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Abstract: Currently, manufacturers seek to provide customized and sustainable products, requiring
flexible manufacturing systems and advanced production management to cope with customization
complexity and improve environmental performance. The reconfigurable manufacturing system
(RMS) is expected to provide cost-effective customization in high responsiveness. However, recon-
figuration optimization to produce sustainable mass-customized products in RMS is a complex
problem requiring multi-criteria decision making. It is related to three problems, process planning,
scheduling, and layout optimization, which should be integrated to optimize the RMS performance.
This paper aims at integrating the above three problems and developing an effective approach to
solving them concurrently. It formulates a multi-objective mathematical model simultaneously op-
timizing process planning, job-shop scheduling, and open-field layout problem to improve RMS
sustainability. The penalty for product tardiness, the total manufacturing cost, the hazardous waste,
and the greenhouse gases emissions are minimized. Economic and environmental indicators are
defined to modify the Pareto efficiency when searching the Pareto-optimal solutions. Exact Pareto-
optimal solutions are obtained by brute-force search and compared with those of the non-environ-
mental indicator model. NSGA-III is adopted to obtain the approximate Pareto-optimal solutions in
high effectiveness and efficiency. A small numerical example is applied to validate the mathemati-
cal model and resolution methods.

Keywords: reconfigurable manufacturing system; mass customization; process planning;
scheduling; layout; environmental sustainability

1. Introduction

Customers today require unique personalized products as well as sustainable ones.
Companies on the other hand want to improve their environmental impact while surviv-
ing in today’s environment characterized by highly variable and uncertain demand. Low-
carbon product family design is an excellent idea to deal with the diverse needs of cus-
tomers and the pressure from government policy for environmental protection [1]. Sus-
tainable manufacturing is useful in minimizing material and energy wastage as well as
improving machine utilization and process productivity coupled with higher customer
satisfaction [2]. Companies seek to be flexible with cost-efficiency and more sustainable.
The reconfigurable manufacturing system (RMS) is recognized as one of the most advan-
tageous next-generation manufacturing systems allowing flexibility not only in produc-
ing a variety of parts but also in changing the system itself, which could facilitate the ever-
quicker introduction of new products caused by the current customer-driven market and
the increased awareness of environmental issues [3]. Mass customization (MC) has be-
come a vital manufacturing strategy to meet agility and high responsiveness for most
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companies in view of current levels of market globalization, rapid technological innova-
tions, and intense competition [4]. MC can lead to better environmental performance [5].
Since RMS is designed to perform different operations on various products grouped in
families according to their operational requirements [6], it is beneficial to employ RMS to
provide MC. However, the complexity of planning and scheduling in this scenario is pro-
gressively raised, especially if the layout switching is jointly considered. Effective meth-
ods to generate the best layout arrangements are significant to improve business profit
and customer satisfaction as well as to promote environmental protection and the achieve-
ment of MC with RMS in practice.

The work aims to formulate the integrated process planning, scheduling, and layout
problem as well as to propose a suitable method to produce multiple mass-customized
products in RMS with minimum tardiness penalty, total cost, and amount of pollutants.

The significance of the work is first in simultaneously studying open-field layout re-
configuration with process planning and job-shop scheduling for MC in RMS. Rare stud-
ies optimize environmental objective simultaneously with makespan and cost for the in-
tegrated problem. Moreover, this study sensibly devises the Pareto-optimal solutions sort-
ing principle in two steps by the economic and environmental indicators converted from
the proposed multi-objectives.

The main contributions of this paper are:

e including the environmental sustainability for this integrated production manage-
ment problem in RMS, which is limited in previous research;

¢ modifying the Pareto efficiency by combining the characteristics of this problem to
get a reasonable number of Pareto-optimal solutions for decision makers; and

e  surveying the appropriate parameters to design a decent heuristic approach in order
to solve this problem effectively and efficiently.

The rest of this paper is organized as follows: the literature review is presented in
Section 2; assumptions, notations, and the mathematical model to formulate the problem
in detail are introduced in Section 3; a numerical case to validate the mathematical model,
the modified Pareto efficiency, the exact Pareto-optimal solutions obtained by brute-force
search to this small case, and comparison with the exact Pareto-optimal solutions for no
environmental indicator model are presented in Section 4; the approximate Pareto-opti-
mal solutions obtained from a reference-point-based many-objective evolutionary algo-
rithm following NSGA-II framework, NSGA-III [7], is explained in Section 5, along with
the parameter tuning to prove the effectivity and efficiency of this approach; conclusions
and future research directions are summarized in Section 6.

2. Literature Review

Previous studies principally treat process planning, scheduling, and layout design
for MC in RMS as detaching themes. Mathematical programming and heuristics are often
used to solve these problems. Research to integrate them is very limited. The works on
sustainability in RMS are few. The issue is not sufficiently treated. As scheduling corre-
lates deeply with RMS layout, operation sequence, and configuration to produce mass-
customized products, the comprehensive investigation is more likely to reach the global
optimum with minimum cost, time, and environmental impact.

The selection of a machine and its configuration is the primary task to determine the
process planning for distinct product features in RMS. Early research extensively investi-
gated the development of an optimal process plan for diverse parts composing a singular
product or given order. Bensmaine [8] proposed an adapted NSGA-II-based approach
minimizing the total cost and the total time by the selection of candidate reconfigurable
machines among available sets, which then will be used to carry out a certain product
with specific characteristics. Hasan [9] designed an algorithm to find the exact global op-
timum of configuration and order execution sequence associated with the selected config-
uration in RMS for the maximum benefit.
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Some studies select the optimal process planning from the existing operation se-
quence, or feasible triples consisting of the machine, configuration, and tool indices for
each operation. Musharavati [10] exploited simulated annealing algorithm with auxiliary
knowledge to minimize multiple parts’ production cost in multistage parallel reconfigu-
rable manufacturing lines. Touzout [11] addressed the single-product multi-unit process
planning problem to minimize the total cost, total completion time, and machine exploi-
tation in RMS where three hybrid heuristics were proposed and compared.

Scheduling is responsible for unfolding a plan into detailed resource assignments
and sequences [12]. Valente [13] outlined an Integrated Scheduling Architecture support-
ing the static and dynamic scheduling execution of control tasks in reconfigurable pro-
duction systems. Prasad [14] used Shannon entropy to calculate weights of criteria and
multi-attribute range evaluation to calculate the uncertainty of decision variables into the
uncertainty of ranking for products scheduling in RMS. Mahmoodjanloo [15] dealt with
an extension of a flexible job-shop scheduling problem containing reconfigurable machine
tools with configuration-dependent reconfiguration time to minimize makespan.

