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ABSTRACT

The combined increase of energy demand and environmental pollution on a global scale is forcing a re-
thinking, in sustainable terms, of energy supply policies and production models. To flatten demand peaks
in power plants, energy suppliers adopted pricing policies that stimulate a change in the consumption
practices of customers. One example of such policies is the Time-of-Use (TOU)-based tariffs, which en-
courage electricity usage at off-peak hours using low prices while penalizing peak hours with higher
prices. To avoid a sharp rise in energy supply costs, the manufacturing industry must carefully resched-
ule the production processes, by shifting them toward less expensive periods. TOU-based tariffs impose
specific constraints on the completion of the jobs involved in the production processes as well as a par-
titioning of the time horizon of the production into a set of time slots, whose associated cost becomes
part of the optimization objective. In this article, we review the flourishing literature on job scheduling
under TOU-based energy tariffs. Our purpose is to provide researchers and practitioners with a frame-
work that may guide them toward the most important theoretical results on the topic as well as the

most prominent practical applications in sustainable manufacturing.

© 2023 Elsevier B.V. All rights reserved.

1. Introduction

The rise of worldwide energy consumption in the last decades,
together with the consequent environmental pollution, has become
a compelling matter for global demand-supply. The World Energy
Outlook 2019 reported 14,314 million tonnes of oil-equivalent
demand from primary energy consumption, corresponding to 33.2
gigatonnes of CO, emission in the sole 2018 (International Energy
Agency, 2019). The sectors related to manufacturing, agriculture,
mining, and construction collectively consumed 54% of the world-
wide energy demand in 2012 (International Energy Agency, 2016).
In 2018, the total energy consumption of the sole manufacturing
sector amounted to 19.436 trillion British thermal units (Energy
Information Administration (EIA), 2021), and the above sectors
altogether were forecast to grow at a rate of 1.2% per year until
2040 (International Energy Agency, 2016). Rethinking the pro-
duction processes under a sustainable lens, and simultaneously
fostering environment-aware consumption practices in customers,

* Corresponding author.
E-mail addresses: daniele.catanzaro@uclouvain.be (D.
pesenti@unive.it (R. Pesenti), roberto.ronco@edu.unige.it (R. Ronco).

Catanzaro),

https://doi.org/10.1016/j.ejor.2023.01.029
0377-2217/© 2023 Elsevier B.V. All rights reserved.

appears to be a necessary condition to invert this trend. One of the
first actions undertaken by energy suppliers consisted in trying to
flatten the demand peaks of power plants by devising strategies
aimed at reducing the high economic and environmental burdens
related to the generation of high energy loads in short periods of
time. These strategies mostly consist of pricing policies that stimu-
late a change in the consumption practices of customers (Hu et al.,
2018). One example of such policies is provided by the Time-of-Use
(TOU)-based tariffs, which spur electricity usage at off-peak hours
through low prices while penalizing peak hours with higher prices.
The identification of the optimal prices taking into account the
inherent stochasticity of the demand can be carried out, e.g., by us-
ing robust optimization approaches, such as those described in Hu
et al. (2018), or stochastic programming models, such as those
discussed in Nikzad & Samimi (2020). Overall, TOU-based tariff
policies proved successful so far to flatten the peaks of demand,
by ensuring, at the same time, good service stability (Chawla et al.,
2017; Hu et al., 2018). How long these policies will prove effec-
tive in containing a world-scale increase in energy consumption,
however, still remains hard to foresee. It is plausible that energy
suppliers will rely more and more upon such policies to face
possible energy shortages or price fluctuations caused by interna-
tional instabilities such as the current Russian-Ukrainian conflict
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Fig. 1. An example of a TOU pricing scheme from Chen & Zhang (2019). The
figure shows a possible hourly variation of TOU costs, expressed in dollars per
kilowatt-hour ([$/KWh]), by highlighting the off-peak, mid-peak, and on-peak pe-
riods of the day. An increase in energy demand results in higher TOU costs, which
account for the considerable costs of handling the generation of high energy gener-
ation and, at the same time, discourage further customers demand.

or Indo-Pacific tensions (Pereira et al., 2022). On the other hand,
the COVID-19 pandemic has dramatically changed the face of the
global supply chain, prompting firms and enterprises to reshore
in the last few years (Karatzas et al., 2022). Energy-intensive in-
dustries already have to handle the effect of increasing restrictions
on carbon emissions as well as the geopolitical aftermath of the
Russian-Ukrainian conflict on energy provisioning (Lambert et al.,
2022). The consequent changes in the related business models will
stress the capabilities of the energy pricing schemes to adapt to
the novel demand-supply dynamics in the near future.

In the context of manufacturing, a natural reaction to TOU-
based tariffs consists in rescheduling the production processes
during periods characterized by low energy supply costs. Job
scheduling under TOU-based tariffs (or TOU scheduling for short)
is similar to classical job scheduling problems: the processing or-
der of a given set of jobs must be identified and carried out on
one or more machines (Pinedo, 2016). Moreover, the processing of
the jobs must comply with time requirements (e.g., a due date or
a common deadline Pinedo, 2016). However, the presence of TOU-
based tariffs induces an implicit partitioning of the time horizon of
the production into a set of time slots, each associated with a non-
negative cost called TOU costs (Chen & Zhang, 2019) or TOU prices
(Ding et al., 2016). This partitioning is usually referred to as the
TOU pricing scheme (Che et al., 2017; Ding et al., 2016; Soares et al.,
2021), whereas the sum of the TOU costs of the time slots used for
processing in the considered time horizon is referred to as the To-
tal Energy Cost (TEC). Generally, the TEC is the objective of a TOU
scheduling problem. In the context of multi-objective optimization
problems, the TEC may add to other classical objectives in schedul-
ing, such as the makespan or the total weighted tardiness (Pinedo,
2016). Figure 1 shows an example of a typical hourly variation of
TOU costs in response to the off-peak, mid-peak, and on-peak pe-
riods of energy demand throughout the day.

The literature on sustainable manufacturing offers several re-
cent surveys on energy-efficient scheduling, each one providing a
specific perspective on the topic. For instance, Gao et al. (2020) and
Terbrack et al. (2021) independently focused on production plan-
ning for intelligent systems, by proposing a general classifica-
tion of the most important problems in sustainable manufacturing
and the corresponding solution approaches. Similarly, Gahm et al.
(2016) studied the impact of energy-aware practices in sustain-
able production, by proposing a classification of energy-efficient
job scheduling based on energetic coverage, energy supply, and en-
ergy demand. Para et al. (2022) delved into energy-efficient job
shop scheduling problems by developing a comprehensive sur-
vey specifically focused on metaheuristics as solution approaches.
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Alvarez-Meaza et al. (2021) also considered a vast number of re-
search articles on green scheduling, with the intent of outlining
the most promising and compelling research directions for the sci-
entific community. Choudhury et al. (2020) focused on the tech-
nological aspects of manufacturing, by analyzing the service sup-
ply chain and its environmental-related concerns. Despeisse et al.
(2012) proposed a conceptual framework to model single factory
units as ecosystems aimed at enabling sustainable performance
improvements while limiting environmental pollution and unre-
strained exploitation of natural resources. Giret et al. (2015) re-
viewed energy-efficiency operations scheduling by exploring the
conditions for its sustainability. The authors distinguished between
approaches based on the input data (e.g., as machines, jobs, and
scheduling horizon), approaches based on the environmental out-
put (e.g., pollution, waste), and approaches based on mixed objec-
tives. Renna & Materi (2021) also analyzed energy-efficient manu-
facturing systems from the point of view of sustainability. The au-
thors intended to review the integration of renewable sources in
manufacturing systems to promote further research in this direc-
tion. Cai et al. (2022) pursued the same goal, but they tackled the
discussion of the topic by specifically focusing on four technologi-
cal processes that enable sustainable manufacturing: energy mon-
itoring, evaluation, optimization, and benchmarking. Finally, Yusuf
et al. (2021) proposed a review of energy minimization strategies
for tools in manufacturing processes. None of the above surveys,
however, comprehensively discusses the models, methods, and
algorithms for job scheduling under TOU-based energy tariffs pre-
sented in the literature. In this article, we close this gap, by provid-
ing researchers and practitioners with (i) a framework that sum-
marizes the most important theoretical results and practical appli-
cations on the topic, and (ii) a guide that may direct new research
efforts toward unexplored directions in TOU scheduling for sustain-
able manufacturing. In Section 2, we will introduce some notation
and definitions aimed at both stating the general TOU scheduling
paradigm and describing the characterizing features of the differ-
ent versions of the problem that occur in the literature. We will
present a possible classification of these versions in Section 3, by
discussing the theoretical and technological motivations at their
core as well as the respective approaches proposed to solve them.
We will devote Section 4 to a subset of specific versions of TOU
scheduling that cannot be framed in a standard taxonomy, and that
may either guide toward novel research branches or be potentially
inspiring in the context of industrial applications. In Section 5, we
will draw some conclusions, by highlighting the limits of current
approaches and providing future research directions.

2. Notation and problem statement

In this section, we formalize the job scheduling problem in
presence of TOU-based energy tariffs. To this end, we first need
to introduce some notation and definitions that will prove useful
in the remainder of the article.

Given two positive integers N and K, we denote 7 =
{1,2,...,N} and T ={1,2,...,K} as a set of N jobs to be processed
on a single-job processing machine and a set of K consecutive time
slots constituting the time horizon of the production, respectively.
We denote p; as a positive integer encoding the processing time of
the job j € 7, i.e,, the number of time slots required to process j
on the given machine. Similarly, we denote ¢; € N as the TOU cost
associated with the time slot ¢ € 7. For the sake of conciseness, we
denote {c¢} as the set of the time slots costs ¢, for t € T.

As in Fang et al. (2016), we say that {c;} is pyramidal if there
is some t' € 7 such that ¢; <¢; <...
Ck_1 > Cx. Moreover, we say that {c;} is non-decreasing (respec-
tively, non-increasing) if ¢; < ¢, (respectively, ¢; > ¢/) for all t,t’ €
T, t<t.

<Cr_1<Cy>Cry1>...>
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Fig. 2. An example of three possible schedules for a dummy instance of the BJSTP involving a single job j with processing time 3, a time horizon consisting of 10 time slots,
a deadline D = 8, and TOU costs all equal to one and omitted for the sake of clarity. The schedule shown in Fig. 2(a) is non-preemptive while the one shown in Fig. 2(c) is
preemptive. The schedule shown in Fig. 2(a) is feasible as the processing of the job is completed within the deadline. The other two schedules are unfeasible. In particular,
the schedule shown in Fig. 2(b) violates the deadline and the schedule shown in Fig. 2(c) violates non-preemption.

We define a job-time slot assignment as a pair (j, 7;) such that
jis ajobin 7, and 7; is a non-empty subset of p; time slots in
T during which j is processed. We define a schedule S as a set of
job-time slot assignments satisfying the following two conditions:
(i) exactly one pair (j, 7;) exists for each j e 7 and (ii) for any pair
of distinct jobs j', j” € J, the intersection Tj; N7}y is empty, i.e.,

S={(.T):0#T,cTVjeJ, and Ty Ty =0V j,j"e7.i#J} (1)

A schedule S is preemptive if, for some job je 7, 7; contains p;
non-consecutive slots, and non-preemptive otherwise. For example,
Fig. 2 shows three possible schedules for a job j characterized by a
processing time p; = 3 over a time horizon of 5 slots. The schedule
shown in Fig. 2(a) is non-preemptive as job j is processed consec-
utively in 3 time slots. The schedule shown in Fig. 2(c) is instead
preemptive, as job j is not processed consecutively in a number of
time slots equal to p;.

