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a b s t r a c t 

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. 
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. Introduction 

The rise of worldwide energy consumption in the last decades, 

ogether with the consequent environmental pollution, has become 

 compelling matter for global demand-supply. The World Energy 

utlook 2019 reported 14,314 million tonnes of oil-equivalent 

emand from primary energy consumption, corresponding to 33.2 

igatonnes of CO 2 emission in the sole 2018 ( International Energy 

gency, 2019 ). The sectors related to manufacturing, agriculture, 

ining, and construction collectively consumed 54% of the world- 

ide energy demand in 2012 ( International Energy Agency, 2016 ). 

n 2018, the total energy consumption of the sole manufacturing 

ector amounted to 19.436 trillion British thermal units ( Energy 

nformation Administration (EIA), 2021 ), and the above sectors 

ltogether were forecast to grow at a rate of 1.2% per year until 

040 ( International Energy Agency, 2016 ). Rethinking the pro- 

uction processes under a sustainable lens, and simultaneously 

ostering environment-aware consumption practices in customers, 
∗ Corresponding author. 

E-mail addresses: daniele.catanzaro@uclouvain.be (D. Catanzaro), 

esenti@unive.it (R. Pesenti), roberto.ronco@edu.unige.it (R. Ronco) . 

t

h

s

p

t

ttps://doi.org/10.1016/j.ejor.2023.01.029 

377-2217/© 2023 Elsevier B.V. All rights reserved. 
ppears to be a necessary condition to invert this trend. One of the 

rst actions undertaken by energy suppliers consisted in trying to 

atten the demand peaks of power plants by devising strategies 

imed at reducing the high economic and environmental burdens 

elated to the generation of high energy loads in short periods of 

ime. These strategies mostly consist of pricing policies that stimu- 

ate a change in the consumption practices of customers ( Hu et al., 

018 ). One example of such policies is provided by the Time-of-Use 

TOU)-based tariffs, which spur electricity usage at off-peak hours 

hrough low prices while penalizing peak hours with higher prices. 

he identification of the optimal prices taking into account the 

nherent stochasticity of the demand can be carried out, e.g., by us- 

ng robust optimization approaches, such as those described in Hu 

t al. (2018) , or stochastic programming models, such as those 

iscussed in Nikzad & Samimi (2020) . Overall, TOU-based tariff

olicies proved successful so far to flatten the peaks of demand, 

y ensuring, at the same time, good service stability ( Chawla et al., 

017; Hu et al., 2018 ). How long these policies will prove effec- 

ive in containing a world-scale increase in energy consumption, 

owever, still remains hard to foresee. It is plausible that energy 

uppliers will rely more and more upon such policies to face 

ossible energy shortages or price fluctuations caused by interna- 
ional instabilities such as the current Russian-Ukrainian conflict 

https://doi.org/10.1016/j.ejor.2023.01.029
http://www.ScienceDirect.com
http://www.elsevier.com/locate/ejor
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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. 
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r Indo-Pacific tensions ( Pereira et al., 2022 ). On the other hand, 

he COVID-19 pandemic has dramatically changed the face of the 

lobal supply chain, prompting firms and enterprises to reshore 

n the last few years ( Karatzas et al., 2022 ). Energy-intensive in- 

ustries already have to handle the effect of increasing restrictions 

n carbon emissions as well as the geopolitical aftermath of the 

ussian-Ukrainian conflict on energy provisioning ( Lambert et al., 

022 ). The consequent changes in the related business models will 

tress the capabilities of the energy pricing schemes to adapt to 

he novel demand-supply dynamics in the near future. 

In the context of manufacturing, a natural reaction to TOU- 

ased tariffs consists in rescheduling the production processes 

uring periods characterized by low energy supply costs. Job 

cheduling under TOU-based tariffs (or TOU scheduling for short) 

s similar to classical job scheduling problems: the processing or- 

er of a given set of jobs must be identified and carried out on 

ne or more machines ( Pinedo, 2016 ). Moreover, the processing of 

he jobs must comply with time requirements (e.g., a due date or 

 common deadline Pinedo, 2016 ). However, the presence of TOU- 

ased tariffs induces an implicit partitioning of the time horizon of 

he production into a set of time slots, each associated with a non- 

egative cost called TOU costs ( Chen & Zhang, 2019 ) or TOU prices

 Ding et al., 2016 ). This partitioning is usually referred to as the

OU pricing scheme ( Che et al., 2017; Ding et al., 2016; Soares et al.,

021 ), whereas the sum of the TOU costs of the time slots used for

rocessing in the considered time horizon is referred to as the To- 

al Energy Cost (TEC). Generally, the TEC is the objective of a TOU 

cheduling problem. In the context of multi-objective optimization 

roblems, the TEC may add to other classical objectives in schedul- 

ng, such as the makespan or the total weighted tardiness ( Pinedo, 

016 ). Figure 1 shows an example of a typical hourly variation of 

OU costs in response to the off-peak, mid-peak, and on-peak pe- 

iods of energy demand throughout the day. 