With the drawbacks involving unbalanced resource utilization, infeasible and unre-
alistic process plans and uncoordinated and isolated optimization when process planning
and scheduling are treated as separate entities, more and more researchers combine these
two topics into a single cohesive unit [16]. Dou [17] established a multi-objective mixed-
integer programming model in a reconfigurable flow line to minimize total cost and tar-
diness in view of the close coupling between configuration generation and scheduling.
Morganti et al. [18] engaged the operation-triplet process planning and scheduling for
multiple parts with defect frequencies in RMS.

The flexibility in RMS provides the capacity to produce several products in the same
system with layout reconfiguration, whereas operations sequence or precedence, space
for reconfiguration, unproductive time, departments or machines size and shape, machine
capacity, stationary facilities, non-overlapping departments and empty spaces are con-
straints for adjustment with minimal effort [19]. Haddou et al. presented several works to
advance this research subject. In 2017, they introduced a multi-objective approach that
assessed the evolution and layout transition efforts between products of a product family
in RMS design [20]. In 2018, they put forward an exhaustive search-based heuristic to en-
sure that the best layout respects both the constraints imposed by the generated process
plan and those depicting the available location in the shop floor where machines are going
to be placed [21]. In 2019, Haddou, Benderbal, and Benyoucef [22] incorporated AMOSA
with the above exhaustive search-based heuristic for the RMS layout design infra perfor-
mance metrics.

The delays originating from layout reconfiguration will influence the optimal plan-
ning and scheduling. Hence, it is important to simultaneously optimize the three prob-
lems. The difficulty is that each problem already exhibits its own computational complex-
ity, which escalates the total degree of difficulty to resolve the unified problem. Gao [23]
built a linear mathematical model to minimize the tardiness penalty for job-shop sched-
uling and open-field layout in RMS. Campos [24] settled the instance selection problem
for a modular mass-customized product via a 0-1 nonlinear integer programming con-
cerning machine reconfiguration and layout allocation in RMS. Ghanei [25] presented a
mixed-integer programming model to minimize the total cost of energy consumption, lay-
out reconfiguration, and part transportation between machines during the multi-period
planning and scheduling problem.

The complexity of reconfiguration, product variation, and development processes
necessitate the use of tools to improve the eco-friendliness of RMS, for which Kurniadi
[26] suggested a multi-disciplinary green bill of material with an additional multi-disci-
plinary feature to minimize emissions and hazardous materials during product develop-
ment and manage product information across multiple disciplines during the reconfigu-
ration process. Touzout et al. [27] propounded a hybrid multi-objective approach that con-
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solidates the strengths of the multi-objective integer linear programming and the evolu-
tionary algorithm AMOSA to tackle the process plan problem in RMS with a criterion of
GHG emissions. At the same time, a comparative study of this method with two other
hybrid-meta-heuristics was carried out to solve the sustainable single-product multi-unit
process plan generation in RMS, and these approaches were inspired by a microscopical
study of optimal Pareto front solutions [28]. Khezri [29] conducted the process planning
for a single unit of a product in RMS with the goal of minimizing the amount of wasted
hazardous which consists of hazardous liquid waste and GHG, the total production cost,
and the total production time. Lamy [30] examined the impact of reconfigurable machine
tools on schedules in the context of a multiple path shop floor subject to variations in
power supply.

In conclusion, simultaneously optimizing process planning, scheduling, and layout
under environmental sustainability for several mass-customized products in RMS is a re-
search gap. It is worthwhile to formulate the united problem and develop theory and
techniques for the purpose of the green and intelligent industry.

3. Problem Formulation

This paper complies with the rules of FJSP and dynamic open-field layout problem
with process planning to decide the optimal machine location, the operation sequence of
each part, machine, and configuration to perform each operation, and processing time of
each operation to yield a number of mass-customized products composed of several parts
belonging to some part variants in an RMS.

A job indicates the complete procedure to produce a part. Whether belonging to the
same product or not, jobs producing parts belonging to the exact part variant have iden-
tical parameters to perform the same operation, but the executing machine and configu-
ration might differ. An unfinished part is termed a WIP. Assumptions and notations about
products, part variants, jobs, WIP, operations, machines, and configurations are stated
hereafter.

3.1. Assumptions
The model is based on the following assumptions:

1. Parameters about a WIP’s transportation time, cost, energy consumption, and hold-
ing cost are only dependent on the type of part variant this WIP belongs to;

2. Parameters about an operation’s processing time, processing cost, processing energy
consumption, hazardous waste, setup time, setup cost, and setup energy consump-
tion are dependent on the type of part variant the corresponding WIP belongs to, the
kind of this operation, the executing machine, and the configuration;

3. Parameters about reconfiguration time, cost, and energy consumption on a machine
depend on the former configuration and the latter configuration;

4.  Energy consumed from different activities is quantified with the same unit, which
can be added directly to estimate the amount of GHG emissions;

5. Parts and the final mass-customized products are qualified without any defect dur-
ing production in RMS;

6. All machines are idle without configurations and setups at the beginning of the task
to produce a given number of mass-customized products; and

7. All the raw materials and handling devices are available.

3.2. Notations

Sets, indices, parameters, and decision variables of the model are described as fol-
lows:
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3.2.1. Sets and Indices

1={1,2,...,|11}, Set of products;

i, i' Indices of products, i, i’ € I;

V ={1,2,..,|V|}, Set of part variants;

v, v’ Indices of part variants, v, v' € V;

Jiv= {1, 2, ., |]L-‘,,|}, Set of jobs belonging to part variant v in product i; @ if there is
no job belonging to part variant v in product i;

Jj, J' Indices of jobs, j, j' € J;;

OP ={1,2,...,|0P]}, Set of operations;

e, e' Indices of operations, e, e’ € OP;

VB, ={..,e, .., e, ..}, Set of operations to process part variant v;

K,e =1{..,e',..}, Set of operations precedent to operation e when processing part
variant v; @ if there is no operation precedent to operation e;

q, q' Indices of positions in the operation sequence of jobs, q, q' € {1,2, ..., [VP,|};

[, I Indices of positions in the processing sequence on machines, [, I' € N +;

M ={1,2,..,|M|}, Set of machines;

m, m' Indices of machines, m, m' € M;

Gn ={1,2,...,|Gy1}, Set of configurations on machine m;

g, g' Indices of configurations, g, g’ € Gp,.

3.2.2. Parameters

To deliver every mass-customized product on time, the production of all the parts
that make up every mass-customized product should be finished before the due date. In
case some product is delayed, the manufacturer will receive a penalty to bear the cus-
tomer’s loss. The tardiness penalty depends on customers and the tardiness duration. Dif-
ferent values of the tardiness penalty parameters in unit time imply the patience of distinct
customers.

