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This editorial introduces the special issue on energy-aware manufacturing operations in the International Journal of
Production Research. The 12 papers in this special issue were selected because of their high quality and also because
they deal with topics related to energy-aware manufacturing operations. Three broad challenges are collectively
addressed by the papers in this special issue: energy-efficiency vs. manufacturing-system effectiveness in optimisation;
the volatility in energy availablrl)ity, supply and cost; mode%/ling energy consumption in varying scales and across
different sub-systems. Previous global discussions about the state of the art in energy-aware manufacturing
operations are provided, as well as exploratory guidelines for future research in this area.
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1. Introduction

Today, the industrial sector consumes a significant portion of the energy in the global economy; consequently, it has a
significant impact on the environment and sustainability of our societies through resource consumption. This is driven
by the fact that in the 2010s, the industrial sector has accounted for about 50% of the world’s total energy consumption,
while the sector’s energy consumption has almost doubled over the last 60 years (Fang et al. 2011). Even though this
energy consumption is concentrated primary metals and process industries (Waldemarsson 2012), manufacturing pro-
cesses are also energy intensive, making this stage a primary source of energy consumption and carbon footprint genera-
tion (since manufacturing is responsible of more than 33% of global energy consumption, and 38% of direct and
indirect CO, emissions worldwide (Garetti and Taisch 2012)); while the remainder is attributed to the transport sector,
households and services. Furthermore, the energy efficiency of machine tools is generally less than 30% (Hu et al.
2012), which when combined with dynamic pricing and significant limitations on peak energy, will make detailed manu-
facturing scheduling and control systems considerably influent on the energy consumption and all associated costs.
Consequently, despite the fact that machinery represents a small fraction of a whole product’s life cycle, reducing the
energy consumed during production was recently identified as one of the most important strategies to improve sustainabil-
ity in manufacturing (Pusavec, Krajnik, and Kopac 2010; He et al. 2012). Presently, and in the foreseeable future, there are
significant opportunities to improve energy productivity in manufacturing, by reducing energy waste, using better technolo-
gies and techniques for designing and operating factories. Energy productivity will become an important competitive
dimension for manufacturing enterprises, which can be viewed as a natural evolution towards leaner, cleaner and greener
systems. Moreover, customers will increase the demand for green products manufactured in green manufacturing systems.
Therefore, energy productivity needs to be characterised over a wide range of timescales ranging from sub-seconds to mul-
tiple years, through various metrics, physical measurements, empirical studies, analytical and computational techniques.
However, over the past five decades, energy productivity in manufacturing has not kept up with the remarkable
strides that have been made in improving labour and material productivity. Therefore, it is critical for researchers in aca-
demia, government and industry to make all aspects of manufacturing much more energy efficient, and some efforts are
nowadays being paid in that direction (Garetti and Taisch 2012), fostered by international funding organisms. To illus-
trate this, let us mention two representative applied research-oriented projects. First, the FP7 EU iProSPER project
whose objective is to stimulate knowledge generation and sharing, the exchange of best practices, the results from
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research and case studies and the creation of new opportunities in the thematic area of sustainable energy-efficient
manufacturing.' Second, the FP7 EU CASES project (Customised Advisory Sustainable manufacturing Services) that
aims to provide manufacturing enterprises with new business and technical models to estimate, simulate and optimise
manufacturing energy consumption in a predictive, cost-effective, efficient and networked means, calibrated by industrial
cases in global chains.? Even if international funding organisms and industrialists are convinced by this necessity, scien-
tific/academic research on reducing environmental impacts by controlling and scheduling manufacturing operations,
including energy, has been relatively limited until 2012 (Fang et al. 2011; Bruzzone et al. 2012), whereas early efforts
in this area have been applied in the chemical industry (Grau, Espufia, and Puigjaner 1995). Meanwhile, since few
years, the research activity has been significantly increasing in the fields of sustainable manufacturing and energy-aware
scheduling. As an illustration of this trend, let us mention three recent and complementary surveys (Gahm et al. 2015;
Giret, Trentesaux, and Prabhu 2015; Schulze et al. 2015).