We denote S as the set of the possible schedules of the jobs
in J over the time horizon 7, and we define the Total Energy Cost
(TEC) of a schedule S € S as

ES) = ZZQ,

jeJ teTj

(2)

i.e., as the sum of the TOU costs associated with the job-time slot
assignments in S. Similarly, we refer to the overall amount of time
necessary to process the jobs in 7 as the makespan Cpax of S, and
we define it as

Cnax(S) = max t.

teU}e] 7}

3)

Moreover, the deadline of a schedule S is a positive integer D that
represents the time by which all jobs must be completed. Hence,
the makespan of S must not exceed D, i.e., Cmax(S) < D. Then, given
the above notation and definitions, the basic version of the job
scheduling problem in presence of TOU-based tariffs reads as fol-
lows:

The Basic Job Scheduling with TOU tariffs Problem
(BJSTP). Given a set of jobs 7, a set of processing times {p;}
associated with the jobs in 7, a time horizon 7, a set of TOU costs
{ct} associated with the time slots in 7, and a deadline D, find
a non-preemptive schedule S ¢ S that minimizes the total energy
cost (2) and whose makespan (3) is less than or equal to the given
deadline, i.e.,

rgleisn E(S) (4)
s.t. Cmax(S) <D. (5)

For example, consider again the three alternative schedules
shown in Fig. 2. Then, the schedule shown in Fig. 2(a) encodes a
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Fig. 3. An example of a possible schedule for an instance of the BJSTP having three
jobs {i, j, k}, processing times {3,2,1}, a time horizon of 10 time slots, and TOU
costs ¢ = {1,5,2,3,9,4,8,13,7, 6}. The deadline D here is assumed to be equal to
10.

feasible solution to the BJSTP. In contrast, the schedule shown in
Fig. 2(b) is infeasible, as part of job j is processed after the dead-
line. Similarly, the schedule shown in Fig. 2(c) is infeasible as well
because it is preemptive, even if it satisfies the deadline.

Figure 3 shows an example of a possible schedule for an in-
stance of the BJSTP having three jobs {i, j, k} with processing
times {3,2,1}, a time horizon of 10 time slots, TOU costs ¢; =
{1,5,2,3,9,4,8,13,7,6}, and deadline D = 10. This schedule has
a TEC equal to 41 and a makespan of 10. Observe that if job i, j,
and k were moved to slots {2, 3,4}, {6, 7} and {1}, respectively, the
resulting schedule would achieve a makespan equal to 7 and a TEC
equal to 23, which is provably minimum.

We conclude this section by observing that the literature on
the BJSTP often assumes an identical power consumption profile
for all jobs whenever a specific job-per-job profile is unavailable.
The time slot costs, therefore, are often expressed in terms of cur-
rencies (e.g., dollars Anghinolfi et al., 2021; Chen et al., 2021; Wang
et al., 2018a). When the job consumption profiles are instead avail-
able, the time slot costs are expressed as currency over power (e.g.,
dollar over Kilowatt-hour), as in Fig. 1 (see also Aghelinejad et al.,
2018a; Fang et al., 2016). In such a case, the considered time hori-
zon 7 spans over a day, and a time slot t € 7 consists of an hour.

3. A classification of the literature on the BJSTP

In this section, we present a possible taxonomy of the different
versions of the BJSTP that occur in the literature on TOU schedul-
ing. Figures 4 and 5 provide a graphical representation of this tax-
onomy and may assist the reader in understanding the relation-
ships and the conceptual dependencies among these versions.

Throughout the article, we will make use of Graham et al.
(1977)'s three-field notation, or «|B|y notation for short, which
is commonly used in job scheduling to describe the problems at
hand in a compact and easy-to-read form. The « field character-
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Fig. 4. A graphical representation of the development of the literature on single-machine versions of the BJSTP. Each node, displayed as a circle, corresponds to a specific
work in the literature, while the directed edges, depicted as pointed arrows, connect different works that are directly related both historically and content-wise. Furthermore,
the color of each node depends on the solution approach developed by the authors to solve the related problem, according to the rules reported in the top-left corner of the

image.

izes the processing environment. For example, « takes value 1 in
the case of a single machine, whereas « is denoted as Pm in the
case of m parallel and identical machines (where P stands for par-
allel and identical, and m accounts for the number of considered
machines). The 8 field specifies the constraints and the processing
restrictions, such as jobs preemption or release dates, hereafter de-
noted as prmp and r;, respectively. Finally, the y field refers to the
optimization objectives, such as the minimization of the makespan
or the TEC. For instance, the BJSTP can be represented by em-
ploying the three-field notation as 1||TEC, since it only involves
a single machine, and requires finding a non-preemptive schedule
that minimizes the TEC. We refer the reader interested in a more
in-depth discussion on the three-field notation to Pinedo (2016)’s
classical book. Here, we just summarize the possible values that
the three fields may take in Table 1. We also discuss the develop-
ment of the BJSTP for single and multiple-machine environments
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separately, because most of the properties for single-machine prob-
lems are very hard to generalize to the case of multiple machines.
In fact, only a few results in single-machine versions of the BJSTP
directly translate into insights and results for the multiple-machine
versions. Finally, when referring to algorithms, we will use the
acronyms listed in Table 2, and we will assume (unless specified
otherwise) that the machines are single-job processing.

3.1. Single-machine versions of the BJSTP

The earliest work dealing with a single-machine version of
the BJSTP has been proposed by Wan & Qi (2010). The authors
considered several versions of the BJSTP differing from one an-
other for the type of objective function considered, including (i)
the total flow time (i.e., the 1| };c ;C; + TEC under Graham et al.
(1977)'s three-field notation); (ii) the maximum lateness (i.e., the
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Fig. 5. A graphical representation of the development of the literature on the versions of the BJSTP with multiple machines. Each node, displayed as a circle, corresponds to
a specific work in the literature, while the directed edges, depicted as pointed arrows, connect different works that are directly related both historically and content-wise.
Furthermore, the color of each node depends on the solution approach developed by the authors to solve the related problem, according to the rules reported in the top-left

corner of the image.

1||Lmax + TEC); (iii) the maximum tardiness (i.e., the 1||Tmax + TEC);
(iv) the weighted number of tardy jobs (ie. the 1|3 ;. w;U; +
TEC); and (v) the total tardiness (ie., the 1|| X ;. ; Tj + TEC). The
authors proved the strong NP-hardness of all of these versions by
using a reduction from the 3-Partition Problem (Garey & Johnson,
1990). This reduction technique, which often recurs in the litera-
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ture, has inspired complexity results for other versions of the BJSTP
discussed later in this section, such as those considered by Fang
et al. (2016) and Chen & Zhang (2019).

Besides showing general intractability results, Wan & Qi
(2010) also showed that the above versions of the BJSTP can be
solved in polynomial time if specific assumptions hold on prob-
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Table 1
Graham et al. (1977)'s three-field notation for classical scheduling problems.

Field Characteristic Meaning

« field 1 single machine
Pm m parallel identical machines
Qm m parallel machines with different speeds
Rm m unrelated parallel machines)
Fm flow shop on m machines
Jm job shop on m machines
FFc flexible flow shop on ¢ machines
FJc flexible job shop on ¢ machines

B field Tj release dates
d; due dates
wj weights
prmp preemption
batch(b) parallel batch processing
prmu permutation
q; jobs power demands
Qjn machine-dependent jobs power demands
seq fixed jobs processing sequence (on a single machine)
s;jeRy non-negative real start times
s’j? sequence-dependent setup times
on/off machines regulation via “on/off” switching mechanism

y field Cax makespan
Lmax maximum lateness
Tmax maximum tardiness
> w;G; total weighted completion time
> wiT; total weighted tardiness
Y w;Uj weighted number of tardy jobs

Table 2
Summary of the acronyms for heuristics and metaheuristics used in the literature
on the BJSTP.

Algorithm Acronym
Ant Colony Optimization ACO
Evolution Algorithm EA
Genetic Algorithm GA
Iterated Local Search ILS
Local Search LS
Multi-Population Genetic Algorithm MPGA
Non-dominated Sorted Genetic Algorithm NSGA
Particle Swarm Optimization PSO
Strength Pareto-archived Evolutionary Algorithm SPEA
Single-Population Genetic Algorithm SPGA
Tabu Search TS
Variable Neighborhood Search VNS

lem data. For example, in the case of the 1|| Y ;. ;C;+ TEC, the
authors observed that if the time slot costs {c;} are non-increasing
over time, then there exists at least an optimal solution (sched-
ule) to the problem such that the set of jobs 7 obeys to the so-
called Shortest Processing Time (SPT) first order, i.e., a schedule in
which the jobs are sorted such that the processing time of job
j € J precedes the one of job j' € 7\ {j} whenever p; < p;. Wan
& Qi (2010) showed that this optimal solution can be computed
in O(K?) via dynamic programming. The main idea at the core of
the algorithm can be summarized as follows: first, sort the jobs
according to the SPT rule; subsequently, given the first n jobs in
the sorted job sequence, n < N, denote by f, , the total cost of the
schedule obtained when the completion time of the nth job is no
greater than k. Observe that the nth job can be completed either at
time slot k or before it. Hence, the optimal schedule of the sorted
jobs can be obtained by recursively computing the following ex-
pression

k

> it factkepe faka

i=k—pn+1

} Vne 7\ {1}, ke T,

(6)

fnx = min {k +
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where the first argument of the min{.} function is the cost paid
when the nth job ends at the time slot k, while the second argu-
ment is the cost paid when nth job ends before the time slot k.
The initial condition for (6) is given by

{l+ Xl:

i=l—-p1+1

(7)

fir = min
P

Ci}, k:pl,p1+1,,..,l<,
1<I<k

where p; is the processing time of the first job in the se-
quence, i.e., the shortest processing time, and f;, =oco for k=
1,2,...,p1 — 1. The optimal cost is given by (6) when j=N and
k = K. Because there are NK states for the dynamic program and
evaluating (6) takes a constant time, computing fyk requires
O(NK) time. Since evaluating (7) for each k=pq,p; +1,...,K re-
quires O(K?) time, the running time of the algorithm is O(NK +
K?) ~ O(K?). The authors showed that this approach can be appro-
priately adapted to solve not only the other versions of the BJSTP
(see Table 3), but also a more general one characterized by a con-
vex set of costs {c(}, i.e., costs that are contained in the image of
some convex non-increasing function. As for the complexity re-
sults, Wan & Qi’s dynamic programming approach inspired several
solution approaches for subsequent single-machine versions of the
BJSTP, such as those described in Chen & Zhang (2019); Chen et al.
(2021); Fang et al. (2016); Penn & Raviv (2021).

The earliest versions of the BJSTP considered homogeneous time
slots, i.e., time slots characterized by the same duration (see,
e.g., Fig. 6(a)). The literature on the BJSTP, however, also in-
cludes versions of the problem characterized by heterogeneous time
slots Wan & Qi (2010). In these versions, the time horizon - usu-
ally encoded as an interval [0, K] € R - is partitioned into subin-
tervals with possibly non-integral duration, hereinafter referred to
as time periods (see, e.g., Fig. 6(b) and (c)). The characteristics of
the time periods may affect schedules in a non-trivial way. For ex-
ample, by referring to Fig. 6(a), the processing times of the jobs
can be either integer or fractional. In the case of integer process-
ing times, the costs associated with the processing of the jobs are
the usual {c;}; in the case of fractional processing times, instead,
these costs are fractions of {c;}. The situation becomes more com-
plex in the cases of Fig. 6(b) and (c). In these cases, the jobs have a
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Table 3

Optimal polynomial and pseudo-polynomial time algorithms for different versions of the BJSTP.
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Article

Problem

Computational complexity of the
solution algorithm

Assumptions

Wan & Qi (2010)

Fang et al. (2016)

Chen & Zhang (2019)

1113es G+ TEC
1||Lmax + TEC
1]|Tmax + TEC

1] Xjes WiUj + TEC
1o Ty + TEC

1|prmp, s; € Ry, q;|TEC

1|s; € R, q;|TEC

1|prmp, speed, s; € R, q;, w;|TEC
1]s; € Ry |TEC

0(K?)

O(N(N? +log{K}))
0(K?)

O(KlogK)

0(K?)