D;, Due date of product i;

W;, Tardiness penalty of product i per time unit;

An RMS could process various part variants experiencing similar operations in a part
family. Based on the above assumptions, parameters about transporting a WIP between
two consecutive operations performed on different machines and holding them when the
subsequent machine is occupied differ by disparate part variants. Operation precedence
is considered in processing part variants. Operations could be performed on alternative
machines with optional configurations.

MG, 4, 1 if operation e is feasible on machine m with configuration g; 0 other-
wise;

FT,, Transport time of a WIP belonging to part variant v per distance unit;

FC,, Transport cost of a WIP belonging to part variant v per distance unit;

EF,, Energy consumption for transporting a WIP belonging to part variant v per dis-
tance unit;

HC,, Holding cost of a WIP belonging to part variant v per time unit;

An operation indicates a procedure shaping parts with a specific feature in structure
or creating a particular function. Identical operations have different setup and processing
parameters values for different part variants. They also differ by executing machines with
selective configurations.

PT, ¢m g, Processing time of operation e for a WIP belonging to part variant v on
machine m with configuration g;

PC, ¢ m,g, Processing cost of operation e for a WIP belonging to part variant v on
machine m with configuration g;

EP, ¢ m g, Energy consumption of performing operation e for a WIP belonging to part
variant v on machine m with configuration g;
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HW, ¢ m g, Hazardous waste discharged from performing operation e for a WIP be-
longing to part variant v on machine m with configuration g;

STy e,m,g, Setup time of operation e for a WIP belonging to part variant v on machine
m with configuration g;

SCyem,g, Setup cost of operation e for a WIP belonging to part variant v on machine
m with configuration g;

ES, ¢m,g, Energy consumption of setup operation e for a WIP belonging to part var-
iant v on machine m with configuration g;

System reconfiguration enables machines’ position change from the initial layout to
the optimal one for a production task. Machine reconfiguration enables machines to per-
form diverse operations with abundant reconfigurable manufacturing tools.

BX, Boundary of the workshop on the X-coordinate;

BY, Boundary of the workshop on the Y-coordinate;

LT,,, Time for moving machine m in distance unit;

LC,,, Cost for moving machine m in distance unit;

EL,,, Energy consumption for moving machine m in distance unit;

Xm, Initial position of machine m on the X-coordinate;

Y., Initial position of machine m on the Y-coordinate;

SX.m, Security distance of machine m on the X-coordinate;

SY,,, Security distance of machine m on the Y-coordinate;

The layout reconfiguration occurs at the beginning of the production period. All ma-
chines are freely placed in a rectangular plant of length BX and width BY.Every machine
has a security distance on the X and Y coordinate apiece. For machine m, the minimum
acceptable interspaces between the location of machine m and others on the X and Y co-
ordinate are defined as the security distance SX,,, and SY,,.

RT Reconfiguration time from configuration g to configuration g’ on ma-

mg.g's
chine m,if g =g', RT, 54 = 0;
RC,, 4.4'» Reconfiguration cost from configuration g to configuration g’ on machine
m,if g=g', RCpp gy =0;
ER,, 4.4’ Energy consumption of reconfiguration from configuration g to configura-

tion g’ onmachine m, if g = g', ER,,, 5, = 0;

Hazardous waste could result in severe soil contamination and marine pollution,
threatening the survival of humans and other creatures. Increase of GHG concentrations
in the atmosphere causes frequent extreme weather and climate change globally. For
these, limits of the average hazardous waste and GHG emissions per time unit are
adopted in this problem formulation for appraising the sustainability level of production
optimization. The limit of the average hazardous waste per time unit is estimated from
the boundary of the hazardous waste for the manufacturer in a year or a certain duration.
The limit of the average GHG emissions per time unit is estimated as above. Referring to
the common method of GHG emissions measurement in the related literature, the amount
of GHG emissions is derived from converting the total amount of energy consumption
with a designated factor.

UHW, Limit of the average hazardous waste per time unit;

f, Emission factor for energy consumption;

UGE, Limit of the average GHG emissions per time unit.

3.2.3. Independent Decision Variables

X, Position of machine m on the X-coordinate;

Vm, Position of machine m on the Y-coordinate;

Piv,j.q- Operation processed at position g in the operation sequence of job j belong-
ing to part variant v in product i;

@;y,j,q- Machine to perform operation p;, j, at position q in the operation sequence
of job j belonging to part variant v in product i;
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@iy jq Configuration on machine a;, ;, to perform operation p;, ;, at position q
in the operation sequence of job j belonging to part variant v in product i;

Biv,j,q Beginning time to perform operation p;, j, at position q in the operation se-
quence of job j belonging to part variant v in product i.

3.2.4. Auxiliary Decision Variables

Ciy,jq» Completion time of operation p;, ;, at position g in the operation sequence
of job j belonging to part variant v in product i;

T;, Tardiness of product i;

Pm,, Beginning time to perform operation at position [ in the processing sequence
on machine m;

im 1, Product of the performed operation at position [ in the processing sequence on
machine m;

V1, Part variant of the performed operation at position [ in the processing sequence
on machine m;

Jm,1» Job of the performed operation at position [ in the processing sequence on ma-
chine m;

Gm,1, Position of the performed operation at position [ in the processing sequence on
machine m;

Ax,, ', Distance between machine m and machine m’ on the X-coordinate;

Ay, m', Distance between machine m and machine m' on the Y-coordinate.

3.3. Mathematical Model

The aim of this work is to bring forward a constructive mathematical method to take
on an MC order fabricated in an RMS-equipped factory and find a resolution to gain the
optimum value of the above decision variables for reduced loss of delay, total cost, and
harm to the environment. The problem is formulated as a mixed-integer nonlinear pro-
gramming model (MINLP). The objective functions and constraints are expressed hereaf-
ter. Abbreviations in the mathematical model are listed in Table 1.

Table 1. Abbreviations (authors” own study).