The literature on sustainable manufacturing offers several re- 

ent surveys on energy-efficient scheduling, each one providing a 

pecific perspective on the topic. For instance, Gao et al. (2020) and 

erbrack et al. (2021) independently focused on production plan- 

ing for intelligent systems, by proposing a general classifica- 

ion of the most important problems in sustainable manufacturing 

nd the corresponding solution approaches. Similarly, Gahm et al. 

2016) studied the impact of energy-aware practices in sustain- 

ble production, by proposing a classification of energy-efficient 

ob scheduling based on energetic coverage, energy supply, and en- 

rgy demand. Para et al. (2022) delved into energy-efficient job 

hop scheduling problems by developing a comprehensive sur- 

ey specifically focused on metaheuristics as solution approaches. 
1092 
lvarez-Meaza et al. (2021) also considered a vast number of re- 

earch articles on green scheduling, with the intent of outlining 

he most promising and compelling research directions for the sci- 

ntific community. Choudhury et al. (2020) focused on the tech- 

ological aspects of manufacturing, by analyzing the service sup- 

ly chain and its environmental-related concerns. Despeisse et al. 

2012) proposed a conceptual framework to model single factory 

nits as ecosystems aimed at enabling sustainable performance 

mprovements while limiting environmental pollution and unre- 

trained exploitation of natural resources. Giret et al. (2015) re- 

iewed energy-efficiency operations scheduling by exploring the 

onditions for its sustainability. The authors distinguished between 

pproaches based on the input data (e.g., as machines, jobs, and 

cheduling horizon), approaches based on the environmental out- 

ut (e.g., pollution, waste), and approaches based on mixed objec- 

ives. Renna & Materi (2021) also analyzed energy-efficient manu- 

acturing systems from the point of view of sustainability. The au- 

hors intended to review the integration of renewable sources in 

anufacturing systems to promote further research in this direc- 

ion. Cai et al. (2022) pursued the same goal, but they tackled the 

iscussion of the topic by specifically focusing on four technologi- 

al processes that enable sustainable manufacturing: energy mon- 

toring, evaluation, optimization, and benchmarking. Finally, Yusuf 

t al. (2021) proposed a review of energy minimization strategies 

or tools in manufacturing processes. None of the above surveys, 

owever, comprehensively discusses the models, methods, and 

lgorithms for job scheduling under TOU-based energy tariffs pre- 

ented in the literature. In this article, we close this gap, by provid- 

ng researchers and practitioners with (i) a framework that sum- 

arizes the most important theoretical results and practical appli- 

ations on the topic, and (ii) a guide that may direct new research 

ffort s toward unexplored directions in TOU scheduling for sustain- 

ble manufacturing. In Section 2 , we will introduce some notation 

nd definitions aimed at both stating the general TOU scheduling 

aradigm and describing the characterizing features of the differ- 

nt versions of the problem that occur in the literature. We will 

resent a possible classification of these versions in Section 3 , by 

iscussing the theoretical and technological motivations at their 

ore as well as the respective approaches proposed to solve them. 

e will devote Section 4 to a subset of specific versions of TOU 

cheduling that cannot be framed in a standard taxonomy, and that 

ay either guide toward novel research branches or be potentially 

nspiring in the context of industrial applications. In Section 5 , we 

ill draw some conclusions, by highlighting the limits of current 

pproaches and providing future research directions. 

. Notation and problem statement 

In this section, we formalize the job scheduling problem in 

resence of TOU-based energy tariffs. To this end, we first need 

o introduce some notation and definitions that will prove useful 

n the remainder of the article. 