Hence, this special issue intends to contribute to the development of energy-aware manufacturing operations sys-
tems. Focus is set on manufacturing operations which are activities led at an operational level. Manufacturing operations
include activities such as inventory, tooling, machining, task scheduling, process monitoring, supervision, quality con-
trol, maintenance and product routing for a given manufacturing system (Trentesaux and Prabhu 2013). In the light of
the previous discussion, energy-aware manufacturing operations are an emerging and highly challenging concept. From
our point of view, an energy-aware manufacturing operations management system (in short, energy-aware manufactur-
ing operations) can be defined as a manufacturing operations management system that considers in a predictive or a
reactive way, and in addition to usual production decision variables, objectives and constraints (e.g. time based or
time/quantity based), the energy as a decision variable, an objective or as a constraint. This broad definition encom-
passes a large set of existing and potential research activities that pay attention to the interaction of one or several of
the introduced manufacturing operations with the different dimensions of energy in manufacturing, typically:

(1) Real-time or forecasted manufacturing energy supply or needs;

(2) green manufacturing energy and energy co-generation in the grid;

(3) peak power during manufacturing;

(4) energy prices and energy costs for manufacturing;

(5) real-time measurement or forecasted manufacturing energy consumption;
(6) energy efficiency measures and related performance indicators;

(7) products, resources and process design for energy-aware manufacturing;
(8) recycled manufacturing energy wastes;

(9) opportunistic manufacturing energy savings, etc.

Aligned with these different aspects and dimensions, and as a guideline that will be used to position the papers com-
posing this special issue, the next part details provides more details on three of the key challenges that can be faced
when addressing energy-aware manufacturing operations. In the prospective part, we will reveal some complementary
challenges that can be considered as a step beyond these three challenges.

2. Three of the key challenges in energy-aware manufacturing operations
2.1 Challenge #1: energy efficiency vs. manufacturing-system effectiveness in optimisation

Considering energy in manufacturing operations management significantly increases the complexity of classical prob-
lems (e.g. scheduling of job shops, already known as NP-hard problem). This indeed leads us to consider efficiency in
addition to classical effectiveness when deciding manufacturing operations. In a general sense, seeking for the best use
of means refers to efficiency while seeking for the best results, effectiveness (Roghanian, Rasli, and Gheysari 2012).
Thus, efficiency is often defined as ‘doing things right’, while effectiveness is defined as ‘doing the right things’. But
effectiveness and efficiency are conflicting objectives; for example, reducing energy consumption may imply a loss of
performance in the time scheduling of operations (typically, the makespan). There are a lot of different ways to simulta-
neously manage energy-efficiency and manufacturing-system effectiveness (Pach et al. 2014): energy efficiency can be
optimised considering manufacturing-system effectiveness as a constraint (e.g. opportunistic energy savings), or, manu-
facturing-system effectiveness can be optimised for a given profile, using the total available power as a constraint (e.g.
peak load), or a simultaneous optimisation of both can be defined to get a balanced solution.

Even if mono-criterion optimisation function (e.g. weighted sum) is still used in this context (and especially for
high-level studies at factory or supply chains levels), solving this challenge may logically push researchers to model the
problem as a multi-criterion one, if a fine modelling of the optimisation mechanism is required. Indeed, beyond their



natural antagonism, efficiency and effectiveness are expressed in different terms, ranges and units, which makes it rather
sensitive to define a consistent mono-criterion optimisation function. Pareto analysis is then an interesting approach in
such a context, even in the optimisation process itself. Moreover, since efficiency and effectiveness can be expressed
either as a constraint or an objective depending on the context, multi-objective aggregation is also recommended in the
optimisation stage, including lexicographical methods, constraint satisfaction problems, ¢-constraints approaches or relax-
ation mechanisms. The use of learning mechanisms and joint simulation/optimisation techniques may also be interesting
(in conjunction with challenges #2 and #3 below).