Abbreviations Implication
RMS reconfigurable manufacturing system
MC mass customization
NSGA-II non-dominated sorting genetic algorithm II
NSGA-III non-dominated sorting genetic algorithm IIT
AMOSA archived multi-objective simulated annealing
GHG greenhouse gases
wIP work in progress
FJSP flexible job-shop scheduling
NP-hard non-deterministic polynomial-time hardness
TSC the total setup cost
TPC the total processing cost
TFC the total WIP transport cost
THC the total WIP holding cost
TRC the total machine reconfiguration cost
TLC the total layout reconfiguration cost
THW the total amount of hazardous waste
LHW the allowed amount of hazardous waste
Eche the total amount of GHG emissions

LGE

the allowed amount of GHG emissions
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3.3.1. Objective Functions
There are three objectives in this mathematical model, to minimize:

e  The total penalty of tardiness for all the delayed products accomplished after the due
date;

e The total cost including the total setup cost, the total processing cost, the total WIP
transport cost, the total WIP holding cost, the total machine reconfiguration cost, and
the total layout reconfiguration cost; and

e  The value of the environment indicator defined as the aggregate of the normalized
hazardous waste item (the ratio of the total amount of hazardous waste and the al-
lowed amount of hazardous waste) and the normalized GHG emissions item (the
ratio of the total amount of GHG emissions and the allowed amount of GHG emis-

sions).
111
Min T; X W; (@)
i=1
MinTSC + TPC + TFC+THC + TRC + TLC )
, E
Min THW/LHW + GHG/LGE 3)

Essentially, the above objective functions optimize the production scheme for mani-
fold mass-customized products in RMS for time, cost, and environmental impact. The
completion time of every mass-customized product is weighted by customer-based prior-
ity in the first objective function. In addition, energy consumption is taken into account
through GHG emissions. All the variables in the objective functions are defined in the
constraints below.

3.3.2. Constraints

The following equations present the constraints to define the feasible solutions:

Civjq = ﬁi.v,j,q + PTV;Pi,v,j,qva'i,u,j,qv‘pi,v,j.q

(4)
Viel, VveV, Vj€],, Vq€{1,2,..|VB]}
Ti = max(cw‘j'wpﬂ - Di: 0)
, , ©)
viel, VveV, Vje],
Bm1 = min(ﬂi,v,j,q)
(6)
VmeM, Va;, j, =m
,Bm,l+1 = min(ﬁi,v,j,q) @)
vm € M, VIEN +, Vai,,;_j'q =m, V,Bi,v,j,q > [))m,l
il =L Vg =V Jmi =), Gmi =4 ®)
3iel, eV, 3j €, 3q €{1,2,..|VBI}, Bivjq = Bmy
Axm,m’ = |xm - X! |I Aym,m’ = |ym - ym’l (9)

vm,m' e M
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M|
TSC = m= 1<SCUm1plm1Vm1]mlqm1mlplml”ml]ml‘lml
+
Z 1i‘mlplml"ml/mlqmlm(‘olmlv‘ml}mlq‘ml) (10)

VIEN +, vl > 2, va,l * Um,i-1 \% Vpim,lrvm,lvjm,lvqm,l *

pim,l—lr”m,l—lijm,l—1er,l—1 v V(pim,lvvm,ltjm,vam,l * (pim,l—livm,l—lvjm,l—l:qm,l—l

1| vl Vil |VPU|
TPC = Z Z Z Z Vpn;lqauuququ (11)
1] vl Viw| VPyl-1
TFC = Z Z Z Z FCy X (Maqy sy jns + Dt jatingars) (12)
17 vi [Jiwl |VPy|- 1
THC=D DD Do

X (ﬁi,v,j,q+1 —Civjq (13)
—FT, X (Axai,v,j,qva’i,v,j,q+1 + Ay“i.wj.q'“i.v.j.qﬂ))
M|
TRC = Zmzl =1 RCm‘(pim.l"’m,l'jm,l‘qm,l’(pim,l+1'Vm,l+1‘fm,l+1:qm,l+1 (14)
M|
TLC = Z LCpy X (|2 — Xl + Y — YD (15)
m=1
Il vl il |VPv|
THW = Z Z Z Z ”pranqu‘/’tv/q (16)
Eche = Etu X f 17)
Eiyy = ESC + EPC + EFC + ERC + ELC (18)
M|
ESC = Z < Ym,1Pim 1.9m,1.im,1.9m,1""Pim,1.vm,1.0m,1.9m,1
+ lez ESvm,l.Pim_[ﬂ’m.l'jm,l'qm,l‘m’(pim,l"’m,l‘jm,l'qm,l) (19)

VIEN+, V=2, Yo, # V-1V YPir 1o dmy

pim,l—lr”m,l—l:jm,l—1er,l—1 v V(pim,lv”m,l:jm,lv‘hn,l * (pim,l—ll”m,l—lvjm,l—vam,l—l

1| v 7ivl |VP,,|
EPC = Z Z Z Z Vplv]q“w]q‘ﬂtv]q (20)
1 oVl ol lvpel-1
EFC = Z Z Z Z EFy X (B, i yasn + Dejgtingans) @)

[M]
ERC = E E s . o , (22)
=1 'mVm I m b 9m, U im 4+ 1V m l+ vIm I+ 1 9m 1+1

M|
ELC = E Elm % (1xm = Xmn| + [y = Vi) (23)
m=
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LHW = ¢y X UHW (24)
LGE = cppax X UGE (25)
Cmax = max(ciyjvp,) 26)

Viel, VvEV, VjE ],
THW < LHW (27)
Egug < LGE (28)
GPi.v.j.q'“i.v'f'q"pi""f'q =1 (29)

Viel, YvEV, Vj €], Yq€{1,2,..|VP}
:Bi,v,j,q' > Ci,v,j,q + FTV X (Ax‘xi.%i.q'aip/‘q’ + Ayai’,,_]-‘q,ai”q/)
e i (30)
Vi € I, Yv € V, VJ E]i,vl Vq,q’ (= {1, 2, |VPU|}, Vpi,v,j,q € Kv'pi,v,j.q'
ﬁm.l 2 STVm,LPim_l,vm_l,jm,1.qm,1'm"pim,1.vm,1.im,1.qm1 (31)
vmeM

Bmi+1 2 Cim,Lvm,im L 3mi

VmEM, VIEN +, Uy 141 = Uy A Pl i1 vmistimir1miss — Pimuvmpimpdmg (32)

(pim,l+1'17m,l+1rjm,l+1'qm,l+1 - (pim,l:’im,lvjm,ler,l

= ¢ ; + RT,, . ) . .
ﬁm'l+1 = TlmPmlbimbdml m'(p‘m,l‘"m,lJm,l'qm,l‘(p‘m,l+1‘"m,l+1Jm,l+1'qm,l+1
+ ST,

Ym i+ 1P i 141,9m 1+ 1 m 410 8m 41T P i L+ 1V m 1T m 1T m L 33)
vm € M’ vieN + vm,l+1 * vm,l v pim,l+1v”m,l+1:jm,l+1va,l+1 # pim,lv”m,lrfm,lv‘?m,l v

