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abstract

To improve industrial sustainability performance in manufacturing, energy management and optimi-
sation are key levers. This is particularly true for aluminium extrusions manufacturing dan energy-
intensive production system with considerable environmental impacts. Many energy management and
optimisation approaches have been studied to relieve such negative impact. However, the effectiveness
of these approaches is compromised without the support of refined supply-side energy consumption
information. Industrial internet of things provides opportunities to acquire refined energy consumption
information in its data-rich environment but also poses a range of difficulties in implementation. The
existing sensors cannot directly obtain the energy consumption at the granularity of a specific job. To
acquire that refined energy consumption information, a supply-side energy modelling method based on
existing industrial internet of things devices for energy-intensive production systems is proposed in this
paper. First, the job-specified production event concept is proposed, and the layout of the data acqui-
sition network is designed to obtain the event elements. Second, the mathematical models are developed
to calculate the energy consumption of the production event in three process modes. Third, the energy
consumption information of multiple manufacturing element dimensions can be derived from the
mathematical models, and therefore, the energy consumption information on multiple dimensions is
easily scaled. Finally, a case of refined energy cost accounting is studied to demonstrate the feasibility of
the proposed models.
© 2021 The Author(s). Published by Elsevier Ltd. This is an open access article under the CC BY license
(http://creativecommons.org/licenses/by/4.0/).

1. Introduction

achieving sustainability, energy-saving has become a competitive
advantage for a company (Kramer and Porter, 2011).

Cleaner production is crucial to global resource consumption,
atmospheric pollution, climate change, human health, and other
issues that jeopardise the sustainability of the current economic
system (Hens et al., 2018; Khalili et al., 2015). With the increasing
awareness of sustainability (Bocken et al., 2016; Geissdoerfer et al.,
2017; Rashid et al., 2013), sustainable and cleaner production has
been recognised as a national development strategy in many
countries (Cai et al., 2016). Meanwhile, as an important link to
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Manufacturing, especially energy-intensive manufacturing (Lin
and Tan, 2017; Zhang et al., 2018), introduces severe carbon emis-
sions and other pollution. Meanwhile, manufacturing energy sup-
ply should meet but often exceed the energy demand (Ma et al.,
2020; Summerbell et al, 2016). Energy demand indicates the
minimum required processing energy, which is determined by the
process mechanism and processing parameters. To find the energy-
saving potentials and to support energy optimisation decisions,
such as energy-awareness scheduling (Gahm et al., 2016) and
parameter optimisation (Li et al., 2017), energy consumption in-
formation is essentially obtained to figure out energy footprint
(Henao-Hernandez et al., 2019), while the effectiveness of those
decisions would be compromised without refined supply-side
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Abbreviation

EDP energy discrete process

ECP energy continuous process
lloT industrial internet of things
MMS mixed manufacturing system

MBOM manufacturing bill of material

PLC programmable logic controller

RECI refined energy consumption information
RFID radio frequency identification

WIP work in process

Nomenclature

As , the energy meter value at the starting moment of a
production event

Ac , the energy meter value at the completion moment of
a production event

B‘i’l‘ap the set of jobs whose processing time frame has an
intersection with J}’l‘ép’s

ce , energy consumption amount of Pgyent

C(J}’,{]p; M‘g; Typ) the completion moment of J;’I‘(’m on Mk""j on
process T/}

c , the completion moment of Pgyent -

D the number of manufacturing element dimensions
Fmap an energy information filter model

Fe energy category filter

G the total amount of jobs on the M)

fhyg an extensible amount of manufacturing elements set

hj, hp, ht, ho, hr, hm, hy, hws job element, product element,
production task element, order
element, process element, machine
element, machine group element,
workshop element

the value of each dimension hy

Jmp the p-th job of product Pr;jq in workshop w

Ke energy category

Ke energy category of Pgyent -

HY hy

m‘i’l‘ap the weight of Jy
‘é‘j’ the j-th machine of the k-th machine group in
workshop w

Mspace an extensive mapping coordinate space
mo b the moment of jobs’ arrival or leaving in Mo M‘lﬁj’
Mo M‘g a moment sequence of the start and completion

moment of each job on the Mij

O; the i-th order
the production event of ,

PN et a production events domain

Priig the g-th product of Ta;

fRotog the process set where a machine has a one-to-one
relationship with the processed job

Sch Mk""j , Sch(w) a scheduling scheme on M‘é}’ and in workshop

w, respectively
SEW ; M‘é‘j’; T\p) starting moment of Jjy/ - on machine M‘é}’ on

PEvent z

ilgp’ ilgp
process T\}
S the starting moment of Pgent
g the initial value of release time for the scheduling
scheme for workshop w
g the starting moment of production moment in

workshop w

T the b-th process of the k-th machine type in
workshop w

Tay) the I-th production task of order O;