2.2 Challenge #2: the volatility in energy availability, supply and cost

In recent years, the increasing volatility and unpredictability of energy availability, supply and cost, require that manage-
ment systems be more reactive (Ghadimi, Kara, and Kornfeld 2015). For example, the carbon footprint is bigger during
periods of peak load (e.g. electricity peak load) due to the use of more expensive and less clean sources (Prabhu 2012).
This can result in a dynamic (i.e. real time) pricing of electricity. It is also important to note that, with provider—user
energy supply agreements, exceeding the defined consumption will result in significant penalties. Another factor that
will result in more unpredictable costs and availability, as well as volatile energy supplies, is the increasing use of solar
panels or wind turbines in energy grids. The evolution in the energy available has to be predicted, but the price, the load
and the consumption behaviour implied may be difficult to predict (Fan and Borlase 2009; Ipakchi and Albuyeh 2009),
thus making it difficult to define accurate manufacturing operation strategies in this hardly predictable context (Kuhl-
mann and Bauernhansl 2015).

Solving this challenge will involve considering stochastics/probabilistic models, data analysis tools (including the
design of experiments, statistical studies and data mining), risk management tools, simulation tools (e.g. to test ‘what
if?” scenarios) or highly reactive algorithms (including high-speed heuristics, rule-based behaviours or multi-agent tech-
niques), in addition to long-term optimisation algorithms, with regards to the previous challenge. It may also require
acquiring behavioural models of the energy grid, since this modelling is difficult to obtain, due to the increase in the
energy supply from hardly predictable renewable energy systems (wind, water, sun, etc.).

2.3 Challenge #3: modelling energy consumption in varying scales and across different sub-systems

This third challenge is perhaps the more challenging one. It deals with the need for energy profiles of all energy-con-
suming/producing systems such as machines, robots, AGV and conveying systems, local wind turbine, heat gathering
system, which must be finely modelled at a microscopic level (Kurp, Gao, and Sah 2012; Trentesaux and Prabhu 2014).
Using these micro-models, several opportunities emerge since these models may be used in optimisation mechanisms or
in simulation tools (see challenge #1), to evaluate different energy-saving strategies, or to evaluate different technolo-
gies. For example, a typical opportunity concerns the possibility of identifying which proportion of energy spent is used
to add value to products so that mechanisms dealing with the reduction of the non-added value during machining (idle
times, ramp-up, etc.) can be defined (cf. wastes reduction in lean manufacturing). Thus, it would help to evaluate the
energy impacts on the manufacturing-system footprint (emission, pollutant), and losses (including scrap). Along with
these micro-models, macro-models (at the enterprise level) can also be defined to identify global energy profiles and to
estimate its evolution using for example history and past events.

The main reason why this challenge is hard to solve is due to the difficulty in accessing energy data when operating
if nothing has been done during the design of the corresponding resource to facilitate this access in the first place, which
is often the case in current industrial assets (Zein et al. 2011). As a result, researchers must either develop complex
reverse engineering techniques and models to estimate energy profiles, or use external energy sensors. The first solution
leads to side effect research efforts (such as handling multi-physics phenomena), while the second, despite the fact that
the current technological offer in sensors allows the monitoring of energy in real time, leads to partial and often high-
level measures.

To solve this third challenge, there are two mainstreams in the literature. The first one aims to obtain ‘internal micro-
models’. To generate such models, multi-physics knowledge and modelling capabilities in energetics, mechanics and elec-
trical engineering are required to obtain the mechanical behaviour of tools and parts, of friction and heat generation, of the
ageing of machines and tools, of torques, speeds, accelerations and their effects on energy generation or consumption. The
second aims to obtain ‘external micro-models’. To generate such models, control theory knowledge is required to model
‘black boxes’, as precisely as possible and possibly hierarchically organised, in order to model these behaviours by trans-
forming informational signal inputs into informational signal outputs. One advantage of the latter approach is that no atten-
tion is to be paid to the underlying multi-physics phenomena. If on the other hand, macro-models are sought, then



knowledge in information processing (data mining, clustering, etc.) as well as in probabilistic/statistical studies (design of
experiments, correlation analysis, Bayesian networks, etc.) are required. In addition to all these approaches, learning capa-
bilities can be used to improve/adapt the models with time, using, for example, neural networks, case-based reasoning,
adaptive mechanisms or reinforcement learning. One clear risk relevant to these micro-models is clearly related to the com-
plexity they induce in calculations, which thus makes it harder to solve the challenges #1 and #2 or to support the design of
integrated macro-models.