Py i1 vmistimisrmisr = Pimivmiimidm

DXyt = SXoy + SX ot VAY iyt = SV + SY 0

(34)
vm,m' e M
SXom < X < BX —SXp, SYp < Y < BY = SY,,
35)
vmeM
pi,v.j,q € VPU (36)
Viel, VeV, Vj €], Vq €{1,2,..|VP,|}
ai‘v‘j’q eEM (37)
Viel, VveV, Vj€],, Vq€{1,2,..|VBI}
q)i,v,j,q € Gai,,,l i,
J.q (38)

Viel, VweV, Vj €], Vq€{1,2,..|VP|}

Xms Yms ﬁi,v,j,q ER+ (39)
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Constraint (4) defines the completion time of an operation in the operation sequence
of one part’s process plan. Constraint (5) gives the definition of a product’s tardiness. Con-
straints (6)—(8) show the idea to obtain the auxiliary decision variables about jobs and op-
erations in the processing order on machines. When all the independent variables of op-
eration beginning times f;,,;, are decided, the processing orders on machines are also
determined. The information about ordered jobs and operations on machines is crucial
because machine reconfiguration and setup activities depend on the selected configura-
tions to perform two consecutive operations and types of jobs processed. Constraint (6)
finds the first operation on each machine. Constraint (7) rechecks and reformulates the
remaining operations processed in order on machines. Constraint (8) acquires the corre-
sponding jobs of operations in the processing order on machines. Constraint (9) calculates
the distance on the X and Y coordinate between any two machines. Constraints (10)—(15)
calculate the total setup cost, the total processing cost, the total WIP transport cost, the
total WIP holding cost, the total machine reconfiguration cost, and the total layout recon-
figuration cost separately. Constraint (16) calculates the total amount of hazardous waste.
The total amount of consumed energy times factor f to calculate the total amount of GHG
emissions in Constraint (17). Constraint (18) implies the total amount of consumed energy
comprising the total energy consumed from the setup, processing, WIP transport, ma-
chine reconfiguration, and layout reconfiguration activities. Constraints (19)—(23) calcu-
late the total energy consumed from the activities mentioned above separately. Constraint
(24) fixes the allowed amount of hazardous waste by multiplying the completion time of
the entire production period with the limit of the average hazardous waste per time unit.
Constraint (25) fixes the allowed amount of GHG emissions similarly to how the allowed
amount of hazardous waste is fixed. Constraint (26) determines the completion time of
the entire production period. Constraints (27) and (28) restrict a feasible solution subject
to the hazardous waste and GHG emissions limit. Constraint (29) ensures that the selected
machine and configuration are able to perform the corresponding operation. Constraint
(30) states that the beginning time of an operation is no earlier than the sum of the com-
pletion time of any higher precedence operation and the WIP transport time between
these two operations. Constraint (31) signifies that the first operation on each machine
should be performed after setup. Constraint (32) claims no setup and reconfiguration be-
tween two consecutive and identical operations processing two WIPs belonging to the
same part variant and performed on a machine with the same configuration. Otherwise,
the setup time and reconfiguration time should be deliberated, as said in constraint (33).
Constraint (34) declares non-overlapping between any two machines on the X or Y coor-
dinate. Constraints (35)—(39) define the domain of the independent decision variables.

4. Numerical Experiment

This problem is NP-hard because the proved NP-hard FJSP is adopted. A small ex-
ample is exercised to validate the model. The general Pareto efficiency is modified to re-
duce the optimal solutions in the Pareto front, inasmuch as multi-objective optimization
will probably have redundant solutions to confuse decision-makers. Based on that, the
exact Pareto-optimal solutions are obtained by brute-force search.

As depicted in Figure 1, there are two products in this small numerical example, each
composed of an individual part belonging to a particular part variant. The due date and
the tardiness penalty per time unit for each product are given in this figure. In addition,
parameters about a WIP transport time, transport cost, transport energy consumption,
and holding time belonging to each part variant are displayed in this figure.
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Figure 1. Parameters about products and part variants in the numerical example (authors’ own
study).

The average hazardous waste and GHG emissions limit per time unit (UHW and
UGE) are designated to 1 and 7. The factor to appraise the GHG emissions by the amount
of energy consumption (f) is set to 2.

The initial layout in the open-field workshop is illustrated in Figure 2. The security
distance of each machine, together with the layout reconfiguration cost and energy con-
sumption parameters, are marked in this figure too. Figure 3 presents the reconfirmation
time, cost, and energy consumption parameters between different configurations on each
machine.

y

A

9

Machine 2

Machine 1

Workshop
9 13 X

Figure 2. Initial layout in the open-field workshop (authors” own study).

v

o
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(b)

Figure 3. Reconfiguration time, cost, and energy consumption: (a) on machine 1; (b) on machine 2 (author’s own study).

Parameters about processing time, processing cost, processing energy consumption,
hazardous waste, setup time, setup cost, and setup energy Consumption on a certain ma-
chine with a certain configuration to produce a part belonging to each part variant are

presented in Figure 4.

m,g L7 || 222 mg il || 2% mg 11|21
PTyimg | S 9 | Pligmg | 4 6 PTi3mg 7 8
PCiamg | 6 9 | PComg | 4 2 PCiamg | 7 9
EPiamg | 6 5 ERrel 5 6 EPy3mg | 7 6
HWyimg | 3 3 | HWigmg | 6 4 | HWigmg | 9 7
ST 1mg 5 3 ST12,m,g 9 8 STy 3m,g 4 7
SCiaimg | 6 7 | SCizmg 5 4 SCy3m,g 6 4
ESiamg | 3 2 ES12mg 4 3 ESi3mg 5 6

(a)

mg L2 || 22 m,g 1,1 |23 m,g 1L || 20
Ploimg | 3 5 PToomg | 6 8 PToamg | 2 1
PCamg | 3 8 | PCoomg | 3 7 | PCamg | 4 6
EPyimg | S 7 | EPaomyg | 4 7 EPy3mg | 5 5
HWy1mg | 8 7 | HWaoomg | 2 I | HWo3mg | 6 5
SThamg | 3 6 STromg | 3 6 | ST2amg | 5 8
SChimg | 6 3 SCoomg | 5 4 | SCamyg | 4 4
ESpimg | S 3 ESyomg | 4 6 | ESzzmg | 6 5

(b)

Figure 4. Processing and setup parameters to produce a part belong to: (a) part variant 1; (b) part variant 2 (authors’ own

study).