O(KlogK)

(a) O(K?) or (b) O(NK3)
O(N*K3)

No explicit expression.
No explicit expression.
No explicit expression.
o7

{ck} non-increasing

{ck} convex non-increasing

{c;} non-increasing

{ck} convex non-increasing

{cx} non-increasing

{cx} convex non-increasing

Tardy jobs as (a) lost sales or (b) backlogging
{cx} monotone non-increasing

{cx} pyramidal

The set of time periods 7 has 1 valley

O(|7’\2N2r")

0((Xjey PN+ 1711
O(TI(TI +N)N?)
O(Iﬂm+2N3‘T|")
No explicit expression.

Chen et al. (2021) 1|prmp| ¥ ; C; + TEC
1|prmp, seq, w;| Zjej w;Cj + TEC

1|prmp, s; € Ry, d;, 1;|TEC

O(NK)
Penn & Raviv (2021)

1|prmp, s; € R, d;, p; = 1|TEC O(NK?)
Aghelinejad et al. (2017) 1|on/off, prmp|TEC 0(K3)
Aghelinejad et al. (2019a,b) 1|on/off, seq|TEC 0(K3)
Aghelinejad et al. (2018a) 1|on/off, seq, q;|TEC 0(K?)

1|on/off, speed, seq, q;|TEC

Wang et al. (2018b) F2|prmu, seq|TEC O(NK*)

7 has 2 valleys, [{pj.je T} =1

7 has | > 2 valley

Bounded lateness, 7 has 1 valley

Bounded total completion times; 7 has 1 valley

O(N?(N + K)(Nlog, N + log, N +K))

O(K2V(K +V)), V € Z,

t 1 2 3456 7 8 9 10 t t 12 3 45 6 7 8 910w
G 15 2 3 9 4 8 137 6 e G 1 6 47 6 e ¢ 15 2 39 4 8 137 6 e
(a) (b) (c)

Fig. 6. Different possible ways of partitioning the time horizon. Figure 6(a) shows a partitioning of the time horizon into a set of 10 (homogeneous) time slots. Figure 6(b)
shows a partitioning of the time horizon into a set of 5 time periods with integer lengths, namely 3, 4, 1, 1, and 1, with TOU cost 1, 6, 4, 7, and 6, respectively. Finally,
Fig. 6(c) shows a partitioning of the time horizon into a set of 10 heterogeneous time periods having possibly non-integral duration.

non-negative real start time and the TEC becomes the integral of a
piecewise-constant map that generally associates each time period
la;,a;1] €[0,K],ie{1,...,L -1} in a given set 7 of L > O time pe-
riods to a TOU cost. Both situations, described e.g., in Fang et al.
(2016) and Chen & Zhang (2019), possibly constitute close-to-real
scenarios for production scheduling systems.

In the next sections, we describe versions of the BJSTP that in-
volve a single machine, according to the characteristics of the jobs
and the processing environment. Specifically, in Section 3.1.1 we
present versions of the BJSTP that allow jobs to be preempted.
In Section 3.1.2 we present versions of the BJSTP that require
non-preemptive scheduling over a time horizon partitioned into
time periods. In Section 3.1.3 we present versions of the BJSTP
that involve batch-processing machines. Finally, in Section 3.1.4 we
present versions of the BJSTP that consider machines with power
transients between different operational states.

3.1.1. Preemptive versions of the BJSTP

Penn & Raviv (2021) considered the 1|prmp,s; € Ry, d;, 1;|TEC,
i.e., the problem of minimizing the TEC of a preemptive sched-
ule for a set of jobs with release and due dates over a time
horizon partitioned into a set of time periods, as in Fig. 6(c).
The authors proved that this scheduling problem reduces to
a special case of the min-cost flow problem on a directed
bipartite graph (see Derigs, 1988). This result allowed Penn
and Raviv to adapt Brenner’s algorithm (Brenner, 2008) to the
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1|prmp, sj € Ry, dj, r;|TEC, by ultimately enabling its exact reso-
lution in O(N2(N + K)(Nlog, N +log, N +K)). Penn and Raviv also
considered a special version of the problem characterized by hav-
ing no release dates and processing times equal to 1, ie., the
1|prmp, s; € Ry, dj, p; = 1|TEC. The authors first proved that there
exists at least an optimal solution to 1|prmp,sjeR,,d;,pj=
1|TEC in which the ordering of jobs satisfies the Earliest Due Date
(EDD) rule, i.e., the property for which a job precedes another if
and only if the due date of the former is less than or equal to the
due date of the latter. Then, Penn and Raviv showed that such a
problem can be solved in O(NK?) through dynamic programming
after sorting the jobs according to their due dates. This result led
the authors to conjecture the existence of an O(NK?) exact algo-
rithm also for the 1|prmp,s; € Ry, p; =1,r;|TEC problem, ie., a
version of the BJSTP that considers the release dates instead of the
due dates. This conjecture remains an open problem.

Fang et al. (2016) focused on versions of the BJSTP character-
ized by having a power demand q; > 0 associated with each job
Jj € J. These versions derive from the modeling of energy-intensive
manufacturing processes in which the energy demands are non-
negligibly job-dependent. In presence of a power demand, a job
j e J that is processed on a machine h during the time slots in
Tj € T is characterized by a processing cost equal to q; ZteTj ¢: and
by a power demand ¢; . One of the earliest versions of the BJSTP
with power demands is the 1|prmp,s; € Ry, q;|TEC, i.e., a version
of the BJSTP in which the time horizon is partitioned into a set of
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time periods as in Fig. 6(c). Fang et al. (2016) proved that there
is at least an optimal schedule to the 1|prmp,s; € Ry, q;|TEC such
that the jobs with a higher power demand are associated with
time slots with a lower cost, and showed that the optimal solu-
tion to the 1|prmp, s; € Ry, q;|TEC can be computed with a greedy
polynomial-time algorithm by using arguments similar to the ones
used by Penn and Raviv for the 1|prmp, s; € Ry, d;, pj = 1|TEC. The
authors also studied the 1|speed, s; € Ry, q;, w;|TEC, i.e., a version
of the BJSTP in which a job j e 7, when processed at speed v,
has a processing time p; = w;/v and a power demand q; = V0 for
some scalar § > 1. This problem considers a machine endowed
with speed scaling capabilities. As a result, the problem also re-
quires deciding the operation speed v at which the machine pro-
cesses the jobs. This constitutes a non-trivial task, since a higher
machine speed enables lower processing times, but entails an in-
crease in power demands. On the other hand, a lower speed helps
in reducing the TEC, at the expense of lower efficiency in produc-
tion. Penn and Raviv first proved the strong NP-hardness of this
problem and provided an approximate solution algorithm charac-
terized by an error ratio of fo:l (¢ / minger cr)?/@=1 for some
scalar § > 1.

Chen et al. (2021) studied three different preemptive versions
of the BJSTP related to the ones proposed by Fang et al. (2016) and
Che et al. (2016), namely (i) the 1|prmp|ZjEjCj+TEC, i.e., the
problem of optimizing the sum of the completion times of the
jobs and the TEC; (ii) the 1|prmp, seq, w;| 3" . s w;C; + TEC, i.e,, the
problem of minimizing the weighted sum of the completion times
plus the TEC, while considering a fixed sequence for jobs as a prob-
lem parameter; and finally (iii) the 1|prmp| ;. ; w;C; + TEC, ie.,
a generalization of (ii) in which also the job sequence must be
determined. For each of the three problems, Chen et al. consid-
ered a time horizon partitioned as in Fig. 6(b). By exploiting the
assumption of dealing with a fixed job sequence in (ii) the au-
thors succeeded in showing the existence of an O(NK) exact so-
lution algorithm for 1|prmp, seq, wj| 3~ ;. ; w;C; + TEC by using a
dynamic programming approach similar to the ones presented by
Fang et al. and Penn & Raviv for their respective versions of the
BJSTP. The existence of an optimal job sequence following the SPT
first rule for problem (i) allowed the authors to prove the exis-
tence of an exact algorithm for 1|prmp| > jes Cj +TEC as well and
the theoretical results obtained for 1|prmp, seq. w;| 3" ;. 7 w;C; +
TEC allowed the authors to show the existence of an O(4 +€)-
approximation algorithm also for 1|prmp| 3= ;. ; w;C; + TEC.

Some recent works on the BJSTP focused on conflicting objec-
tives that usually arise in industrial applications when considering
energy efficiency as a performance criterion. Specifically, energy-
conscious production plans in general are unable to attain high
productivity goals. As an example, favoring lower-cost periods of
the time horizon may cause production delays, which in turn may
impact measures of timeliness such as total tardiness or makespan.
To address these practical issues, some authors considered versions
of the BJSTP with multiple objectives. As an example, Rubaiee &
Yildirim (2019) focused on the bi-objective version of the BJSTP
that requires preemptively scheduling a set of independent jobs on
a single machine to minimize the makespan and the TEC. The au-
thors provided a possible Mixed-Integer Linear Programming (MILP)
formulation to exactly solve the 1|prmp|Cnax, TEC as well as an ap-
proximate solution algorithm based on the Ant Colony Optimization
(ACO) metaheuristic (Gendreau & Potvin, 2010).

3.1.2. Versions of the BJSTP based on time periods

Fang et al. (2016) considered the 1|s; € Ry, q;|TEC, i.e., the
problem of finding a single-machine schedule with the minimum
TEC for a given set of jobs, in presence of (i) job power consump-
tions and (ii) a time horizon consisting of a set of time periods as
in Fig. 6(c). The authors proved that the problem is strongly N'P-
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hard and inapproximable within a constant € > 1, unless P = N'P.
The authors achieved these results by using a reduction from the
3-Partition Problem similar to the one used by Wan & Qi for the
problems discussed in Section 3.1.

Che et al. (2016) considered the 1s; € Ry, g;|TEC, i.e., a version
of the BJSTP that involves jobs with non-integral start times and
power consumption. Non-integral start times constitute a realis-
tic assumption for production systems, where machines can start
processing jobs at any time of the available horizon, provided that
other technological constraints, such as equipment availability and
precedence relations, are satisfied. The authors developed both an
exact solution approach for the 1[s; € Ry, g;|TEC based on Mixed
Integer Linear Programming (MILP) and a greedy heuristic to ap-
proximate its optimal solution. The proposed MILP formulation ex-
ploits both a set of 0/1 variables to determine whether a given job
j (or part of it) is processed in a specific period and a set of contin-
uous variables to model non-integral start times. This formulation
proved computationally unable to tackle real instances of the prob-
lem, hence the authors proposed the greedy heuristic. The idea at
the core of the greedy heuristic consists of sorting first the jobs
according to the non-increasing order of their power consump-
tion and subsequently iteratively inserting the jobs, one after an-
other, into the available time periods by selecting the insertion that
greedily minimizes the objective function. Computational experi-
ments showed a remarkable ability of the greedy heuristic to reach
close-to-optimal solutions for every instance considered in the ex-
perimental analysis. Subsequently, Zhang et al. (2018a) described
some possible improvements to Che et al. (2016)’s heuristic, en-
abled by the use of larger neighborhoods for inserting jobs. The
authors also reported the effectiveness of the heuristic in a real-
world case study based on a TOU pricing scheme used in China.

Chen & Zhang (2019) studied the 1|s; € R|TEC, i.e., a version
of the BJSTP that involves jobs with non-integral start times. The
authors proved the strong NP-hardness of the problem by us-
ing a reduction from the 3-Partition Problem. Subsequently, they
investigated the combinatorics of the 1|s; € R, |TEC. In particular,
they first introduced the notion of a valley for a given partition
of 7, which consists of a time period whose TOU cost is lower
than the one of its two neighbors in 7, i.e., the previous and the
subsequent element in the partition. The authors found that the
1|s; € R4|TEC can be solved in O(|71) if 7 contains a single val-
ley. Moreover, they provided an FPTAS for the problem when 7
contains at most 2 valleys. They finally gave the expression of the
computational complexity for an optimal pseudo-polynomial algo-
rithm for the problem when the number of valleys in 7 is greater
than 2. Table 3 provides a compendium of the results achieved
by the authors cited so far. It is however interesting to observe
that the results obtained by Chen & Zhang again highlight how, for
some versions of the BJSTP, the existence of efficient solution al-
gorithms depends on particular properties of the sequence of TOU
costs.