3. The contributions

In this special issue, 12 papers were selected after a robust peer-review process. They clearly illustrate the variety of
approaches and contributions, and their relative complementarity which helps to design energy-aware manufacturing
operations management systems. These papers are briefly introduced below and are positioned according to the particu-
lar challenge they address among the three stated, see Table 1. In this special issue, the challenge #3 is the most
addressed. In this table, the modelling/solving tools are also introduced, pointing out the diversity of the research fields
that are considered when designing energy-aware manufacturing operation management systems.

3.1 Contributions relevant to challenge #1

In Meneghetti, Dal Borgo, and Monti (2015), the authors considered automated storage and retrieval systems. In this
context, they propose a classification of racks based on system height to select the proper crane specifications needed to
compute the torque to be overcome by motors to serve a given location within a rack. An overall optimisation model
based on constraint programming combined with large neighbourhood search is developed, allowing the joint

Table 1. Positioning of the 12 contributions in this special issue.

Addressed challenge
Challenge #1: energy Challenge #2: the

efficiency vs. volatility in Challenge #3: modelling
manufacturing-system energy energy consumption in
effectiveness in availability, varying scales and across
Contributions optimisation supply and cost different sub-systems Modelling/solving tools
May et al. (2015) Yes Multi-objective genetic
algorithm
Meneghetti, Dal Borgo, and  Yes Constraint programming;
Monti (2015) large neighbourhood
search
Lee and Prabhu (2015) Yes Continuous feedback
controller, arrival time
control
Mikhaylidi, Naseraldin, and ~ Yes Partially Dynamic programming
Yedidsion (2015)
Tan and Yavuz (2015) Yes Stochastic modelling,
probabilities
Jeon, Taisch, and Prabhu Yes Simulation, regression
(2014) models
Santana-Viera et al. (2014) Partially Yes Stochastic programming,
Monte Carlo simulation,
design of experiments,
regression models
Xu et al. (2014) Yes Process simulation
Hu et al. (2014) Yes Feature technology,
binary trees
Johansson et al. (2014) Yes Production flow analysis,
data mining, discrete
event simulation
Dhavale and Sarkis (2015) Yes Bayesian analysis,
simulation
Mustafaraj et al. (2015) Yes Statistical analysis




application of the best control policies for storage assignment and sequencing both for time and energy-based optimisa-
tion, as well as the introduction of multiple weight unit loads and energy recovery. Based on a fine-tuned model of
crane energy profile depending on its characteristics and its possible workload, they developed a balanced energy effi-
ciency and effectiveness (time), based on specific tuning parameters which favour either the one or the other.

In May et al. (2015), the authors investigate the effects of production-scheduling policies, aimed at improving energy
efficiency on the performances of a job shop manufacturing system. Hence, a new green genetic algorithm, which is
able to consider objectives related to productivity and energy consumption is developed. To avoid a ‘simple’ mono-crite-
rion aggregation, their approach involved integrating a measure of the domination degree (in the sense of Pareto) for
chromosomes in their fitness value. They assumed that power consumption for the different machines are constant
(challenge #3) on a static problem (challenge #2).