4.1. Modified Pareto Efficiency

For a three-objective minimizing mathematical model, two solutions sorted by the
general Pareto efficiency have twenty-seven kinds of relationship (3% since there are three
kinds of relationship comparing the values of an objective function for two solutions and
there are three objective functions). As illustrated in Figure 5, solution u and solution v
in the Pareto front are non-dominated to each other, entailing that the values of their first
objective function (f;, and f; ), second objective function (f,, and f; ), and third objec-
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f1,
fi,
fi,

>fi,and fo, > fo and f3 > f3
> fi,and fo, > f, and f3 = f3

> fi,and fo = f, and f3 > f3

dominated sorting

tive function (f3, and f; ) match one of the thirteen conditions. The general Pareto effi-
ciency brings about numerous Pareto-optimal solutions in the Pareto front, also giving
rise to excess approximate Pareto-optimal solutions during approximate optimization
searching. Seeing that the number of feasible solutions in the solution space will not
change by the sorting methods, a strict Pareto efficiency narrows the Pareto front and de-
creases the collected Pareto-optimal solutions.

Pareto-optimal Solution v and Solution u
solutions

* fi,> fiyand fo, > fo and f3 < f3,

* fi,>fi,and fo, =f, andf3 < f5

s fi,>f,andfo, <fo andf3 > f5

s fi,>h,andfo, <fo andf3 = f3

or

or

Solution * fi,>fi,and fo, < fp and f3 < f3,

Space * fi,=fi,and fo, > fo and f3 < f3,
fi = o, and fo, > fo, and fi, > fo, D= Ay adfe, = S and =S

or * fi,=hH,adfo, <f andf3 > f5

fi,>fi,and fo, = f, and fs, = fs, © f,<fi,and f, > f, and f3, > f3,

or * fi,<f,andfo,>f, andf; =f5

fi,=fiyand fo, > fo and f3 = f3, * h, <h,andfo,>fo,andfy, < fs,

or * fi,<fiyand fo, =f, andf; > fs5

fi,=fi,and o, = f, and fs > f5 * fi, <h,andfp, <fp and f3, > f3,

Figure 5. General Pareto efficiency (author’s own study).

Owing to the fact that the first objective function and second objective function are
quantified in currency, the sum of these two objectives (f; + f,) could be interpreted as
the economic indicator. As illustrated in Figure 6, if f; + f, is set as the first objective
function and f; is set as the second objective function to formulate a bi-objective model
directly, the Pareto front of this bi-objective model is close to that of the above three-ob-
jective model, when solutions are sorted by the general Pareto efficiency.

Pareto-optimal Solution v and Solution u
solutions
* fi,>fiyand fo, > fo and f3 < f3
* fi,>fiyandfo, = fo and f3 < f3
dominated sorting © S = handfo, > fo and fi, <,
* f, > f,adf, <fp andfi + o, > fi, +fr,and f3 < fs,
Solution c fi, <fi,andfo, > fo and fy +f, > fi +fo, and f3 < f3,
Space * f,=h,ad fo, <fp,andf3, > f3,
* fi, <fi,andfo, =fo andf3 > f3 «
o fi,+fz> fl"():— fo, and f3, > f3, R < fandfe <o andfy > o
o fi,*fo,>fi, tfoandfs = f, * fi,>h,andfo, < fo and fi +fo, < fi, + fo, and f3, > f3,
or c fi, <fi,and fo, > fo, and fi + o, < fi, + fo, and f3, > f3,
o fi,+fo, = f1, + fo,and f3, > f3, * fi,=fi,and fo, = fo,and f3 = f5
c fi,>fandfo, < fp andfy +f = fi, + [, and f3 = f3,
c f,<fadfo,>f andfi +f,=fi, +f,and f3, = f35,

Figure 6. General Pareto efficiency (authors” own study).

This paper proposes a modified Pareto efficiency lowering the probability of a solu-
tion becoming non-dominated. As shown in Figure 7, it is divided into two steps. In the
first step, solutions are sorted by the values of the first objective function and the second
objective function. In the second step, all the non-dominated solutions from the previous
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step are further sorted by the economic indicator and the environment indicator (f3). As a
result, the relationship between solution u and solution v in the Pareto front sorted by
the modified Pareto efficiency falls into the reduced five conditions illustrated at the top
of Figure 7.

* fi,> fiyand fo, < fo and f3 > fy ) )
© fi,>fi,and fo < fp and fz < fs Solution v and Solution u
* fi,=hf,andfo, =f, and f3 =f3,
* fi, <fi,andfo, > fo, and f3, > f3,
* fi, <fi,andfo, > fo, and f3, < f3,

Pareto-optimal

solutions _

S

Second dominated

sortin;
Solution &
Space

o fi, +f2, > fi, + f,and f3, > f3,

First dominated sorting

or
o fi,> fi,and fo, > fo
v uor v u o flv + fzv > flu + fzuand f3v = f3u
or
o fi,>fi,and fo, = fo,

or o fi, +fo, = fi, + foand f3, > f3,

o fi,=fi,and fo, > fo,

Figure 7. Modified Pareto efficiency (authors’ own study).

4.2. Exact Pareto-Optimal Solutions Obtained from Brute-Force Search

There are three exact Pareto-optimal solutions obtained from brute-force search to
this small numerical example. Table 2 lists the values of the three objectives in each solu-
tion. From this table, two solutions have the same values for all objective functions.

Table 2. The values of the multi-objective functions in the exact Pareto-optimal solutions for the small numerical example
(authors” own study).

Solutions First Objective Function Second Objective Function Third Objective Function
Solution 1 3 70 0.9811320754716981
Solution 2 10 69 0.8662131519274376
Solution 3 10 69 0.8662131519274376

Table 3 displays the optimal layout in each exact Pareto-optimal solution. In fact, it
is the same as the initial layout, reflecting that layout reconfiguration is the inferior strat-
egy to arrange optimal production management.

Table 3. The optimal layout in the exact Pareto-optimal solutions for the small numerical example (authors’ own study).

Solutions Machines Position on the X-Coordinate Position on the Y-Coordinate
souont e ; ;
sownz e : 3
stons o) ; i
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Table 4 gives the optimum beginning time to produce every part in the optimal op-
eration sequence on the best machine with the selected configuration. We can observe that
every job is implemented throughout one machine in each solution, which makes it seem
that machine reconfiguration is superior to the WIP transport for this small numerical
example.