V hy information content of the element hy

Wy the w-th workshop

B the times of job’s arrival and leaving during (S Ji"l‘ap;
My ; C oM ]

z the tuple to express the assignment of a job

processed a process on a machine

u\ill\:qp the job-specified energy consumption coefficient of

w

_ Cilgp . .
f J}’l‘ag;t ] J}’l‘ag;t the state function ofJi"l‘ag in mode B and mode
C, respectively
Uj; Uws; Uu; Um and Uy the universal set of job, workshop,
machine unit, machine and process
Ok, the average unit price of K¢

energy consumption information.

For supply-side energy data collection, existing energy man-
agement of manufacturing systems is largely limited to energy
measurement and estimation at an industry level (Goto et al., 2014),
factory level (Shrouf et al., 2014) or machine level (Vijayaraghavan
and Dornfeld, 2010; Yilmaz et al., 2015). Limited research involves
refined energy consumption obtainment of a specific job in a pro-
cess, especially in an energy-intensive industry. Based on existing
methods, job-specified energy consumption is roughly evaluated
by apportioning the energy consumption of machines evenly or by
a weighted coefficient, causing the information fails to reflect en-
ergy differentiation and support energy optimisation. Furthermore,
many energy-intensive manufacturing systems are mixed
manufacturing system (MMS), where multiple types of processes
co-exist in the actual production workshop. Regarding the modes of
energy supply, MMS includes energy discrete process (EDP) and
energy continuous process (ECP). EDP indicates the process where
jobs are processed one by one; otherwise, it is ECP. ECP is sub-
divided into two modes: ECP with jobs synchronously processed
and ECP with jobs non-synchronously processed. In ECP, the energy
consumption of each job cannot be directly obtained since an en-
ergy meter can only measure the aggregated energy consumption
of all the jobs. Industrial internet of things (lloT) approaches pave
the way to the data acquisition of energy flow (de Sousa Jabbour

et al,, 2018; Liu et al.,, 2020). Refined energy consumption infor-
mation (RECI) acquired by IloT has been studied in some research
(Hu et al., 2017; Park et al., 2020), while the processes are regarded
as EDP and these methods cannot be applied in MMS. Two research
questions remain to be solved for obtaining RECI in MMS. 1) How to
generate RECI based on energy data and other production data? 2)
How to measure the energy supply for specific jobs in a batch in
ECP? Meanwhile, diversified customised products increase the
difficulties in RECI acquisition.

Aluminium extrusions manufacturing system is a typical
energy-intensive, customised MMS. Plenty of research has been
conducted to reduce its energy consumption by equipment
upgrading (Ma et al., 2004a), process parameter-optimisation
(Ebrahimi et al., 2008), production scheduling (Gravel et al.,
2002) and beyond. However, there is a lack of automatic acquired
RECI to support the above approaches. Bunse et al. (2011) pointed
out that energy balance sheets, new sensor technology, and smart
embedded devices could be important tools for energy monitoring
to help make a proper manufacturing decision using online data.
Nevertheless, 1l0T is not capable of acquiring RECI in aluminium
extrusions manufacturing, for the production usually goes through
a series of EDP and ECP processes, including billet melting and
casting, extrusion dies machining, preheating for billet and extru-
sion die, profile extrusion, and thermal treatments. For example, in
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the melting process, which is considered as ECP, different
aluminium billets are melted together in one furnace. Thus, the
smelting energy consumption acquired by an energy meter cannot
be directly attributed to each billet.

Motivated by the automatic acquisition of refined energy con-
sumption with lloT technology in MMS, a supply-side energy
modelling approach for three types of processes is proposed. In this
approach, a data collection scheme based on sensor devices and
production systems in existing software is presented, see Fig. 1
Modules (1) and (2). Three mathematical models are developed
for different energy supply modes, see Fig. 1 Module (3). Then, the
production event is constructed to establish the relationship be-
tween energy and other manufacturing elements, including job
element, machine element and process element. Moreover, three
mathematical models are applied to derive energy information of
the multiple element dimensions, see Fig. 1 Module (4).

The remainder of this paper is organised into five sections. A
brief review of related works is presented in Section 2. In Section 3,
the framework of this research is elaborated. The concept of pro-
duction event is demonstrated, and the refined energy models are
described in Section 4. In Section 5, a cost refinement accounting of
aluminium extrusions manufacturing is studied as a case using the
proposed approach. Finally, summary and discussions are given in
Section 6.