In Mikhaylidi, Naseraldin, and Yedidsion (2015), the authors address challenge #1, but also paid some attention to
challenge #2. The authors considered a manufacturing operations control problem with known time-varying electricity
prices in a finite planning horizon. Each operation is unique and has its own concave electricity consumption function.
There is a fixed start-up cost incurred for switching on the machine, as well as a fixed reservation cost incurred for
keeping the machine switched ‘On’. The system also includes a rechargeable battery. The customer has to determine
when to process each operation within the time frame so as to minimise total electricity consumption and penalty costs
from postponing operations. The optimum amount of time required to both charge and discharge the rechargeable bat-
tery were sought.

In Lee and Prabhu (2015), the authors propose an energy-aware feedback control model for production scheduling
and capacity control. They consider the costs of energy consumption, machine maintenance, production capacity and the
penalty cost imposed by just-in-time production requirements. Continuous control variables are used to adjust the
system.

3.2 Contributions relevant to challenge #2

In Tan and Yavuz (2015), the authors developed an original approach based on a detailed analytical model for the oper-
ation of energy-saving companies in a way which captures improvement in energy efficiencies and costs of technologies
with time, variation in energy consumption, uncertainty in energy unit price and useful technology life and revenue from
carbon offsets simultaneously. For that purpose, they developed a stochastic setting to analyse a business plan to offer
energy-saving technologies as a service, by identifying for each candidate technology, its replacement cost, cost of
energy usage, CO, emission and revenue from carbon offsets. Using a probabilistic approach, they address risk manage-
ment by testing different effects and scenario in the context of uncertainties (e.g. energy pricing). Since they mainly
work at a high business level, challenge #1 is addressed using a mono-criterion additive aggregation, while challenge #3
is addressed using a global linear regression of the day’s temperature.

In Jeon, Taisch, and Prabhu (2014), the authors proposed a method that starts by extracting parameters at the product
level, and links the parameters to machine-level power and plant-level energy footprints, thereby enabling a comparison
of manufacturing energy footprints at the industry level. A case study shows in detail how parameterised information at
each level is systemically used as input data for the next level. Simulating the energy consumption of a hypothetical
plant with five managerial factors, the case study presents the total energy consumption and the energy consumption per
unit product in closed-form equations. By using the equations, the manufacturing energy can be estimated with the fac-
tors at different levels, and ways to reduce manufacturing energy consumption can be analysed in regards to a higher
order interaction.

3.3 Contributions relevant to challenge #3

In Xu et al. (2014), the authors present a method to build an energy consumption model for the printing stage of a bin-
der-jetting process in the promising context of additive manufacturing. For that purpose, they developed mathematical
analyses to determine the correlation between the energy consumption and geometry of the manufactured part. Based on
the analyses, total energy consumption is calculated as a function of part geometry and printing parameters. Test print-
ings were performed to check the accuracy of the model. This process model was then designed to provide a tool for
optimising part geometry design with regards to energy consumption.

In Hu et al. (2014), the authors estimate, from the design phase, the energy consumption of a part using the features
approach. They propose that an energy profile can be associated to each product feature. The proposed method can well
achieve a comprehensive and very efficient estimation of energy consumption of parts at the design phase. According to
the estimation result, product designers and energy managers can judge whether the design scheme is energy efficient or



not. This kind of research work is thus a necessary prerequisite for every research development in the field of
energy-aware manufacturing operations management since, for example, planning alternative manufacturing operations
in reconfigurable manufacturing systems should have, as an input, the energy profile for each of the machines able to
perform these alternative operations of each required product feature.

In Santana-Viera et al. (2014), the authors proposed using onsite wind and solar energy resources to assist large
manufacturing facilities in meeting the load curtailment goal in interruptible/curtailable demand response programmes.
For that purpose, stochastic programming models were developed to perform a central composite design to determine
the optimal capacity of wind turbines and solar photovoltaic units that maximise the annual utility savings subject to
uncertain contingency calls. A stochastic programming model considers installation and operation costs, utility discounts
as a result of demand response participation, carbon credits/government subsidies and production losses during contin-
gent events. They mainly addressed challenge #3 but they also addressed challenge #2. The proposed model is intended
for use by manufacturing firms to assess the cost benefits as result of discount utility prices and the carbon savings from
renewable integration.