Table 4. The optimal production scheme in the exact Pareto-optimal solutions for the small numerical example (authors’

own study).
. . . . Processes (i, v, ], q)
1 I D V 1
Solutions ndependent Decision Variables ALLD WLL2) LLL3) @il 2212 Z21L3)
Piv,jq 0 1 2 0 1 2
. Qivjq 1 1 1 0 0 0
Solution 1
orHon (pi,v,j,q 1 2 0 1 0 0
Bivja 3 27 45 3 12 23
Piyv,jq 0 1 2 0 1 2
iy, 0 0 0 0 0
Solution 2 Lr g
oHon Piv,jq 1 0 0 1 0 0
Biv,ja 31 48 56 3 12 23
pi,v,j,q 0 2 1 0 1 2
. ai,v,j,q 0 0 0
Solution 3
orHon (pi,v,j,q 1 0 0 1 0 0
Bivjq 31 43 59 3 12 23

4.3. Comparison with Exact Pareto-Optimal Solutions for No Environmental Indicator Model

There are seven exact Pareto-optimal solutions for the model without the third objec-
tive function and the relevant parameters in this problem formulation. The values of the
two objective functions, the optimal layout, and the optimal process planning and sched-
uling arrangement in each solution are in Tables 5-7.

Table 5. The values of the multi-objective functions in the exact Pareto-optimal solutions for no environmental indicator
model (authors” own study).

Solutions First Objective Function Second Objective Function
Solution 1 3 70
Solution 2 10 69
Solution 3 10 69
Solution 4 36 63
Solution 5 36 63
Solution 6 36 63
Solution 7 36 63

Table 6. The optimal layout in the exact Pareto-optimal solutions for no environmental indicator model (authors’ own

study).

Solutions Machines Position on the X-Coordinate Position on the Y-Coordinate
. Machine 1 3 3

Solution 1 Machine 2 9 7
. Machine 1 3 3

Solution 2 Machine 2 9 7
. Machine 1 3 3

Solution 3 Machine 2 9 7

Solution 4 Machine 1 3 3
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Machine 2 9 7

Solution 5 Machine 1 3 3
ion

otHo Machine 2 9 7

. Machine 1 3 3

Solution 6 Machine 2 9 7

. Machine 1 3 3

Solution 7 Machine 2 9 7

Table 7. The optimal production scheme in the exact Pareto-optimal solutions for no environmental indicator model (au-
thors’ own study).

Processes (i, v, j, q)

luti Ind dent Decision Variabl
Solutions ndependent Decision Variables 11D LLL2) LL3) Z2Ll) (2212 Z213)
Piv,jq 0 1 2 0 1 2
. ai,U,j,q 1 1 1 O 0 0
Solution 1
orHon (pi,v,j,q 1 2 0 1 0 0
Biv,jq 3 27 45 3 12 23
Piyv,jq 0 1 2 0 1 2
. ai,v,j,q 0 0 0 0 0 0
Solution 2
oHon Piv,jg 1 0 0 1 0 0
Biv,jq 31 48 56 3 12 23
Piv,jiq 0 2 1 0 1 2
Ay i 0 0 0 0 0 0
Solution 3 LPq
oHon Piv,jq 1 0 0 1 0 0
Biv,iq 31 43 59 3 12 23
pi,v,j,q 0 1 2 0 1 2
. Xiv,jq 0 0 0 0 0 0
Solution 4
orHon Piv,jag 1 0 0 1 0 0
Biv,jq 5 44 52 13 22 33
Piyv,jq 0 1 2 0 1 2
. ai,v,j,q 0 0 0 0 0 0
Solution 5
onton Piv,jq 1 0 0 1 0 0
Biwv,iq 11 44 52 3 22 33
Piv,jq 0 2 1 0 1 2
. Qivjq 0 0 0 0 0 0
Solution 6
orHon Piv,jq 1 0 0 1 0 0
Biv,jq 5 39 55 13 22 33
Piyv,jq 0 2 1 0 1 2
. Xiv,jq 0 0 0 0 0 0
Solution 7
orHon (pi,v,j,q 1 0 0 1 0 0
Biv,jq 11 39 55 3 22 33

Compared with the exact Pareto-optimal solutions in Section 4.2, there are four solu-
tions eliminated by the environmental indicators. Moreover, these four solutions would
be removed as well if all the above solutions are just sorted by the economic indicator.
Thus, considering environmental sustainability has a positive impact on the optimization
of mass-customized production management in RMS. The modified Pareto efficiency is
advanced in gathering economically profitable and environmentally friendly solutions.
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5. Approximate Optimization

The approximate Pareto-optimal solutions are obtained from NSGA-III, an algorithm
advantaged in finding a well-converged and well-diversified set of points for multi—even
many —objective optimization problems [7]. Without any preference information, the ref-
erence points are generated on the three three-dimensional unit simplex. The total number
of the reference points (H) in this three-objective problem is defined by the division pa-
rameter for each objective axis (p):

_(3+p-—1
H=(""070) (40)

The decision variables about machine positions and the beginning time of each pro-
cess in the operation sequence of every job are encoded with continuous values. Decision
variables about the selected operation, machine, and configuration corresponding to each
process in the operation sequence of every job are encoded with integer values. Since they
are encoded with real values, there is no special decoding procedure. Selection, crossover,
and mutation take place in order during each generation until the number of iterations
comes to the generation limit.

The performance of NSGA-III is assessed by effectivity and efficiency. Based on the
fact that this is a three objective minimization problem, and most of the approximate Pa-
reto-optimal solutions are dominated by the exact Pareto-optimal solutions, or at best
equal to the exact Pareto-optimal solutions, a metric (eff) to assess the effectivity of
NSGA-III for the numerical example is defined as the following equation:

i-fl/) =R/ _|f-Tul
_ /E+ /Fz+ /ﬁ (41)
eff = -

In this equation, ]Te, EE, and Ee are the mean values of the first, second, and third
objective function in the exact Pareto-optimal solutions. f;, f,, and f; are the mean val-
ues of the first, second, and third objective function in the approximate Pareto-optimal
solutions obtained by NSGA-III in a run.

The efficiency of NSGA-III to solve this problem is assessed by the computation time
(t). Small effectivity metric value and short computation time are preferred, representing
high effectivity and efficiency.

In NSGA-III, the number of the reference points, mutation probability, and the gen-
eration limit stipulating the number of iterations in a run mainly influence the perfor-
mance of this approach. Factor analysis is carried out in Minitab to check the dependency
relating the effectiveness and efficiency of this approach with the three parameters stated
above.

5.1. Approximate Pareto-Optimal Solutions Obtained from NSGA-III

Here are three approximate Pareto-optimal solutions obtained in a run by setting p =
2, mutation probability (0.05), and generation limit (2000). Hence, the number of the ref-
erence points is equal to six, twice the number of the exact Pareto-optimal solutions.

The objective values, optimal layout, and the optimal production scheme in these
approximate Pareto-optimal solutions are displayed in Tables 8-10. For the optimal lay-
out, only Machine 2’s position on the X-coordinate is changed compared with that in the
exact Pareto-optimal solutions. The process plans for these solutions are almost the same
as that of the exact Pareto-optimal solutions, while the scheduling is quite different as the
beginning times of operations alter a lot.
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Table 8. The values of the multi-objective functions in the approximate Pareto-optimal solutions for the small numerical
example (authors’ own study).