Given two positive integers N and K, we denote J = 

 1 , 2 , . . . , N} and T = { 1 , 2 , . . . , K} as a set of N jobs to be processed

n a single-job processing machine and a set of K consecutive time 

lots constituting the time horizon of the production, respectively. 

e denote p j as a positive integer encoding the processing time of 

he job j ∈ J , i.e., the number of time slots required to process j

n the given machine. Similarly, we denote c t ∈ N as the TOU cost 

ssociated with the time slot t ∈ T . For the sake of conciseness, we

enote { c t } as the set of the time slots costs c t , for t ∈ T . 
As in Fang et al. (2016) , we say that { c t } is pyramidal if there

s some t ′ ∈ T such that c 1 < c 2 < . . . < c t ′ −1 < c t ′ > c t ′ +1 > . . . >

 K−1 > c K . Moreover, we say that { c t } is non-decreasing (respec-

ively, non-increasing ) if c t ≤ c t ′ (respectively, c t ≥ c t ′ ) for all t , t ′ ∈
 , t < t ′ . 
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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. 
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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 c t = { 1 , 5 , 2 , 3 , 9 , 4 , 8 , 13 , 7 , 6 } . The deadline D here is assumed to be equal to 
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We define a job-time slot assignment as a pair ( j, T j ) such that

j is a job in J , and T j is a non-empty subset of p j time slots in

 during which j is processed. We define a schedule S as a set of 

ob-time slot assignments satisfying the following two conditions: 

i) exactly one pair ( j, T j ) exists for each j ∈ J and (ii) for any pair

f distinct jobs j ′ , j ′′ ∈ J , the intersection T j ′ ∩ T j ′′ is empty, i.e., 

 = { ( j, T j ) : ∅ 	 = T j ⊆ T , ∀ j ∈ J , and T j ′ ∩ T j ′′ = ∅ ∀ j ′ , j ′′ ∈ J , j ′ 	 = j ′′ } . (1) 

 schedule S is preemptive if, for some job j ∈ J , T j contains p j 
on-consecutive slots, and non-preemptive otherwise. For example, 

ig. 2 shows three possible schedules for a job j characterized by a 

rocessing time p j = 3 over a time horizon of 5 slots. The schedule

hown in Fig. 2 (a) is non-preemptive as job j is processed consec- 

tively in 3 time slots. The schedule shown in Fig. 2 (c) is instead

reemptive, as job j is not processed consecutively in a number of 

ime slots equal to p j . 

We denote S as the set of the possible schedules of the jobs 

n J over the time horizon T , and we define the Total Energy Cost

TEC) of a schedule S ∈ S as 

(S) = 

∑ 

j∈J 

∑ 

t∈T j 
c t , (2) 

.e., as the sum of the TOU costs associated with the job-time slot 

ssignments in S. Similarly, we refer to the overall amount of time 

ecessary to process the jobs in J as the makespan C max of S, and

e define it as 

 max (S) = max 
t∈ ⋃ 

j∈J T j 
t. (3) 

oreover, the deadline of a schedule S is a positive integer D that 

epresents the time by which all jobs must be completed. Hence, 

he makespan of S must not exceed D , i.e., C max (S) ≤ D . Then, given

he above notation and definitions, the basic version of the job 

cheduling problem in presence of TOU-based tariffs reads as fol- 

ows: 

he Basic Job Scheduling with TOU tariffs Problem 

BJSTP) . Given a set of jobs J , a set of processing times { p j }
ssociated with the jobs in J , a time horizon T , a set of TOU costs

 c t } associated with the time slots in T , and a deadline D , find

 non-preemptive schedule S ∈ S that minimizes the total energy 

ost (2) and whose makespan (3) is less than or equal to the given

eadline, i.e., 

in 

S∈S 
E(S) (4) 

.t. C max (S) ≤ D. (5) 

For example, consider again the three alternative schedules 

hown in Fig. 2 . Then, the schedule shown in Fig. 2 (a) encodes a
1093 
easible solution to the BJSTP. In contrast, the schedule shown in 

ig. 2 (b) is infeasible, as part of job j is processed after the dead-

ine. Similarly, the schedule shown in Fig. 2 (c) is infeasible as well 

ecause it is preemptive, even if it satisfies the deadline. 

Figure 3 shows an example of a possible schedule for an in- 

tance of the BJSTP having three jobs { i, j, k } with processing

imes { 3 , 2 , 1 } , a time horizon of 10 time slots, TOU costs c t =
 1 , 5 , 2 , 3 , 9 , 4 , 8 , 13 , 7 , 6 } , and deadline D = 10 . This schedule has

 TEC equal to 41 and a makespan of 10. Observe that if job i , j,

nd k were moved to slots { 2 , 3 , 4 } , { 6 , 7 } and { 1 } , respectively, the

esulting schedule would achieve a makespan equal to 7 and a TEC 

qual to 23, which is provably minimum. 

We conclude this section by observing that the literature on 

he BJSTP often assumes an identical power consumption profile 

or all jobs whenever a specific job-per-job profile is unavailable. 

he time slot costs, therefore, are often expressed in terms of cur- 

encies (e.g., dollars Anghinolfi et al., 2021; Chen et al., 2021; Wang 

t al., 2018a ). When the job consumption profiles are instead avail- 

ble, the time slot costs are expressed as currency over power (e.g., 

ollar over Kilowatt-hour), as in Fig. 1 (see also Aghelinejad et al., 

018a; Fang et al., 2016 ). In such a case, the considered time hori- 

on T spans over a day, and a time slot t ∈ T consists of an hour. 