In Johansson et al. (2014), the authors starting point was that additional input parameters, such as electrical power
consumed by machines, are needed in energy-aware manufacturing operations. Using discrete event simulation, they
investigated how NC machine power consumption should be represented in simulation models for factories, and how
they can be used to optimise production flows as well as to reduce non-value-added activities. To limit the complexity
of modelling in the context of challenge #2, their approach tries to determine whether a representation of the energy
consumption as a deterministic variable for each machine’s busy state (i.e. the different operations it can perform) is suf-
ficient or not. If not, statistical distribution for example may be used in the simulations. For that purpose, they studied
data from three factories. They concluded that it is important to choose a good representation of the machines’ energy
consumption in a discrete event simulation model, to assure valid and qualitative results.

In Dhavale and Sarkis (2015), the authors chose a unique method to consider the link between energy savings and
carbon credit market. The idea is that the reduction in energy usage due to efficient and sustainable manufacturing sys-
tems creates credits for the firm in a carbon trading market. The firm is then able to sell these carbon credits on the mar-
ket or use the credits elsewhere in its operation thus avoiding the need to purchase them. For that purpose, they develop
a Bayesian net present value framework. Their approach allows decision-makers to integrate their knowledge, past expe-
rience, and uncertain and volatile cash flows from carbon emissions credits into decisions dealing with energy efficient,
sustainable manufacturing equipment.

In Mustafaraj et al. (2015), the authors described an interesting technique aiming at differentiating, from the con-
sumption of electricity in manufacturing operations, the part relevant to value-added operations (value-added electricity),
from that relevant to auxiliary operations (non-added value). For that purpose, historical production and electricity-con-
sumption data were collected over a period of three months, from four different machines in a value stream at a manu-
facturing facility. The data were examined using a methodology based on the statistical analysis of the historical data
collected and were verified using heuristic machines profiles.

4. Prospective

In this special issue, three of the key challenges that can be faced when addressing energy-aware manufacturing opera-
tions are addressed. By going one step beyond these three challenges, we can identify some urgent prospects to address
in the near future. The following parts introduce some of these prospects according to different points of view, namely
informational, organisational, and product and resource life cycle points of view.

4.1 Informational point of view

Information and communication systems must be adapted to enable the handling of energy in manufacturing operations.
Typically, a first prospect concerns the integrated design of energy-aware manufacturing information systems, from the
lower levels (e.g. SCADA) to management levels (e.g. ERP) (Bonino et al. 2014). Indeed, the complete energy-related
decision loop from the long-term strategic and tactical term systems to the short-term physical systems and back again
to these long-term systems still does not exist in an integrated and generic way.

A second prospect concerns the use of emerging information and communication paradigms such as cyber-physical
systems, smart/intelligent products, ambient manufacturing, industrial internet, internet of things, and more globally,
intelligent manufacturing systems would easily complete the use of classical modelling techniques to enable more bot-
tom-up, reactive and adaptive behaviour in combination with top-down approaches, that find it difficult to handle the
growing introduced unpredictability in the availability of natural and technological resources (Thomas and Trentesaux



2014), especially in the context of the smart energy grid (Strasser et al. 2015). Multi-agent or Holonic principles are
highly consistent within such a context (Trentesaux and Giret 2015).

4.2 Organisational point of view

The manufacturing organisations themselves must be revised to define more energy-friendly manufacturing systems.
This may have major impacts on research developments, implying, for example, the adaptation of scheduling models to
support this evolution.

A first prospect concerns the need to consider energy wastes as a possible input in the system. Indeed, despite the
fact that this is a widespread approach in specific industries, such as chemical/process industry, few works consider the
possibility of re-injecting energy waste into the system (e.g. waste generated from heat losses during machining) (Fu
et al. 2015), even in manufacturing. Research activities that aim at translating in manufacturing systems ideas and devel-
opments from these experiences should be dealt with in the near future.