3.1.3. Batch scheduling versions of the BJSTP

One of the earliest results in batch scheduling versions of
the BJSTP was presented by Cheng et al. (2014), who devel-
oped a bi-objective MILP formulation for the A/P-hard problem
1|batch(b)|Cmax, TEC. The authors proposed a solution algorithm
based on the e-constraint solution approach for bi-objective opti-
mization (see Haimes et al., 1971), which enables the computa-
tion of a set of non-dominated solutions to the problem if at least
one of the objectives can assume only integer values. The idea at
the core of this solution approach consists of iterating, over all
the possible values that can be assumed by the integer objective,
the resolution of an optimization problem involving the remain-
ing objectives. When this approach is carried out exhaustively, the
set of non-dominated points computed by the e-constraint algo-
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rithm corresponds to the optimal Pareto front. On this rationale,
for each possible value € of the makespan, the e-constraint solu-
tion approach proposed by Cheng et al. iteratively solves a MILP
formulation for the 1|batch(b)|TEC, by constraining the makespan
of the resulting schedule to not exceed €. In Cheng et al. (2016a),
the authors speeded up the solution time of their approach, by
presenting preprocessing techniques able to remove a vast part of
the original decision variables and constraints in their MILP formu-
lation. The main ideas at the core of this algorithm were further
used, developed, and refined in subsequent works dealing with bi-
objective scheduling such as those proposed by Anghinolfi et al.
(2021); Wang et al. (2018a); Wu et al. (2021).

Inspired by Cheng et al,, Zhou et al. (2020) introduced a novel
batch scheduling version of the BJSTP, which requires finding a
schedule for a set of jobs with release dates on a single machine
that simultaneously minimizes both the makespan and TEC with-
out preemption, ie., the 1|batch(b), rj|Cmax, TEC. The authors de-
veloped a multi-objective optimization algorithm consisting of (i)
finding initial sequences of jobs through a metaheuristic (namely a
PSO, see Table 2); (ii) using constructive heuristics to group the se-
quences of jobs into batches; and finally (iii) computing a schedule
for the batches by exploiting the Earliest Ready Time first order. The
solution so constructed eventually undergoes a local search to fur-
ther improve the TEC, if possible. Zhou et al. performed an exten-
sive experimental validation of their algorithm, which is still the
state-of-the-art solution approach for the problem.

Finally, Cheng et al. (2016b) investigated the 1|batch(b)|TEC and
proposed two different MILP formulations to solve it exactly. In
particular, the authors first divided the time horizon into a set
of time slots, each one having a specific duration and electric-
ity cost. This natural modeling approach gave rise to a formula-
tion characterized by a large number of both decision variables
and constraints. In order to reduce the size of such a formulation,
the authors proposed a second formulation based on a repartition-
ing of the time horizon into time periods, each one having a fi-
nite number of time slots with the same TOU cost. If several con-
secutive time slots have the same cost, these slots can be aggre-
gated and encoded by the same decision variable, thus lowering
the overall number of decision variables in the formulation. Cheng
et al. showed that the second formulation always outperforms the
first one, according to the computational experiments carried out
on instances based on TOU prices recorded in Australia, Canada,
China, and France. Cheng et al. (2016b)’s work stands out as one of
the few efforts in single-machine versions of the BJSTP with batch
scheduling, as it considers a single objective, differently from most
of the other studies in TOU scheduling with parallel batch pro-
cessing. In the remainder of the paper, we refer to a formulation
that exploits a partitioning of the time horizon into time slots, e.g.,
Cheng et al.’s first formulation, as a time-slot-indexed formulation.
On the contrary, we call it a time-period-indexed formulation if it
considers the time horizon as a partition into time periods, e.g.,
Cheng et al.’s second formulation.

3.1.4. Versions of the BJSTP with “on/off” switching

A particular niche of the literature considers also the possibil-
ity of switching the machines on and off. Within such a setting, a
machine can be in one of these three states: (a) “processing”, (b)
“idle”, or (c) “shutdown”. A machine in the state (b) requires en-
ergy despite not processing any job but is ready to start processing
a job at any time. A machine in the state (c) is instead shut down,
i.e., it is “off”. Its energy consumption is zero, but it cannot pro-
cess any job without first transitioning into the state (a). However,
in order to do so, a machine requires a certain amount of time and
energy, which depends on the considered scheduling model. Here-
inafter, we give a brief overview of the versions of the BJSTP that
involve machines endowed with “on/off” switching capabilities.
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The main results in the literature on versions of the BJSTP
with “on/off” switching are due to Shrouf et al. (2014) and
Aghelinejad et al. (2016). Shrouf et al. (2014) first introduced the
1|on/off|TEC and provided both a MILP formulation to exactly solve
it and a metaheuristic (namely a GA) to approximate its opti-
mal solution. Their industry-oriented model was a milestone for
the formalization of the “on/off” switching mechanism in TOU
scheduling. Aghelinejad et al. (2016) built upon Shrouf et al.’s re-
sults, by providing an improved MILP formulation for the prob-
lem (Aghelinejad et al., 2016), improved lower bounds (Aghelinejad
et al., 2019a), and primal heuristics (Aghelinejad et al., 2018b).
Aghelinejad et al. (2017) also considered the preemptive version
of the 1|on/off, prmp|TEC and developed a dynamic programming
solution algorithm for it based on the idea of representing the
problem by using a directed graph with K different levels, one for
each time slot t, 1 <t < K. Each level consists of different nodes
in the graph, and each node represents a different possible usage
for the available machine during the related time slot, e.g., idle
or processing. Nodes are connected by edges whose weight con-
sists of the cost of that transition, e.g., the cost due to switching
on a machine. This idea enables transforming the original schedul-
ing problem into a shortest path problem that can be solved in
0(K3) with dynamic programming. In subsequent works, the au-
thors introduced the assumption of a fixed processing sequence
for the jobs on the machine, thus inducing a total ordering on the
start times (Aghelinejad et al., 2019a). Specifically, denoting a fixed
processing sequence of jobs as seq, Aghelinejad et al. (2019a) de-
veloped an O(K3) algorithm for the 1|on/off, seq, q;|TEC by adapt-
ing the idea at the core of the dynamic programming algorithm
used for the 1|on/off, prmp|TEC discussed in Aghelinejad et al.
(2017). In Aghelinejad et al. (2018a), the authors further extended
their work, by considering the power demands of the jobs in
a speed-scalable version of the problem. Specifically, Aghelinejad
et al. considered the 1|on/off, speed, seq, q;|TEC, and they again
adapted the optimal polynomial-time dynamic programming algo-
rithm proposed in Aghelinejad et al. (2017) to obtain a pseudo-
polynomial time optimal algorithm that is able to solve the prob-
lem also in the presence of a machine with variable speed. Such an
algorithm is characterized by an O(K2V (K +V)) worst-case com-
plexity, where V is the number of distinct processing speeds of
the machine. It is noteworthy to observe that the assumption of
a fixed ordering sequence enables some versions of the BJSTP, such
as the 1|on/off, seq, q;|TEC and the 1|on/off, speed, seq, q;|TEC, to
be solved to optimality in polynomial (Aghelinejad et al., 2019a;
2019b) or pseudo-polynomial (Aghelinejad et al., 2018a) time.

3.2. Multiple-machine versions of the BJSTP

Some versions of the BJSTP consider not just a single machine,
but rather a set # = {1, 2,..., M} of M machines (Anghinolfi et al.,
2021; Ding et al, 2016). In these versions, each job j e 7 has to
be scheduled in a subset 7; € 7 on a machine h; € # in order to
minimize the total energy consumption. For each pair of distinct
jobs j,j" € 7, it is assumed that 7;n7; =¢ only if j and j’ are
scheduled on the same machine h; = h;.

A solution for TOU scheduling problems with multiple ma-
chines can be generalized from (1) as follows. We define a job-
machine-time slot assignment as a triplet (j, h;, 7;) such that j is a
job in 7, h; is a machine in #, and 7; is a non-empty subset of p;
time slots in 7 during which job j is processed on the machine h;.
Then, we define a schedule S on multiple machines as

S={(,hj,T})):T;€T.hjeH.VjeJT,
and 7;‘/ 077// =0 V j/,j” S j,j’ #j,,,hj/ :hj”}- (8)

Each machine h € H is usually associated with a positive energy
consumption rate u,. The energy consumption rate affects the
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energy cost of the scheduled jobs. In particular, if job je J is
scheduled in the time slots in 7; on machine h; € #, the cost
associated with the processing of the job j is Up, ZkeTj k- Conse-
quently, we can generalize the TEC of a parallel machines schedule
as

E(S) =) uy Y c.

jeg te7j

Observe that in the case # ={1} and u; =1, then (8) and
(9) reduce to (1) and (2), respectively.

In the remainder of the section, we provide a taxonomy of the
literature on the versions of the BJSTP that involve multiple ma-
chines. In Section 3.2.1, we discuss the versions of the BJSTP char-
acterized by unrelated parallel machines. In these versions, the con-
sidered machines may process jobs at a different speed. Each job
Jj € J is characterized by processing time p;j,, which depends on
the considered machine h € H (see Pinedo, 2016 for a comprehen-
sive review of multiple-machine environments in classical schedul-
ing). In Section 3.2.2, we focus on versions of the BJSTP charac-
terized by having identical parallel machines. These problems are a
special case of unrelated parallel machines versions of the BJSTP, in
which each job has the same processing time on each machine, i.e.,
for each j e J, pj = pj i holds for each h, h" € #. In Section 3.2.3,
we consider flow shop versions of the BJSTP, i.e., versions character-
ized by the presence of two or more machines, in which each job
must be processed by every machine in the order determined by
the sequence. Finally, in Section 3.2.4 we present job shop versions
of the BJSTP. In such problems, each job has to follow a specific
route through the machines in the job shop.

(9)

3.2.1. Unrelated parallel machines

One of the earliest works in TOU scheduling with multiple ma-
chines was proposed by Moon et al. (2013), inspired by the prac-
tical problems of South Korean electricity industries. The prob-
lem requires finding a schedule for a set of independent jobs on
unrelated parallel machines that minimizes the weighted sum of
the makespan with the TEC, i.e., Rm||GCmax + TEC, G > 0. The time
horizon is partitioned into a set of time slots as in Fig. 6, and
the constant G, given as a part of the problem data, represents
a penalty cost, such as employee overtime (Moon et al., 2013).
This objective captures the performance requirements of an effec-
tive production schedule, without neglecting the energy efficiency
of the process. Moon et al. proposed a MILP formulation to solve
the problem exactly. Unfortunately, this formulation proved to be
of little avail in practice due to its inability to solve even small
instances of the problem. Hence, the authors suggested the use of
metaheuristics (namely a GA) to approximate the optimal solutions
to real instances of the problem.

Moon et al’s work inspired further research on the topic in
the subsequent years. For example, Cheng et al. (2019) extended
Moon et al.’s MILP formulation by introducing a set of strengthen-
ing valid inequalities able to shorten its solution times up to 51.23%
in the same computing environment. Kurniawan et al. (2020a) pur-
sued the search for an effective metaheuristic algorithm for the
problem, by proposing a GA that builds upon Moon et al’s de-
sign. In (Kurniawan et al., 2017), the authors focused instead on
the Rm|s; € R, |GCmax + TEC, G > 0, i.e,, a slightly different version
of Moon et al.’s problem characterized by non-integral start times.
Kurniawan et al. presented a MILP formulation to solve this prob-
lem exactly, by adding a new set of decision variables to Moon
et al’s formulation to handle the non-integral (i.e., continuous)
start times. The authors also developed a metaheuristic for the
problem (namely a GA) that proved able to solve the test instances
by never exceeding an 8% optimality gap.