2. Related works

Aiming at effective data support for energy management and
optimisation, a considerable amount of explorations in energy
consumption information acquisition for manufacturing can be
found (Afkhami et al., 2015; Liu et al., 2012). Related works and
their constraints in achieving refined energy management are
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analysed in this section, and an overview of the existing works is
summarised in Table 1.

Energy consumption information has been studied at different
levels, such as industry (Posch et al., 2015; Rudberg et al., 2013),
factory (Shrouf et al., 2014), and process (Lv et al., 2019; Yilmaz
et al., 2015). Different energy information levels can support
different managerial decisions. As for the energy saving in a
workshop, the data should be refined to the process level. At the
process level, many researchers studied energy consumption on the
demand-side (Reinhardt et al., 2020) by constructing energy con-
sumption model (Jia et al., 2018; Ma et al., 2004b) or estimating
publicly available data (Ciceri et al., 2010). However, the demand-
side energy consumption is just a portion and cannot reflect the
actual supply-side energy consumption.

A massive amount of data is generated in the production pro-
cess, which is hard to be collected by the traditional method. The
emergence and implementation of IloT technology have enabled
the exploitation of real-time and ubiquitous production data (de
Man and Strandhagen, 2017; Lu, 2017), including energy con-
sumption data. Limited but increasing research has been conducted
to reframe energy management with 1loT.

In most of the existing IloT based supply-side energy manage-
ment at the process level, research was mainly focused on key
machines, including supply-side energy consumption of a specific
machine or machines in a manufacturing system. For the energy
management of a specific machine, Chen et al. (2018) developed a
management system to get the energy efficiency of equipment and
workshop by calculating the integral of power at each processing
stage. Lenz et al. (2017) measured and quantified the energy con-
sumption of the machine tools’ auxiliary units using a program-
mable logic controller (PLC) signals. Abele et al. (2015) designed a
standardised energy management function module and a data

(4) Construction process of production event and event self-mapping
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Fig. 1. The deployment of energy management.
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Table 1
An overview of the existing works in energy consumption information acquisition.
Ind.: Industry Fac.: Factory Pro.: Process.
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Reference Level Side Type of

process

Ind.  Fac. Pro. Supply

Demand ECP EDP

Process scale Job- Acquisition
specified
Systematic  Specific Yes No

Afkhami et al. (2015)
Liu et al. (2012)
Posch et al. (2015)
Rudberg et al. (2013)

Shrouf et al. (2014)
Yilmaz et al. (2015)
Lv et al. (2019)

Ma et al. (2004b)
Jia et al. (2018)
Ciceri et al. (2010)
Chen et al. (2018)
Lenz et al. (2017)
Abele et al. (2015)
Sihag et al. (2018)
Liu et al. (2018)
Summerbell et al. (2016)
Papetti et al. (2019)
Hu et al. (2017)

He et al. (2012)
Park et al. (2020)
Ma et al. (2019)
This paper

Energy meter, Cumulative sum technique
Statistical reports, Modelling,

Statistical report

Meetings, Semi-structured interviews,
Plant internal documentation

lloT

Statistical reports

Plant internal documentation, Literature
Modelling

Modelling, Power acquisition system
Literature

lloT

Power monitoring PLC module

Energy monitoring PLC module
Non-intrusive smart energy sensor

lloT

Statistical reports, Plant production data
Sensors, Bills, Meters, Interviews

RFID, Digital energy meter

Experiment, Historical statistical data
Cyber physical system, lloT

Cyber physical system, IloT

Modelling, 1loT, Production software,

processing method for machines’ PLCs. Sihag et al. (2018) formu-
lated a non-intrusive energy monitoring technique to monitor en-
ergy consumption at the unit process level of machine tools and
determine the operational status by the energy data profile.
Compared to the energy management of devices in EDP, the
research on ECP is limited. Liu et al. (2018) captured the power data
and operation data using the power meter and PLC. They evaluated
the seven class actions’ energy consumption of die casting ma-
chines and proposed a set of indicators. To find the potential
reduction of carbon emissions, Summerbell et al. (2016) investi-
gated both supply-side and demand-side energy consumption of
the processes in the cement industry. Papetti et al. (2019) assessed
and monitored energy efficiency with mapping activities and
related energy/resource consumptions according to lean philoso-
phy principles (value-added, non-value-added, waste). Above
studies concern more on the energy information of devices, which
lay a foundation for RECI. However, the collected energy con-
sumption data is isolated from other manufacturing elements, so
the energy consumption on the job dimension cannot be obtained.