Solutions First Objective Function Second Objective Function Third Objective Function
Solution 1 6 74 1.0242587601078168
Solution 2 36 65 0.910411622276029
Solution 3 36 65 0.910411622276029

Table 9. The optimal layout in the approximate Pareto-optimal solutions for the small numerical example (authors” own

study).

Solutions Machines Position on the X-Coordinate Position on the Y-Coordinate
sowion 1\ : )

ooz e : 3
swons e ; i

Table 10. The optimal production scheme in the Exact Pareto-optimal solutions for the small numerical example (authors’
own study).

Processes (i, v, ], q)
(1,1,1,1) (1,1,1,2) (1,1,1,3) (2,2,1,1) (2,2,1,2) (2,2,1,3)

Solutions  Independent Decision Variables

pi,v,j,q 0 1 2 1 0 2
. ai,v,j,q 1 1 1 0 0 0
Solution 1
orton (pi,v,j,q 1 2 O 0 1 0
Biyv,jq 3 27 45 3 13 24
Piv,jq 0 1 2 0 1 2
Qi 0 0 0 0
Solution 2 Lo
omton Qoi,v,j,q 1 0 0 1 0 0
Biyv,jq 5 44 52 13 22 33
pi,v,j,q 0 2 1 0 1 2
Ay 0 0 0 0 0 0
Solution 3 LV
oHon (pi,v,j,q 1 0 0 1 0 0
Biyv,ja 5 39 55 13 22 33

The computation time of the corresponding run is 7.828125 s, saving 99.6% of the
computation time to obtain the exact Pareto-optimal solutions (2093.28125 s). The value of
the effectivity metric is 0.256988154, which means the deviation of the mean value for
three objective values is less than 26%.

The programming was conducted on a laptop computer powered by an Intel Core
i7-7600U CPU (2.80 GHz) and 16 GB of RAM. Algorithms are programmed in PyCharm,
the software of a Python Integrated Development Environment. The version used is
2021.2.2. Python 3.8 was configured as a project interpreter.

5.2. Parameter Tunning

There are two levels for each factor in factor analysis, as shown in Table 11. It requires
eight runs necessary for a two-level full factorial design with three factors. The number of
replicates for the corner points was three. Thus, there were 24 runs altogether in this factor
analysis.
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Table 11. Two levels for each factor in factor analysis (authors” own study).

Solutions Low Level High Level
Number of reference point 6 15
Mutation probability 0.05 0.1
Generation limit 1000 2000

The Pareto charts of standardized effects in Figure 8 reveal that the common factor
of the number of the reference points, mutation probability, and generation limit is statis-
tically significant to the effectivity of NSGA-III in solving this problem, yet the number of
the reference points, generation limit, and the common factor of these two factors are sta-
tistically significant to the efficiency of NSGA-III in solving this problem.

Pareto Chart of the Standardized Effects
(response = effectivity; o = 0.05)

Term

2.120
T

Factor Name
ABC
A Number of reference point
AC B Mutation probability
C Generation limit

AB

BC

0.0 0.5 1.0 1.5 2.0 2.5

Standardized Effect
(a)
Pareto Chart of the Standardized Effects
(response = Computation time; a = 0.05)
Term
Factor Name
2 A Number of reference point
© B Mutation probability
C Generation limit
AC
BC
ABC
B
AB
0 10 20 30 20 50
Standardized Effect
(b)
Figure 8. Pareto charts of standardized effects about: (a) effectivity; (b) efficiency (authors” own

study).

The main effects plots in Figure 9 reveal that the number of the reference points and
the mutation probability at a high level are obviously beneficial to improve the effectivity,
the number of the reference points and the generation limit at a low level are evidently
beneficial to improve the efficiency of this approach to solve the problem in this paper.
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Main Effects Plot for Effectivity
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(a)

Main Effects Plot for Computation time
Data Means

Number of reference point  Mutation probability Generation limit

25

Mean of Computation time

0.05 0.10 1000 2000

(b)

Figure 9. Main effects plot about: (a) effectivity; (b) efficiency (authors” own study).

6. Conclusions

This paper presented a multi-objective mathematical model to manage MC in RMS
from the economic and environmental perspectives concurrently. Reconfiguration on ma-
chine and system levels are both taken into consideration. Decisions about process plan-
ning, job-shop scheduling, and open-field layout are simultaneously optimized in an
MINLP model. The general Pareto efficiency is modified to sort solutions either in the
solution space of exhaustive search or among the solutions obtained from iterations in the
heuristics. Results comparing the exact Pareto-optimal of this problem and that of the non-
environmental model certify the significance of considering environmental sustainability
in the optimization of production management. Since this problem is NP-hard, NSGA-III
is prospected to solve this problem in high efficiency. Limited by memory to obtain the
exact Pareto-optimal solutions in brute-force search, this paper used a small numerical
example to validate the mathematical model and the adopted approach. The dependency
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between the performance of this approach and the number of the reference points, muta-
tion probability, and the generation limit is analyzed by two-level factor analysis. The re-
sults evidenced that NSGA-III with proper parameters is practical for finding the desired
solutions timely for this sophisticated problem.

The limitation of this study is deficient validation with regard to the resolution. In
addition to NSGA-III, other heuristics and combinatorial optimization algorithms for
multi-objective mixed-integer nonlinear programming ought to be tried out. Supple-
mental numerical analysis for more problem instances of large scales should be done to
test the performance of employed methods thoroughly. This work implicates the ad-
vantage of the eco-friendly standpoint in operation management and contributes to the
fundamental understanding of layout integrated production planning for MC in RMS. It
is applicable to intelligent discrete manufacturing in the context of Industry 4.0. The sto-
chastic arrival of orders and investigation from the social pillar of sustainability could
expand this model.

The state of the research illustrates that no continuous approaches for production
planning and scheduling for reconfigurable manufacturing systems are available [31],
while time-dependent energy prices are a consequence of replacing classical power plants
with renewable energies in the course of sustainable power generation [32]. Therefore,
developing novel strategies/algorithms that can be used in real-time to fulfill the efficiency
requirement of operational decision-making in RMS is critical for future research [33].
Furthermore, dynamic environments complicate the model and run-time limits the appli-
cation of mathematical optimization to this NP-hard problem [34]. New methodologies
such as deep reinforcement learning should be explored to study the real-time optimiza-
tion and collaborative control of RMS in intelligent manufacturing [35].
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