Ding et al. (2016) considered a version of the BJSTP that only
requires the minimization of the TEC for a set of jobs character-
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ized by machine-dependent power consumptions, i.e., the Rm|s; e
Ry, q;,|TEC, with a time horizon partitioned into time periods as
in Fig. 6(c). The authors showed the NP-hardness of the problem
and proposed a time-slot-indexed MILP formulation that builds
upon Moon et al. (2013)’s work. In more detail, Ding et al. (2016)’s
formulation employs specific decision variables and constraints to
handle jobs that are processed across different time periods. Such
variables also allow the formulation to keep track of the amount
of processing performed by jobs during each time period. Further-
more, the authors developed an exact algorithm that exploits a
column generation heuristic built on a Dantzig-Wolfe decompo-
sition of the problem based on the following observation: when
each job is assigned to some of the M machines, then the origi-
nal problem reduces to the M independent problems of sequenc-
ing the jobs assigned to the machines. Ding et al. exploited this
intuition to decompose the problem into a master problem and M
(independent) subproblems, each one corresponding to a different
machine. The authors conducted an experimental campaign that
highlighted that the column generation heuristic enabled an im-
provement of up to two orders of magnitude in the computational
times with respect to the ones achieved by only using the MILP
formulation.

Cheng et al. (2018) considered the same problem and improved
the MILP formulation proposed by Ding et al. by using fewer deci-
sion variables. Cheng et al. achieved this result by replacing the bi-
nary variables used by Ding et al. to express the end times of jobs
in the time periods with a set of binary variables that simply spec-
ify whether a job is processed by some machine. Despite the ad-
ditional constraints required by the introduction of these variables,
this reformulation allowed the authors to achieve higher computa-
tional efficiency than Ding et al.’s formulation.

Che et al. (2017) focused on a version of the BJSTP that is very
similar to the one proposed by Ding et al. and Cheng et al, i.e,,
the Rm|s; e R¢|TEC. In fact, such a version of the BJSTP requires
the minimization of the TEC on unrelated parallel machines as in
Ding et al. (2016) and (Cheng et al., 2018), but it also allows the
start times of jobs to be non-integral, by considering a time hori-
zon as in Fig. 6(c). The authors proposed a first MILP formulation
and then showed some characterizing properties. Specifically, the
authors provided a further formulation that solves the preemp-
tion version of the problem and showed the existence of an algo-
rithm that converts an optimal preemptive solution obtained with
such a formulation into an optimal non-preemptive one. This re-
sult allowed Che et al. to prove the redundancy of two families
of constraints in the non-preemptive formulation. Finally, the au-
thors disregarded such constraints and claimed that the result-
ing formulation is more compact than the one proposed by Ding
et al,, due to the lower number of decision variables and con-
straints. Che et al. also developed a two-step heuristic that first
preemptively assigns the jobs to the machines to minimize the
TEC, and secondly modifies all the job assignments that violate
the non-preemption constraint. The authors reported very low op-
timality gaps (less than 2%) for the two-step heuristic with re-
spect to the MILP formulation. Saberi-Aliabad et al. (2020) im-
proved Che et al.’s formulation by introducing an upper bound on
the maximum number of time periods that can be used to process
each job. The authors also introduced a strengthening inequality
that sets a subset of binary decision variables used to represent
the start times of jobs to zero. Saberi-Aliabad et al.’s formulation
achieved an average improvement in the computational times that
amounts to 43% and 34% on two state-of-the-art datasets of in-
stances based on Chinese and European TOU pricing schemes, re-
spectively. Saberi-Aliabad et al. were also able to solve a slightly
larger number of instances compared to Che et al..

Pei et al. (2021) were the first to consider the bi-objective ver-
sion of the BJSTP that requires the optimization of the makespan
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and the TEC on unrelated parallel machines, i.e., the Rm||Cnax, TEC.
First, Pei et al. formulated the problem as a mixed-integer
quadratic program that requires the optimization of a linear com-
bination of Cnax and TEC. Then, the authors provided a further for-
mulation by exploiting several lemmas, and then described a set of
ad-hoc cutting planes. The authors also described an approximate
algorithm based on such mathematical programming ideas, that
achieved an average 4% gap with respect to the optimal solutions
on the considered test instances. Recently, Rego et al. (2022) tack-
led the bi-objective problem Rm|s; e ]R+,s’j?|CmaX, TEC, by fitting in
a niche of the literature on unrelated parallel machine scheduling
that still did not consider sequence-dependent setup times. Rego
et al. proposed a bi-objective mathematical formulation and sub-
sequently transformed it into a single-objective one by expressing
the objective function as an affine combination of Cyax and TEC.
The authors embedded the latter formulation as the main compo-
nent of an exact weighted sum approach that samples the optimal
Pareto front by iterating over different values of the objective func-
tion parameters.

We conclude the section by mentioning Tan et al. (2019)’s work
which, to the best of our knowledge, is the only one dealing with a
version of the BJSTP that involves uniform parallel machines. Such a
processing environment consists of a special case of unrelated par-
allel machines when each job j € 7 is associated with a processing
time p;, each machine h € # is endowed with a processing speed
vp, and the time required for machine h to process job j is p;/vp.
The authors considered the problem of minimizing the TEC on a
set of uniform batch parallel machines, i.e., the Qm|batch(b)|TEC.
We can also view this version of the BJSTP as a particular case of
the problem proposed by Moon et al., ie., the Rm||GCnax + TEC,
G > 0, when the machines are uniform and parallel batch process-
ing and G = 0. Tan et al. proposed a MILP formulation for the prob-
lem and developed a Single-Population Genetic Algorithm (SPGA)
and a Multi-Population Genetic Algorithm (MPGA). Such two meta-
heuristics are GAs that employ a different way of enhancing and
preserving diversity in the population of solutions. The authors
compared the SPGA and the MPGA implementation with the MILP
formulation to evaluate their optimality gap, which never exceeded
10% on the considered test instances.

3.2.2. Identical parallel machines

Wang et al. (2018a) first introduced the Pm||Cnax, TEC, i.e., a
multi-objective version of the BJSTP on parallel identical machines,
in the literature on TOU scheduling. The authors developed a
heuristic to approximate the optimal solution to the problem, and
also presented a possible MILP formulation. Wang et al.’s heuris-
tic is based on the e-constraint paradigm for bi-objective opti-
mization (see Section 3.1 and Haimes et al., 1971). The heuristic
computes a set of non-dominated solutions by iterating over the
O(K — Cyip + 1) possible values for the makespan, where the ex-
pression for C;, is similar to the lower bound provided by Pinedo
(2016) for the optimization of the makespan on identical parallel
machines. At each iteration, for a given makespan value €, Wang
et al.’s heuristic computes a schedule that minimizes the TEC and
whose makespan does not exceed C. First, a constructive heuristic
considers the jobs according to the Longest Processing Time (LPT)
first order, which sorts jobs in non-increasing order of their pro-
cessing times. Then, it assigns each job to the set of adjacent slots
with the smallest cost that (i) have not been assigned to any other
job yet, and (ii) satisfy the constraint on C, i.e., none of the slots
is greater than C. If the constructive heuristic computed a feasi-
ble solution, then a local search tries to improve its TEC by shift-
ing blocks of assigned slots on each machine separately. Observe
that, due to its greedy approach, the constructive heuristic may
fail to find a feasible solution even though there exists one. Find-
ing such a feasible solution corresponds to the problem of deter-
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mining whether there exists a schedule for a set of jobs satisfy-
ing a maximum makespan constraint, which is an AP-complete
problem (Pinedo, 2016). The MILP formulation proposed by Wang
et al. adapts Che et al.’s time-period-indexed formulation to the
case of identical parallel machines. However, as subsequently high-
lighted by Anghinolfi et al. (2021), Wang et al.’s formulation some-
times allows machines to process two jobs at the same time, de-
spite being single-job processing. As a result, Wang et al.’s formu-
lation is not valid for each possible instance of the problem.

Anghinolfi et al. (2021) advanced on the combinatorics of the
Pm||Cnax, TEC by building upon Wang et al.’s results described in
the previous paragraph. Specifically, Anghinolfi et al. first proposed
a novel MILP formulation for the problem that overcomes the
drawbacks of Wang et al.’s formulation. Furthermore, the authors
proposed a heuristic based on the e-constraint paradigm (first dis-
cussed in Section 3.1.3), consisting of a constructive heuristic called
Split-greedy Heuristic and a novel local search named Exchange
Search. Split-greedy Heuristic considers the jobs according to the
LPT first order, similarly to Wang et al.s constructive heuristic.
However, at each iteration, it greedily assigns a job j € J to a sub-
set of idle slots Z C T that are either (i) consecutive, ie., |Z| = pj,
or (ii) non-consecutive, ie., |Z| > p;, provided that the resulting
preemptive schedule can be converted into a non-preemptive one
with the same makespan and TEC. This is the case of a set Z =
{ti.....ta} € T, n > pj, of non-consecutive idle slots on some ma-
chine such that all the slots in between, i.e., Vt' : t' ¢ Z,t; <t < tp,
are already assigned to other jobs. In this way, at the end of the it-
erations, a (possibly) preemptive schedule is converted into a non-
preemptive one with the same makespan and TEC. Split-greedy
Heuristic also enables to increase the quality of the computed so-
lutions with respect to Wang et al.’s by using larger neighborhoods
for the greedy choices. The purpose of Exchange Search is to im-
prove the TEC of the schedule computed by Split-Greedy Heuris-
tic. In particular, given a schedule S, Exchange Search iteratively
considers pairs of single-machine subschedules of S, and resched-
ules jobs from one subschedule to the other in order to locally im-
prove the TEC. If such a move is improving, then Exchange Search
updates S accordingly. Exchange Search stops iterating when no
further improvement in TEC is possible. A complete explanation
of Exchange Search requires several additional notions. We refer
the interested reader to Anghinolfi et al. (2021) and Ronco (2022).
Anghinolfi et al. experimentally showed that their heuristic scheme
outperformed Wang et al.’s heuristic on the original Wang et al.’s
test instances, as well as a further set of larger instances created
for additional testing.

Ronco (2022) provided a further improvement on the repre-
sentation of the solution space for the problem. Specifically, with
a little abuse of notation, we denote by P ={p;:je J} the set
of distinct processing times in J, and by J;={j:pj=d}.de
P, the subset of jobs in J with processing time equal to d.
Ronco proved that for each feasible solution S, there exist at least
other [[gep |74l ! —1 feasible solutions with the same makespan
and TEC of S. The proof is based on the observation that exchang-
ing the assignments of two jobs with the same processing time
in a schedule for the problem does not alter its makespan, nor
its TEC. In particular, while Anghinolfi et al.’s formulation used
the binary decision variables X;,;, j € J,h e #,t e T, where X;
equals 1 if job j starts at time slot t on machine h, and 0 other-
wise, Ronco’s formulation employed the binary decision variables
Yyne.-deP. heH, t €T, where Yy, equals 1 if a job with pro-
cessing time d starts at time slot t on machine h, and 0 otherwise.
Observe that while the former variables explicitly consider each
job, the latter implicitly distinguish jobs exclusively according to
their processing times. Ronco showed that there exists a valid for-
mulation for the problem expressed in terms of the Y, ; , variables.
From an experimental viewpoint, such a formulation reflected into
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a significantly lower computational burden both in terms of mem-
ory requirements and computational times on the considered test
instances (the same used by Anghinolfi et al.).