Several attempts have been made to correlate the energy data
with the job element, mainly in EDP. Hu et al. (2017) proposed a
radio frequency identification (RFID) enabled energy consumption
monitoring for the order fulfilment. In their research, job infor-
mation can be read by RFID tags, and the logistics information can
be acquired by the RFID readers. Based on this information, the
energy consumption information in material and machine di-
mensions can be extracted. In contrast, the management method of
a discrete process cannot be directly transferred and applied in
MMS. In aluminium extrusions manufacturing, most processes are
thermal, so that the RFID tags cannot be attached along with the
material. Event stream processing technique is proved to be a
feasible tool to establish the relationship between energy flow,
material flow and machines (Vijayaraghavan and Dornfeld, 2010).
He et al. (2012) investigated the energy consumption in different
task schemes based on the event graph. Energy information of a
specific job on a machine is finely managed, and job information
can be acquired by the task arrangement. The event graph proposed
by Schruben is a tool to model the event list logic graphically

(Schruben, 1983). However, it can only be applied to a discrete
process, not a continuous process. Park et al. (2020) studied the
processes in dyeing and finishing shops, which is a continuous
manufacturing scenario. They obtained the energy information of
lots by merging the energy meter data and ERP database. Ma et al.
(2019) proposed a general synergy model among energy flow,
material flow and information flow. In the above studies, energy
supply modes were considered as EDP. Thus the energy amount
acquiring method of a job cannot be adapted in the ECP process of
MMS before further refinement. The energy consumption infor-
mation in ECP is more complicated than in EDP.

Above all, research on RECI for mixed process in MMS is still
limited. Most works focus on the energy monitoring of machines
without considering other elements. Furthermore, existing
research studied little about the energy usage structure on the
supply-side. Owing to the development of IloT (Zhong et al., 2013),
the dimension coverage and refinement degree of data acquisition
network is enhanced, which contributes to the RECI mining. Cur-
rent research on the application of IloT in energy data collection
lays a foundation. Therefore, this paper proposes a supply-side
modelling approach in three process modes to achieve the target
of energy refined management in MMS.

3. Framework of supply-side energy modelling

For energy modelling in aluminium extrusions manufacturing
system, three problems are crucial to be solved. First, the material
information of work in process (WIP) cannot be obtained directly.
In the aluminium production process, the physical state of WIP is
under solid-liquid dual conversion, and the liquid WIP may be
mixed in some processes. Thus, standard sensor hardware cannot
identify the specific WIP and monitor its location. Second, energy
consumption acquisition varies in different production modes.
There exist both EDP and ECP in aluminium extrusions
manufacturing system. In EDP, the main work for energy modelling
is bridging the relationship between a job and its related energy
consumption data read by digital energy meter. For ECP, such as a
metal melting process, heating of a smelter supplies multiple jobs
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simultaneously. They cannot be referred to each job specifically,
which brings difficulty in obtaining job-specified energy con-
sumption. Third, the information integration challenge is brought
by diverse energy sources and the multi-source heterogeneous
manufacturing elements. Collected energy data is isolated from
other manufacturing elements, which cannot support refined
management. An automated RECI acquisition method in the
aforementioned process modes is required.

To satisfy the RECI acquisition requirement for aluminium ex-
trusions manufacturing system, a bottom-up logical framework is
proposed, see Fig. 2. In the physical production layer, where the
production data, including energy data, is generated and collected,
a feasible data collection layout is required to be designed. The data
that cannot be acquired from the production site, such as the BOM
data and schedule scheme data, should be obtained from a database
shared by other systems. In the information layer, production data
and energy data are integrated and transformed into energy in-
formation, where the energy consumption mathematical models of
three process modes are established. To assign physical meaning to
energy data, a production event is created to express when the
energy is consumed, by which job, and in what process. This
operation correlates material and energy consumption. To obtain
the energy consumption information on different manufacturing
element dimensions, the physical relationship among the
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manufacturing elements is exploited, and the results of energy
usage on multiple element dimensions are illustrated in an infor-
mation module.

4. Energy modelling for re ned management

In this section, three steps of energy modelling for refined
management are outlined. First, the job-specified production event
is constructed as the finest energy information unit. Second,
supply-side energy consumption models of a production event on
three process modes are constructed, including EDP, ECP with
synchronously processed jobs and ECP with non-synchronously
processed jobs. Third, the energy information on the required
manufacturing element dimensions is derived from energy con-
sumption models. The assumptions are as follows:

(1) The production follows the schedule;

(2) All the data collected via lloT are reliable;

(3) The time of entrancing or existing a machine is accounted
into processing time;

(4) For the jobs processed in the same batch, the material loss
rate is the same.

Fig. 2. The framework of the supply-side energy modelling.
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