A second prospect concerns the automatic reconfiguration of manufacturing systems according to the cost and avail-
ability of energy. This includes, for example, the dynamic plugging and unplugging of resources in the production net-
work aligned with an adaptive layout redefinition, or the automatic adaptation of operations to meet some dynamic and
unpredictable energy requirements. This reconfiguration process should consider resources that consume energy and
others that produce energy (even locally, within a company). Reconfigurable manufacturing systems may then gain new
interest within the context of energy-aware manufacturing systems (Leitdo, Barbosa, and Trentesaux 2012; Azab et al.
2013) but the link with energy is still not made despite this potential benefit.

A third prospect is relevant to the broadening of the manufacturing activities that researchers consider when design-
ing energy-aware manufacturing operations. Indeed, to the best of our knowledge, and as illustrated by the papers com-
posing this special issue, most of the works in the domain of energy-aware manufacturing operations management focus
on a single specific activity or function at the manufacturing operations level, typically, monitoring, control or schedul-
ing. It is obvious that broadening the scope of the study will help to improve the global management of energy at the
manufacturing operation level. For example, coupling energy-aware maintenance with energy-aware scheduling may
lead to limit the misuse of machining tools to limit possible over consumptions of energy or energy wastage. Mean-
while, despite its immediate appeal for energy savings, this kind of studies has been seldom proposed (Senechal et al.
2015).

4.3 Product and resources life cycle point of view

As a kind of generalisation of the previously introduced prospect (broadening of the manufacturing activities), consider-
ing the whole life cycle of systems, being products and resources, when designing energy-aware manufacturing opera-
tions management systems seems to be promising. To illustrate this, let us mention three innovative prospects.

A first prospect concerns the development of applications based on the concept of product-service systems (PSS) to
design energy-aware manufacturing operations. PSS is known to be by essence more sustainable than classical not ser-
vice-oriented approaches, reducing the total product and material use and improving the life cycle of products, including
the global footprints, and especially energy consumptions (Chou, Chen, and Conley 2015). The concept of PSS can then
be applied to the manufacturing resource themselves, which leads us to define here a new innovative concept: resource-
service system. Typically, instead of owning production resources, manufacturers may buy for the services (manufactur-
ing operations) thus for the dynamic capacity these resources are able to provide to manufacture a product. This would
lead to indirect energy savings through the definition of innovative mechanisms. For example, it would lead to the glob-
alisation and the optimisation of the manufacturing resources assets done transversally to a group of manufacturers using
the same production technologies. The global optimisation of the maintenance of these assets will be eased. The balance
of the workload vs. capacity will also be eased since handled globally. Such an approach forces thus the globalisation
and the federation of the management of a whole set of production resources beyond a single company.

A second prospect concerns the globalisation of the design of energy-aware manufacturing operations management
systems alongside the design of products and processes. The idea is to make jointly product and manufacturing system
design choices that will limit the use of energy during the future manufacturing of the product. The monozukuri princi-
ple is a famous industrial flagship approach aligned with this idea (Aoki, Staeblein, and Tomino 2014) that is not suffi-
ciently considered in the research world. From our point of view, defining energy-aware monozukuri mechanisms would
help to handle this prospect.

Aligned with the previous prospect, a third prospect deals with the design for energy-aware, that is, the design of
manufacturing machines ready for energy-aware management. Since production resources, like any product, must also



be designed, identifying and considering the potential need to get simple but high-quality energy profile information
when they will be used, from the early stage of their design, will ease in consequence the definition of energy-aware
manufacturing operations management systems both from a predictive and a reactive point of view. This logically leads
to the energy-efficient products and resources development process itself since the energy profile of manufacturing oper-
ations (estimated or sensed) would be possible thanks to this anticipated easy-access measurement. Typically, in the near
future, each production resource should be accompanied with an integrated module enabling the easy management of its
energy profile (including monitoring of energy consumption/production, energy-state management, energy-losses or
energy-savings management, easy switch off/on, etc.). Axiomatic or feature-based design may be useful in this context
(Zein et al. 2011; Hu et al. 2014), as well as function block-oriented approaches (Peng, Xu, and Wang 2014).