Zhou et al. (2018) expanded the problem considered by Wang
et al. and Anghinolfi et al. to a batch scheduling version of
the BJSTP with release times. Specifically, Zhou et al. consid-
ered the bi-objective problem of finding a schedule for a set
of jobs with release times on identical parallel batch machines
that simultaneously minimizes the makespan and the TEC, i.e,
Pm|batch(b), rj|Cmax. TEC. The authors proposed a multi-objective
discrete differential EA, adapted from the traditional design for
continuous domains. Qian et al. (2020) considered the simpler
problem Pm|batch(b)|Cnax, TEC, by disregarding the release times.
The authors developed a multi-objective EA that fully exploits a
clustering method able to extract information on the distribu-
tion of solutions in the search space. Differently, Rocholl et al.
(2020) considered the minimization of the total weighted tardiness
in place of the makespan, i.e,, the Pm|batch(b), r;| 3" ., w;T;, TEC,
and proposed a MILP formulation as well as heuristic approaches
for the general case of the problem. The authors also presented
several observations leading to a more compact formulation of a
special version of the problem where all the release times are
equal to zero.

3.2.3. Flow shops

Luo et al. (2013) focused on one of the first flow shop ver-
sions of the BJSTP. Specifically, the authors considered the prob-
lem of minimizing the makespan and the TEC in a flow shop, i.e.,
the FFc||Cmax, TEC. The authors proposed a multi-objective meta-
heuristic based on ACO (first discussed in Section 3.1.1) which
paved for all the subsequent applications of metaheuristics to flow
shop versions of the BJSTP. Inspired by Luo et al, Zhang et al.
(2019) focused on another flow shop version of the BJSTP that
requires the simultaneous optimization of the makespan and the
TEC for a set of independent jobs on machines endowed with
the “on/off” switching (first discussed in Section 3.1.4). Zhang
et al. proposed a MILP formulation that highlighted how a min-
imum makespan schedule for the problem can be achieved at
the expense of a 45% increase in the minimum TEC. Wang et al.
(2020b) further investigated Zhang et al.’s version of the BJSTP by
proposing a two-machine flexible flow shop, where the two ma-
chine stages consist of a set of parallel identical machines fol-
lowed by a batch machine. A flexible flow shop generalizes a flow
shop by considering one or more processing stages, and each job
has to be processed by one and only one machine in a stage be-
fore proceeding to the next one (Pinedo, 2016). Similarly to Zhang
et al., Wang et al. considered the “on/off” switching mechanism
as well as the makespan and the TEC as optimization objectives.
Zhang et al. also considered the FF2(Qm,Rm’)||TEC, m > m’, i.e.,
a two-machine flexible flow shop where the first and the second
stage consist of m uniform machines and m’ unrelated machines,
respectively, and the number of machines in the first stage is al-
ways greater than the one in the second stage, i.e.,, m > m’ (Zhang
et al., 2021). Finally, Chen et al. (2022) proposed a flexible flow
shop version of the BJSTP that considers ladder energy pricing
along with TOU energy prices. Ladder energy pricing, typically ap-
plied for energy-intensive industries to control carbon emissions,
adds to the existing pricing by further burdening the consumer
with a non-linear function of the energy costs (Dobbs, 2015). Chen
et al. proposed a specific implementation of NSGA II, endowed
with a heuristic for the generation of the initial population and a
problem-specific adaptive genetic operator to ensure diversity and
quality in the individuals.

Cheng et al. (2016c) proposed a simple MILP formulation for the
Fm|prmu|TEC, i.e., the problem of minimizing the TEC in a per-
mutation flow shop, i.e., a flow shop version of the BJSTP in which

1102

European Journal of Operational Research 308 (2023) 1091-1109

each machine processes jobs according to the First-In First-Out pol-
icy. This policy enforces the processing order to be the same as
the arrival order of the jobs in the processing queue. Similarly to
Cheng et al.,, Wang et al. (2018b) proposed a MILP formulation for
a two-machine permutation flow shop version of the BJSTP with
the usual objective of minimizing the TEC, i.e., the F2|prmu|TEC.
The authors developed a heuristic based on Johnson’s rule and
dynamic programming, and provided a polynomial-time algorithm
when the job sequence is fixed. Ho et al. (2021) extended Wang
et al.’s work by proposing a novel formulation and a heuristic for
the same problem. Recently, Ho et al. (2022) achieved further re-
sults on the problem, by adding the “on/off” switching mechanism
to the machines and proposing an exact algorithm based on MILP
and Benders decomposition. Instead, Wang et al. (2020a) described
a MILP formulation for a generalization of Cheng et al’s prob-
lem that also considers the makespan as an optimization objec-
tive. Similarly, Kurniawan & Fujimura (2020) considered a general
permutation flow shop version of the BJSTP that requires the min-
imization of the TEC and the total weighted tardiness, instead of
the makespan, ie., the Fm|prmu, w;| ;. ; w;T;, TEC. The authors
developed an implementation of the Strength Pareto-archived Evo-
lutionary Algorithm (SPEA) metaheuristic (Kim et al., 2004), which
improves upon the classical evolutionary design by periodically
archiving solutions. This strategy allows the preservation of indi-
viduals with high fitness values from further crossover or muta-
tion, while simultaneously increasing quality and diversity of the
population of solutions.

Badri et al. (2021) disregarded Cheng et al.’s permutation com-
ponent of the flow shop, but they added the minimization of the
sum of the total earliness and tardiness as a further objective,
i.e.,, the authors considered a version of the BJSTP that can be
represented as the Fm||TEC, }_;. 7 E; + T;. Badri et al. (2021) first
proposed a bi-objective MILP formulation for the problem. Then,
the authors claimed the existence of an equivalent single-objective
MILP formulation, and proposed a fuzzy multi-objective approach
to convert the proposed bi-objective formulation into a single-
objective one (Kannan et al., 2013). Finally, Aghelinejad et al. mod-
eled a two-machine flow shop scheduling version of the BJSTP
with the “on/off” switching mechanism, i.e., the F2|on/off|TEC,
through MILP (Aghelinejad et al., 2020a; 2020b), and Peng et al.
(2021) tackled Fm||TEC with a MILP formulation and a Particle
Swarm Optimization (PSO) metaheuristic (Gendreau & Potvin, 2010;
Kennedy & Eberhart, 1995). This algorithm, originally conceived
for non-linear optimization, can be used for combinatorial opti-
mization by employing appropriate problem encodings (Gendreau
& Potvin, 2010).

3.2.4. Job shops

In this subsection, we deal with the few job shop scheduling
studies in the literature on the versions of the BJSTP. Among these,
Kurniawan et al. (2020b) considered a bi-objective job shop ver-
sion of the BJSTP requiring to minimize the TEC and the total
weighted tardiness, ie., Jm|| ¥ ;. ; w;T;, TEC. The authors decom-
posed the problem into the subproblems of sequencing the differ-
ent operations on the machines and determining their start times.
They proposed a local search based on a genetic algorithm that
encodes the operations sequence and their start time into two dif-
ferent gene representations. Li et al. (2018) presented a MILP for-
mulation for a batch scheduling version of the BJSTP with the min-
imization of the makespan and TEC, i.e., Jm|batch(b)|Cmax, TEC.

Park & Ham (2022) proposed a flexible job shop with the sin-
gle objective GCpax + TEC, G > 0, originally introduced by Moon
et al. (see Section 3.2.1), and developed an IP formulation and a
constraint programming approach to achieve the two following re-
sults. First, they compared the two solution approaches and es-
tablished that constraint programming attains better performances
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than IP. Secondly, they performed a sensitivity analysis that com-
pared the solution computed by the constraint programming ap-
proach applied to the problem, i.e., Fjc||GCnax + TEC, G > 0, with
the ones obtained by only minimizing the makespan, i.e., by solv-
ing FJc||Cnax. Park & Ham showed that the optimization of the for-
mer objective, i.e., GCmax + TEC, G > 0, enables significant energy
cost savings, with respect to the energy-oblivious Cpnax Objective.
Jiang & Wang (2020) considered the flexible job shop version of
the BJSTP of simultaneously minimizing the makespan and TEC,
and presented both a MILP formulation and a hybrid evolutionary
algorithm. Such a metaheuristic employs specific operators to gen-
erate new solutions by exploiting information in their neighbor-
hoods, and it also embeds two different intensification operators
to further improve the quality of the best solutions in the popula-
tion.

Table 4 reports a compendium of the problems without an
exact solution algorithm that runs in polynomial or pseudo-
polynomial time, according to the machine environment and the
number of objective functions.

4. Non-standard versions of the BJSTP

In this section, we review versions of the BJSTP that do not fit
the above classification, due to the presence of specific objective
functions, structural features of the manufacturing system, or in-
dustrial scopes. In Section 4.1, we consider versions of the BJSTP
that do not obey the three-field notation, because of the presence
of costs related to overnight shifts or emission of particular pol-
lutants other than CO,. In Section 4.2, we report on versions of
the BJSTP that occur in manufacturing environments that have spe-
cific functions or maintenance requirements, such as planned shut-
downs or disruptive faults. Finally, in Section 4.3, we present some
practical case studies of TOU scheduling.

4.1. Versions of the BJSTP with non-standard objectives

The literature on the BJSTP reports on versions of the prob-
lem whose objectives may include specific measures related to rev-
enues and profits, or emissions. In the next subsections, we will
review both of these specific two classes.

4.1.1. Objectives including measures related to revenues and profits

In the context of revenues and profits, Penn & Raviv (2021) first
considered a non-preemptive single-machine version of the BJSTP
that requires selecting a set of the available jobs and finding a
schedule that maximizes the profit, expressed as the difference be-
tween the total revenue of the scheduled jobs and the TEC. Penn
& Raviv proved that the problem is strongly AP-hard by using
a reduction from the decision version of the bin packing problem
(Garey & Johnson, 1990). Subsequently, the authors also proved
that their problem can be solved in polynomial time if the non-
preemption constraint is relaxed, as it occurs in some of the prob-
lems presented in Section 3. Specifically, the authors observed that,
in an optimal solution to the problem, a time period is either com-
pletely used for processing or not used at all, with the possible
exception of one and only one period characterized by partial uti-
lization. This property enables the construction of an optimal so-
lution to the problem obtained by greedily sorting time periods in
non-decreasing order with respect to their cost.

Lee et al. (2017) observed that the timeliness of production con-
stitutes an indirect indicator of current and future income. This
fact led the authors to consider a version of the BJSTP character-
ized by having a single machine endowed with an “on/off” switch-
ing, jobs to be processed dynamically, and an objective consisting
of minimizing the sum of the TEC and the jJust-In-Time (JIT) cost
of the schedule. The JIT cost is expressed as a linear combination
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of the mean squared earliness and the tardiness of the jobs. The
authors proposed a heuristic solution algorithm for this problem
based on dynamic control and showed, through extensive compu-
tational experiments carried out on real-world instances, that con-
sidering the timeliness of production can decrease the energy con-
sumption costs from 63% to almost 100%.

4.1.2. Objectives including measures related to emissions

In the last decades, most European nations and many North
American states introduced sanctions that target the carbon con-
tent in greenhouse gases (Trevino-Martinez et al., 2022), in an ef-
fort of containing the amount of CO, in the atmosphere. In this
sense, preventing the use of non-renewables, or restraining it to
the best extent possible, has become a crucial aspect in manufac-
turing. Chen et al. (2019) addressed such concerns by developing
a MILP formulation for an order acceptance version of the BJSTP
that considers carbon emission costs besides TOU prices. In such
a version, each job is associated with a revenue. Order acceptance
scheduling requires to accept a subset of the available jobs as or-
ders to be scheduled, so as to maximize the total revenue. This
objective can be possibly combined with other productivity mea-
sures, e.g., the makespan or the total tardiness. In particular, the
objective of the version of the BJSTP proposed by Chen et al. also
considers both the TOU prices and the carbon emission costs. Chen
et al. were able to solve only small instances, i.e., characterized by
no more than 20 jobs, to optimality by using their model.

