des roulements (facteur dynamique), alors que le profil de la mission est fixé à l'avance en 

considérant le plan de production (facteur statique). Ces évolutions de facteurs permettent de calculer 

l'évolution de l'EEI pour chaque moteur ainsi que pour la fonction considérée conduisant à évaluer le REEL 

de ces éléments. Les résultats obtenus à partir de ces modèles ont démontré que l'EEI peut être calculé à 

tout moment et que l'évolution de l'EE (valeurs REEL) peut être prédite à la fois au niveau des composants 

(moteurs) et au niveau de la fonction dans le cadre d'un système spécifique. 

Le chapitre 6 traite enfin la question scientifique n°4 en étudiant l'intérêt d'intégrer l'EE dans la prise de 

décision en CBM. L'investigation se concentre principalement sur la proposition d'un nouveau modèle 

CBM basé sur l'EE en utilisant la valeur EEI comme condition (et pas encore la valeur EEP) pour 

déclencher l'action de maintenance prévisionnelle. Ainsi, l'idée principale de ce CBM basé sur l’EEI est 

d'inspecter, à un moment précis, la consommation d'énergie ainsi que les valeurs de sortie du système, puis 

de calculer l'EEI et de déclencher ou non des actions. En effet, une action de maintenance est déclenchée si 

la valeur EEI est supérieure à un seuil préventif. L'intervalle de temps d'inspection et les seuils préventifs 

sont des paramètres de décision à optimiser. Il est considéré ensuite soit la valeur EEI de chaque composant 

individuel soit la valeur EEI d'un groupe de composants au niveau de la fonction/système (comme le 

permettent les formalisations de l'EEI au chapitre 3), pour proposer deux stratégies principales de CBM 

(appelées maintenance individuelle ; regroupement d’actions de maintenance ou maintenance 

opportuniste). Dans le but de comparer les avantages de cette nouvelle stratégie CBM basée sur l’EEI avec 

une approche CBM conventionnelle, une extension d'un modèle de coût existant de CBM a été effectuée en 

prenant en compte non seulement les coûts de maintenance, mais aussi le coût de l'énergie. Le modèle 

étendu conduit à considérer l'énergie directement dans l'optimisation de la maintenance. L'étape de 

comparaison est développée sur l'étude de cas de la plate-forme TELMA permettant d'évaluer l'impact de 

l'EE sur les stratégies CBM existantes et de conclure sur les intérêts d'une nouvelle pratique CBM basée sur 

l’EE en termes d'optimisation des coûts. En effet, uniquement au niveau du moteur, les résultats du calcul 

de l’EEI sont utilisés pour la mise en œuvre du CBM basé sur l’EEI. De cette façon, la technique de 

simulation de Monte Carlo a été appliquée pour trouver le temps de remplacement du premier composant 



[32]. Ce temps a été utilisé dans le modèle étendu pour calculer le coût conduisant à sélectionner les 

paramètres optimaux (intervalle d'inspection et seuil EEI) en minimisant ce coût. Parallèlement, une 

stratégie CBM conventionnelle a été appliquée en considérant le niveau de détérioration du roulement 

comme condition. Ensuite, les mêmes outils (ex. Monte Carlo, modèle étendu) ont été utilisés pour décider 

des paramètres optimaux. La comparaison des 2 coûts minimisés a montré que le CBM basé sur l'EEI est 

une politique efficace lorsque la quantité de consommation d'énergie est élevée. Ceci est toujours vrai 

lorsque l'analyse de la sensibilité se fait en modifiant le coût de l'inspection, le coût de maintenance 

préventive, les prix de l'énergie et le comportement de détérioration d'un facteur d'impact dynamique (la 

dégradation du roulement). Ainsi dans ce contexte d’expérimentation, l'intérêt d'une nouvelle pratique 

CBM fondée sur l'EEI a été mis en évidence. 

Par rapport à tout ce travail de thèse, les principales originalités revendiquées sont : la prise en compte 

de l'EE dans les systèmes manufacturiers comme un KPI pour faire face aux problèmes de durabilité ; la 

construction de l'EEI ; la proposition du nouveau concept de REEL pour considérer l'évolution de l'EEI 

dans la prise de décision (EEP) ; l'étude d’une nouvelle stratégie CBM basée sur l’EE(I) pour laquelle la 

condition à maîtriser est axée sur la durabilité. La plupart de ces contributions sont génériques et peuvent 

donc être émises pour différents types de systèmes manufacturiers et à chaque niveau d'abstraction de ces 

systèmes. 

Cependant, les contributions apportées au cours de cette thèse ne couvrent pas toutes les réponses 

attendues en ce qui concerne les deux défis. Ainsi, certaines perspectives peuvent être émises telles que : 

- L'extension du contexte de validation pour prouver la faisabilité et les la valeur ajoutée réels des 

contributions (CBM basée sur l’EE) dans le cadre d’un véritable système industriel (par exemple, 

une possibilité est de les appliquer sur une presse à l'usine RENAULT située à Flins). 

- Le développement d'un « modèle EE générique » utilisable pour la classe de système manufacturier. 

Ce modèle doit être une concrétisation de la formulation textuelle proposée au chapitre 3 (par 

exemple, la formalisation des connaissances sur les ressources énergétiques - les intrants, les 

résultats, les facteurs d'impact, les relations et les règles entre eux, les pronostics sur les facteurs 

d'impact, etc.). Ce modèle devrait permettre de définir un modèle d’EE particulier pour un 

composant spécifique, une fonction spécifique … en mettant en œuvre une procédure 

d'instanciation. 

- La mise en œuvre du CBM basé sur le REEL (EEP) qui doit être considérée comme une extension 

du CBM EEI actuel. 



- La considération d'autres KPI de durabilité que l'EE, mais aussi des KPI classiques et de toutes les 

relations entre ces différents KPI dans le processus décisionnel de maintenance. 

- Le développement d'une approche multicritères pour optimiser le processus de prise de décision en 

maintenance à partir de considérations à la fois des KPI conventionnels (par exemple le RUL) et de 

durabilité (EE, mais pas seulement, par exemple REEL, EEI, CO2) interagissant en termes 

d'impacts positifs ou négatifs. 
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