5. Conclusion

This editorial aims to introduce the special issue on energy-aware manufacturing operations in the International Journal
of Production Research. In this special issue, 12 high-quality papers are presented. Three broad challenges are collec-
tively addressed by these papers: energy efficiency vs. manufacturing-system effectiveness in optimisation; the volatility
in energy availability, supply and cost; and modelling energy consumption in varying scales and across different
sub-systems.

Despite the huge societal and environmental stakes, research in this field is still nascent. It is, for example, notice-
able that, even in some papers, two among the three challenges were addressed; none of the papers composing this spe-
cial issue have addressed all of them in a balanced way, which should normally be the case when seeking real
applications or mature research. This shows that the journey to real industrial applications of energy-aware manufactur-
ing management systems is still quite long, despite local success stories.

Meanwhile, a growing number of researchers address energy-aware manufacturing operations. It is worth mentioning
that energy is the most studied subject in sustainable manufacturing (from our point of view, its growing cost explains
this situation). Other subjects relevant to the societal and environmental aspects of sustainability remain unaddressed.
Thus, the guest editors think that we are only at the early stages of a new era, where manufacturing operations manage-
ment systems must evolve several steps beyond classical manufacturing operations modelling approaches to seek a con-
trolled limitation of environmental footprints and resource usage beyond energy (limitation of biological and technical
‘nutrients’ or use of supplies, reduction of pollutant emissions, etc.), and to the societal responsibilities of manufacturing
companies (such as the welfare of operators during manufacturing, mental and physical workload management).

To conclude this editorial, let us mention two important notes.

First, in the near future, the researches in energy-aware manufacturing operations should be led logically by teams of
specialists who come from diverse scientific domains (mechanical, electrical or control engineering, energetics, product
design and development, product life cycle management, computer science, electronics, production control, etc.). If not, it
may lead specialists from scientific domains that were initially not involved in the research to judge the derived models as
inconsistent or too simple from their point of view. For example, a researcher in computer science may choose to simplify
the energetic behaviour of systems, and to model energy profiles using as many high-level constant values as possible, esti-
mated from long-term average studies (average energy consumption while moving, average energy waste when milling,
etc.). In that case, a researcher in electrical or mechanical engineering may criticise these strong assumptions and consider
the designed energy-aware manufacturing operations management systems to be highly unrealistic.

Second, future researches in the field of energy-aware manufacturing operations will have to comply with the new
production technologies (e.g. additive manufacturing, micro factories, cobotic manufacturing, etc.), new industrial pro-
cesses and markets (e.g. de-manufacture, re-manufacture, reverse and green logistics, recycling industry, etc.) and new
manufacturing paradigms (e.g. the manufacturer as my neighbour, home-made manufacturing, manufacturing grid,
industrial internet, circular production, etc.).

The guest editors hope that all these key issues will soon be addressed by a growing number of researchers and
research communities.

Special note on IJPR’s anniversary in 2016

In 2016 IJPR will celebrate its 55™ anniversary. IJPR was created in 1961 and was a pioneer multidisciplinary journal
publishing results of scientific research on manufacturing technologies, product/process design, production engineering,
operations management and logistics (Dolgui, 2013). The scientific domain “Production Research” was indeed born with
the journal. Since then, IJPR has become a flagship journal in production. As (Corlett, 2013) mentioned few years ago,
the changes in industries over the last 50 years are enormous. In the last half century, the penetration of information and



communication technologies, computers and electronics in many forms and other developments has changed the
processes dramatically. IJPR has always been one of the best places to publish innovative ideas in these fields, accompa-
nying the constant evolution of industries. As scientific researchers, the editors of this special issue appreciate this possi-
bility. The publication of this special issue on a topic with huge societal and environmental stakes is a clear illustration
of the will of the journal not only to keep pace with the constant evolution of production systems and society’s need
but also to stay at the cutting edge of the research in that field.
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