Zhang et al. (2014) considered a particular bi-objective flow
shop version of the BJSTP that involves the minimization of both
the TEC and the carbon emissions. Zhang et al. developed a MILP
formulation that extends Moon et al’s formulation (discussed in
Section 3.2.1) by introducing carbon emissions as a further objec-
tive function and handling the different product types in the flow
shop. The authors empirically showed, with some real-world tests,
that the solution provided by a commercial MILP solver enables
improvements in energy costs at the expense of minimal carbon
emissions. Their approach is able to compute the whole Pareto op-
timal front for a day of operational service, to offer a comprehen-
sive view of the trade-off between productivity and environmental
measures. For instance, the authors showed that an improvement
of 6.9% in TEC corresponds to very low carbon emissions in prac-
tice.

Gong et al. (2016) considered the problem of scheduling a set
of manufacturing tasks with due dates on a single machine with
an “on/off” switching mechanism, to minimize the linear combi-
nation of the TEC with the affine combination of the costs due to
the “on/off” switching of the machine in the different work shifts.
Gong et al. first gave a MILP formulation for the version of the
BJSTP at hand. Then the authors developed a GA implementation
as a solution approach for the problem, which they tested on a
real-life case study involving a surface grinding machine and real-
life measurements of energy prices. The GA was able to achieve a
52% reduction on average in the maximum energy cost per hour,
along with a 19% saving in the average costs over the whole time
horizon.

More recently, Gong et al. (2019) proposed a flexible job shop
version of the BJSTP with job recirculation and operation sequence-
dependent setups, while considering the cost of work shifts and
machine working times as well. The problem requires the opti-
mization of five different objectives: the makespan, the TEC, the
total labor cost, the maximal workload, and the total machines’
workload. In particular, the total labor cost considers different
wages according to the time of the day for different personnel
types, while the maximal workload and the total workload con-
sist of the maximum working time among the machines and the
sum of such working times, respectively. The introduction of the
machine workload as a component of the objective aims to limit
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Table 4

Integer programming algorithms, approximation algorithms, heuristics and metaheuristics for different versions of the BJSTP.
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Class

Problem

Article

Solution approach

Single-objective single-machine
scheduling

Multi-objective single-machine
scheduling

Multi-objective parallel identical
machines

Uniform parallel machines
Single-objective unrelated parallel
machines

Multi-objective unrelated parallel
machines

Single-objective flow shops

Multi-objective flow shops

Single-objective job shops
Multi-objective job shops

1|prmp, wj| 3 ; wiC; + TEC

1]s; € R, |TEC

1]sj € Ry, q;|TEC

1]sj e Ry, q;|TEC
1|speed, s; e Ry, q;, w;|TEC

1|on/off|TEC
1|on/off|TEC
1|on/off|TEC
1|on/off|TEC
1|batch(b)|TEC
1|prmp|Cmax, TEC

1sj € Ry| X jcq w,T;, TEC
1|batch(b)|Cmax, TEC

1|batch(b), speed|Cmax, TEC
1|batch(b), rj|Cnax. TEC

Pm||Cmax, TEC

Pm|batch(b), r;|Cmax. TEC
Pm|batch(b)|Cmax, TEC

Pm|batch(b), rj| 3., w;Tj. TEC
Qm|batch(b)| TEC
Rmls; € R, |TEC

Rm|sj € Ry, q;,|TEC

Rm||GCax + TEC, G> 0

Rmls; € R, [GCrax + TEC, G > 0
Rm|prmp, s; € Ry |Cnax + TEC
Rm||Cmax. TEC

les}- e Ry, Sljlcmax» TEC
F2|prmu|TEC

F2|on/off|TEC

F2|on/off, prmu|TEC

Fm||TEC

Fm|prmu|TEC
FF2(Qm,Rm’)||TEC,m > m’
FFc||Cmax, TEC

Fm||TEC, Y s Ej +T;

Fm|prmu, w;| 3=, ; w;Tj, TEC
Fm|prmu|Cpax, TEC

FF2(Pm, batch(b))|on/off|Cnax, TEC

FFc|on/off|Cpax. TEC
FFc(Qm)|d;| 3, T, TEC
FFc||Cmax, TEC

FJc||GCmax + TEC, G > 0
Jm|| ey wiT;, TEC
Jm|batch(b)|Cnax. TEC
FJcl|Cmax, TEC

Chen et al. (2021)

Chen & Zhang (2019)
Che et al. (2016)
Zhang et al. (2018a)
Fang et al. (2016)

Shrouf et al. (2014)
Aghelinejad et al. (2016)
Aghelinejad et al. (2018b)
Aghelinejad et al. (2019a)
Cheng et al. (2016b)
Rubaiee & Yildirim (2019)

Kurniawan et al. (2018)
Cheng et al. (2014)
Cheng et al. (2016a)
Wau et al. (2021)

Zhang et al. (2018b)
Zhou et al. (2020)

Wang et al. (2018a)
Anghinolfi et al. (2021)
Ronco (2022)

Zhou et al. (2018)
Qian et al. (2020)

Rocholl et al. (2020)
Tan et al. (2019)
Che et al. (2017)

Saberi-Aliabad et al. (2020)
Ding et al. (2016)

Cheng et al. (2018)

Moon et al. (2013)

Cheng et al. (2019)
Kurniawan et al. (2020a)
Kurniawan et al. (2017)
Chen et al. (2021)

Pei et al. (2021)

Rego et al. (2022)

Wang et al. (2018b)

Ho et al. (2021)
Aghelinejad et al. (2020a)

Aghelinejad et al. (2020b)
Ho et al. (2022)

Peng et al. (2021)
Cheng et al. (2016¢)
Zhang et al. (2021)
Luo et al. (2013)
Badri et al. (2021)

Kurniawan & Fujimura (2020)

Wang et al. (2020a)
Wang et al. (2020b)

Zhang et al. (2019)

Ding et al. (2021)

Chen et al. (2022)

Park & Ham (2022)
Kurniawan et al. (2020b)
Li et al. (2018)

Jiang & Wang (2020)

PTAS

FPTAS (7 has at most 2 valleys)

MILP, Greedy insertion heuristic

MILP, Greedy insertion heuristic

> K (¢ / minger ¢ )?/@-D-approximation
algorithm, & > 0, when p; = w;/v and
qj= 1%, being v the processing speed
MILP, GA

MILP

MILP, Heuristic, GA

New lower bounds for MILP formulation
MILP

MILP, ACO-based algorithms

MILP, Hybrid GA with random insertion
MILP

MILP, exact e-constraint algorithm
MILP, Heuristics

MILP, Heuristics

MILP, Hybrid multi-objective
meta-heuristic algorithm

MILP, Heuristic, GA

MILP, "Split-greedy” heuristic, "Exchange
Search” local search

MILP, "Split-greedy” heuristic, "Exchange
Search” local search

MILP, Multi-objective differential EA
MILP, Multi-objective EA based on
adaptive clustering

MILP, NSGA 11 with embedded heuristics
MILP, SPGA, MPGA

MILP, Two-stage heuristic

MILP, fix-and-relax heuristic

MILP, Exact algorithm based on MILP
MILP

MILP, Hybrid GA

MILP

“Triple-chromosome” GA

MILP, GA

Exact algorithm based on IP

MILP, Approximation algorithm

MILP-based weighted sum method, GA
MILP, ILS

Heuristics

Two Mixed-Integer Programming
formulations

Linear Programming formulation
Exact MILP algorithm with Benders
decomposition

IP, PSO

MILP, GA

MILP, TS - Greedy insertion algorithm
ACO-based metaheuristic

MILP

SPEA-based metaheuristic

MILP

MILP, Constructive heuristic with local
search, TS, ACO

SPEA

MILP, Hybrid PSO

MILP, NSGA 11

IP, Constraint Programming

LS based on GA

MILP

MILP, Hybrid evolutionary algorithm
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Table 5
A compendium of non-standard objectives in versions of the BJSTP.
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Non-standard objective

Literature

Total profit

Just-in-time cost

Carbon emissions cost

Labor costs

Maximal and total workload of machines

Penn & Raviv (2021)

Lee et al. (2017)

Chen et al. (2019); Trevino-Martinez et al. (2022); Zhang et al. (2014)
Gong et al. (2019)

Gong et al. (2019)

the number of idle machines that burden the overall power con-
sumption without actively contributing to production. The authors
developed a metaheuristic approach (namely a GA) to solve this
problem, and observed that it was able to effectively scale to large
instances, up to a real-world application case based on a plastic
bottle manufacturer in Belgium.

Table 5 reports a summary of the non-standard objectives con-
sidered in this subsection as a part of versions of the BJSTP.

4.2. Versions of the BJSTP that include technological and maintenance
issues

Real-life versions of the BJSTP often include practical aspects
that may range from the technological characteristics of the ma-
chines to breakdowns and maintenance issues.

Wang (2020) first included some technological aspects in the
BJSTP, by considering a specific version of the problem in which
the TEC of a set of independent jobs with release dates and dead-
lines must be minimized on a single machine with a special re-
quirement for job processing. Specifically, such a machine has to
undergo a calibration phase to be capable of processing jobs for
some fixed interval. In the version of the BJSTP considered by
Wang, calibration cannot be performed more than a fixed num-
ber of times. By studying the combinatorics of this version, the
authors succeeded in showing that there is an optimal solution to
this problem that follows the Earliest Deadline First order, according
to which a job with a smaller deadline precedes any other job with
a larger deadline. As a result, the authors were able to provide the
first pseudo-polynomial time dynamic programming optimal algo-
rithm for the version of the BJSTP. Furthermore, the authors stud-
ied the same version of the BJSTP without calibration, to find out
that it admits a polynomial-time greedy optimal algorithm.

Dealing with machine maintenance constitutes a necessary con-
dition for successful, real-life production processes in the long
term. In fact, careful scheduling plans that consider machine re-
liability and maintenance services decrease the average downtime,
thus lessening its disruptive effects (Raza & Hameed, 2021). In this
context, Sin & Chung (2020) enhanced the study of Shrouf et al.
(2014) presented in Subsection 3.1 by considering the minimiza-
tion of the TEC and the machine availability for a schedule of a set
of independent jobs on a single machine endowed with an “on/off”
switching mechanism and preventive maintenance requirements.
Sin & Chung assumed a specific closed-form expression for the
probability distribution of having the machine functioning at any
given time and presented a MINLP formulation that, according to
the authors, is only suitable for small-scale instances. To solve large
instances of the problem, the authors also proposed a metaheuris-
tic based on GA, which they tested on a set of instances based on
Shrouf et al.’s dataset. Sin & Chung found out that this algorithm
is indeed able to solve larger instances than the exact approach
enabled by the MINLP formulation. In addition to this scaling ca-
pability, the accuracy of their algorithm was also higher than the
baseline GA implementation for the problem on most of the test
instances.

Cui et al. (2020) proposed a single-machine version of the
BJSTP with maintenance requirements and an objective consist-
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ing of minimizing both the makespan and the TEC. Cui et al. pro-
posed an algorithm that separately optimizes the makespan by a
means of a GA, and then minimizes the TEC by means of branch-
and-bound while satisfying maintenance constraints. The authors
performed an experimental analysis that highlighted how, on the
considered test instances, the proposed algorithm enables up to
35% improvement in TEC, at the expense of a slight increase in
makespan. In Cui & Lu (2021), the authors further extended their
algorithmic approach to a version of the BJSTP characterized by a
flow shop instead of a single machine.

Finally, Kong et al. (2021) considered a version of the BJSTP
that requires the minimization of the TEC on identical parallel
machines, subject to dynamic disruptions and deterioration ef-
fects. Kong et al. modeled the disruptions as new “arrival” jobs
to be rescheduled, alongside the “original” ones. The authors de-
veloped an ad-hoc implementation of the Variable Neighborhood
Search (VNS) metaheuristic (Gendreau & Potvin, 2010). The idea
at the core of VNS lies in adaptively changing solution neighbor-
hoods while transitioning between the intensification phase, i.e.,
the search for a local optimum, and the perturbation phase, i.e., the
attempt of the algorithm to escape the local optimum to possibly
find better solutions. Kong et al.’s implementation exploits three
different neighborhood structures. The first neighborhood consid-
ers the swaps between any two jobs scheduled on different ma-
chines; the second one evaluates the rescheduling of a job to an-
other part of the time horizon, possibly on another machine; fi-
nally, the third one considers the possible permutations of the as-
signments of a set of jobs scheduled on two different machines.
The ad-hoc VNS implementation was able to outperform the base-
line VNS as well as other state-of-the-art metaheuristic implemen-
tations on 309 out of the 360 considered test instances.

4.3. Applications cases

This subsection describes some successful efforts in modeling
industry applications as versions of the BJSTP. In this sense, the
literature offers valuable guidance to practitioners in taking advan-
tage of TOU pricing schemes to reduce energy expenses and pre-
serve production objectives at the same time.

Hadera et al. (2015) focused on the problem of computing a
one-day power-intensive schedule for a set of tasks performed by
a melt shop section of a stainless steel plant. Hadera et al. were
interested in minimizing both the TEC and the total weighted sum
of the start times of the tasks. In this BJSTP version, plant owners
can power their production by exploiting on-site generation, or
purchasing and selling electricity at any given time. The authors
tackled the problem by proposing a MILP formulation and a heuris-
tic that consists of two different steps. The first step only fixes the
values for the subset of variables related to sequencing. The second
step exploits the information provided by the previous level to
compute the actual solution by determining the start time of the
jobs. Such two steps are part of an iterative loop that progressively
adds integer cuts to reduce the solution space according to the
solutions computed at the previous iterations. The authors showed
that the joint optimization of the production and the TEC may
mitigate the effects of the fluctuation of the energy prices which
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often occurs throughout the day in real-life applications of TOU
schemes.

Cao et al. (2021) provided another example of iron-steel plant
scheduling optimization. Specifically, Cao et al. described the bi-
objective version of the BJSTP of simultaneously minimizing the
makespan and TEC for the flow shop production planning of an
iron-steel plant. In this version of the BJSTP, the TEC also depends
on both the self-generation electricity costs and the on-grid elec-
trovalence. The authors presented a multi-objective MILP formula-
tion inspired by the work of Ding et al. (see Section 3.2) as well as
a population-based metaheuristic to approximate the optimal solu-
tion to the problem. Such an algorithm exploits a hybrid crossover
operator that aims at finding a better balance between the preser-
vation and improvement of good solutions, and the discovery of
new promising ones in the search space. The use of this operator
enabled Cao et al.’s metaheuristic to achieve a significant reduc-
tion in the TEC and the makespan of the solutions computed for
the test instances in the experimental campaign.

Zhao et al. (2018) faced a multi-stage production problem of
a rolling process of steel within an electric grid that requires
minimizing the total production costs, given as the sum of the
costs of materials changeover, rolling facilities, and the TEC. Rolling
is a refinement process, where semi-finished products are sub-
ject to multiple transformation phases up to the final polish.
Zhao et al. first provided a Mixed-Integer Non-Linear Program-
ming (MINLP) formulation with generalized disjunctive program-
ming (Balas, 2018) constraints. Then the authors proposed a MILP
reformulation by linearizing the MINLP formulation and also intro-
duced a tighter lower bound for the objective. The authors showed
the effectiveness of their solution approach on a case study by
highlighting an average 25% improvement in TEC with respect to
an energy-oblivious approach to the same production problem.

Tan et al. (2017) modeled hot steel rolling as a job-shop batch
scheduling problem. Specifically, Tan et al. considered the mini-
mization of the TEC and the optimization of a production qual-
ity measure that penalizes jumps between adjacent slabs in the
rolling units. The authors developed a GA to compute a set of non-
dominated solutions and proposed a heuristic approach to select
the most favorable solution that lies on the Pareto front according
to some input preference parameters. The experimental results ob-
tained by the authors showed the robustness of the algorithm in
reducing energy expenses in many instances, with minimal jumps
across slabs in the same unit.

Yang et al. (2018) modeled a steel production process affected
by uncertainty, by considering stochastic metal elements concen-
tration in scrap steel charge within the production scheduling of
a scrap steel melt shop. Scrap steel is a partially recyclable re-
source, as it can be used by steel plants in re-melting processes.
Yang et al. proposed a robust optimization approach with two de-
terministic counterparts obtained by bounding the set of uncer-
tain parameters according to a variation range. The authors exper-
imentally validated the two deterministic solution approaches by
comparison with a two-stage optimization algorithm. Such an al-
gorithm first optimizes the overall charge according to steel de-
mand and then minimizes the TEC and setup costs for produc-
tion. Guirong & Qigiang (2017) also considered uncertain data
in scheduling, but as a part of the steelmaking-continuous cast-
ing production. The authors focused on the three-stage process
of steelmaking, refining, and continuous casting. The considered
problem consists of a special flow shop with special routes for
the involved materials. The authors tackled the problem with an
implementation of the cross-entropy optimization algorithm based
on Monte Carlo simulation (Deng, 2006). Such an algorithm can
be applied both to non-convex optimization problems with con-
vex bounded domains and to combinatorial optimization problems
by exploiting Markov Chains (Gagniuc, 2017). A detailed explana-
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tion of the cross-entropy optimization algorithm can be found in
Rubinstein (1999). The experimental results showed that Guirong
& Qigiang’s solution approach is able to compensate for the drop
in temperature of a load due to transportation between process-
ing stages, and to ensure high throughput at relatively low energy
costs.

Pan et al. (2019) considered a full steelmaking-refining-
continuous casting scheduling problem with TOU prices and elec-
trical load tracking. The latter is a technique used for energy-
intensive industries to improve the performance of the power grid
by exploiting the knowledge of previous load fluctuations. Pan
et al. introduced a MINLP formulation and proposed an improved
SPEA metaheuristic that exploits the arithmetic operator for so-
lutions crossover, and hybrid self-adaptive mutation operators for
solution mutation. Pan et al. (2022) enhanced both Guirong &
Qigiang (2017) and Pan et al. (2019) by addressing the integration
of multi-position refining furnaces in steelmaking-continuous cast-
ing scheduling. Instead of simply considering furnaces as buffers,
Pan et al. took in to account that they can be used to adjust
the temperature and the composition of the molten steel. The
authors developed a subgradient algorithm that exploits the La-
grangian relaxation of a MINLP model for the problem and an in-
terior point algorithm able to attain near-optimal solutions. Zhao
et al. (2017) also focused on a problem in steel production, but
they also considered the resulting detrimental effects on the envi-
ronment of the byproduct gases. Zhao et al. proposed a MILP for-
mulation for the problem whose objective is to minimize the sum
of the electricity purchasing costs and a penalty expressed in terms
of the different levels of byproduct gases emitted during the time
horizon considered for production. The authors achieved a 29.7%
reduction in electricity costs while reducing the amount of volume
of byproduct gases, by applying their MILP formulation to a real-
world case study.

Zeng et al. (2021) considered the problem of optimizing the
makespan and the TEC of the production of tissue paper mills,
which consists of a two-stage flexible flow shop. The first stage
prepares the base paper for the final refinement and packaging
performed by the second stage. Machines’ setup costs and trans-
portation costs of materials between the first and the second stage
are considered together with the usual processing costs. As a so-
lution approach, the authors proposed a hybrid evolutionary algo-
rithm, which they improved by adding a VNS as an enhancing local
search. The authors showed the effectiveness of their solution on
the case study of a tissue paper mill located in China.

Forghani et al. (2021) addressed the production scheduling of
slurry ball mills in the tile industry under preventive maintenance.
The objective of the production is the minimization of a linear
combination of the TEC and a measure of the deviation of the ac-
tual schedule from the ideal schedule in terms of maintenance re-
quirements. The authors proposed a solution algorithm that first
determines maintenance operations and then minimizes the TEC
by means of MILP. The experimental tests show promising results
with a small case study, which amount to a 73% reduction in peak
load and a 26% reduction in energy costs, on average, with respect
to an energy-oblivious production model. These preliminary re-
sults suggest that managers may avoid the considerable expense of
equipment upgrade (to reduce maintenance time and downtimes),
if they are able to properly model their manufacturing problem
within an energy-conscious framework, e.g., as a version of the
BJSTP.

Wang et al. (2016) considered a version of the BJSTP that
is relevant for the glass-ceramic industry. Specifically, Wang
et al. focused on the problem of scheduling glass ceramization
on a furnace that processes pallets of glass materials in batches
with the objective of minimizing both the makespan and the TEC.
The authors modeled such a scenario as a single-machine batch
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Table 6
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A compendium of real-life applications of versions of the BJSTP.

Application

Literature

Iron-steel plants

Rolling sector

Steel-making continuous casting
Environment-aware steel production
Mills

Glass manufacturing

Rubber tires

Cao et al. (2021)

Tan et al. (2017); Zhao et al. (2018)

Guirong & Qigiang (2017); Pan et al. (2019, 2022)
Yang et al. (2018); Zhao et al. (2017)

Forghani et al. (2021); Zeng et al. (2021)

Wang et al. (2016)

Guo et al. (2022)

scheduling version of the BJSTP, where the TEC is expressed in
terms of the different operational temperatures of the furnace.
Similarly to Wang et al. (2018b) and Anghinolfi et al. (2021) (see
Section 3), Wang et al. used an exact algorithm based on the
e-constraint paradigm to compute the optimal Pareto front. In
addition, the authors proposed two heuristics based on decom-
position to deal with large-scale instances of the problem. In
particular, the first heuristic deals with batch construction, while
the second one performs batch sequencing and determines the
operational temperatures of the furnace. The authors successfully
applied their heuristic to a manufacturing site in Shanghai, China,
for which they obtained up to 16.8% energy cost reduction, at the
expense of a 20.8% deterioration in makespan.

Finally, Guo et al. (2022) modeled rubber tire production as a
flexible job shop problem whose objective is the minimization of
the total production and energy costs. In particular, the authors fo-
cused on the banburying process, which converts raw rubber into a
strong material with elastic properties. The authors proposed a hy-
brid approach based on a GA and Petri nets. The nodes in the Petri
net model different states for energy usage, and simulation pro-
vides a measure of the operational time. The genetic component
of the solution approach handles the allocation of the resources
needed to complete the production plan.

Table 6 summarizes the different applications of TOU schedul-
ing discussed in this subsection.

5. Conclusions

In this article, we reviewed the most prominent literature on
energy-efficient job scheduling with TOU-based tariffs, whose the-
oretical and practical relevance has considerably increased in the
last few years. This specific class of scheduling problems is char-
acterized by a pricing scheme induced by TOU-based tariffs, that
drive customers’ demand to relieve the environmental impact of
peak energy generation. We have presented the motivation behind
the worldwide strive for sustainability and classified the flourish-
ing literature from a historical point of view while dealing with
the computational details of the involved solution approaches. Our
effort focused on providing researchers and practitioners with a
comprehensive view of the literature that may guide them toward
the most important theoretical advances and practical applications
in sustainable manufacturing. Toward this end, we proposed a tax-
onomy that encompasses and categorizes all the most significant
research outputs. The presentation of the taxonomy closely follows
the development of the literature, to provide a complete and con-
sistent framework for job scheduling with TOU-based tariffs as a
whole.

As concerns further developments in the field, we believe nec-
essary to devote further efforts to the study of the combinatorial
and polyhedral properties of the considered problems. Despite the
existence of many significant results for single-machine problems,
scheduling on multiple machines still mainly relies on heuristic or
metaheuristic algorithms. Extending the knowledge on the com-
binatorics of such problems would provide assistance in speeding
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up the existing heuristics, and uncovering characterizing polyhe-
dral properties would possibly enable the development of faster
approximation or exact algorithms. Such advancements would be
essential to tackle many application cases, where the involved real-
world scenarios require the application of efficient and scalable al-
gorithms. Finally, future research should also be focused on inves-
tigating the limitations of TOU-based tariffs in containing the en-
vironmental impact of scheduling and production as well as possi-
ble alternative pricing schemes that may prove competitive or even
more effective.
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