. A classification of the literature on the BJSTP 

In this section, we present a possible taxonomy of the different 

ersions of the BJSTP that occur in the literature on TOU schedul- 

ng. Figures 4 and 5 provide a graphical representation of this tax- 

nomy and may assist the reader in understanding the relation- 

hips and the conceptual dependencies among these versions. 

Throughout the article, we will make use of Graham et al. 

1977) ’s three-field notation, or α| β| γ notation for short, which 

s commonly used in job scheduling to describe the problems at 

and in a compact and easy-to-read form. The α 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. 
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zes the processing environment. For example, α takes value 1 in 

he case of a single machine, whereas α is denoted as P m in the

ase of m parallel and identical machines (where P stands for par- 

llel and identical, and m accounts for the number of considered 

achines). The β field specifies the constraints and the processing 

estrictions, such as jobs preemption or release dates, hereafter de- 

oted as prmp and r j , respectively. Finally, the γ field refers to the 

ptimization objectives, such as the minimization of the makespan 

r the TEC. For instance, the BJSTP can be represented by em- 

loying the three-field notation as 1 || T EC, since it only involves 

 single machine, and requires finding a non-preemptive schedule 

hat minimizes the TEC. We refer the reader interested in a more 

n-depth discussion on the three-field notation to Pinedo (2016) ’s 

lassical book. Here, we just summarize the possible values that 

he three fields may take in Table 1 . We also discuss the develop-

ent of the BJSTP for single and multiple-machine environments 
1094 
eparately, because most of the properties for single-machine prob- 

ems are very hard to generalize to the case of multiple machines. 

n fact, only a few results in single-machine versions of the BJSTP 

irectly translate into insights and results for the multiple-machine 

ersions. Finally, when referring to algorithms, we will use the 

cronyms listed in Table 2 , and we will assume (unless specified 

therwise) that the machines are single-job processing. 

.1. Single-machine versions of the BJSTP 

The earliest work dealing with a single-machine version of 

he BJSTP has been proposed by Wan & Qi (2010) . The authors 

onsidered several versions of the BJSTP differing from one an- 

ther for the type of objective function considered, including (i) 

he total flow time (i.e., the 1 || ∑ 

j∈J C j + T EC 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. 
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s

 || L max + T EC); (iii) the maximum tardiness (i.e., the 1 || T max + T EC);

iv) the weighted number of tardy jobs (i.e., the 1 || ∑ 

j∈J w j U j +
 EC); and (v) the total tardiness (i.e., the 1 || ∑ 

j∈J T j + T EC). The

uthors proved the strong N P -hardness of all of these versions by 

sing a reduction from the 3-Partition Problem ( Garey & Johnson, 

990 ). This reduction technique, which often recurs in the litera- 
1095 
ure, has inspired complexity results for other versions of the BJSTP 

iscussed later in this section, such as those considered by Fang 

t 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 

olved 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 

α field 1 single machine 

Pm m parallel identical machines 

Qm m parallel machines with different speeds 

Rm m unrelated parallel machines) 

F m flow shop on m machines 

Jm job shop on m machines 

F F c flexible flow shop on c machines 

F Jc flexible job shop on c machines 

β field r j release dates 

d j due dates 

w j weights 

prmp preemption 

batch( b ) parallel batch processing 

prmu permutation 

q j jobs power demands 

q j,h machine-dependent jobs power demands 

seq fixed jobs processing sequence (on a single machine) 

s j ∈ R + non-negative real start times 

s k 
j 

sequence-dependent setup times 

on/off machines regulation via “on/off” switching mechanism 

γ field C max makespan 

L max maximum lateness 

T max maximum tardiness ∑ 

w j C j total weighted completion time ∑ 

w j T j total weighted tardiness ∑ 

w j U j 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 
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t

em data. For example, in the case of the 1 || ∑ 

j∈J C j + T EC, the

uthors observed that if the time slot costs { c t } are non-increasing

ver time, then there exists at least an optimal solution (sched- 

le) to the problem such that the set of jobs J obeys to the so-

alled Shortest Processing Time (SPT) first order, i.e., a schedule in 

hich the jobs are sorted such that the processing time of job 

j ∈ J precedes the one of job j ′ ∈ J \ { j} whenever p j < p j ′ . Wan

 Qi (2010) showed that this optimal solution can be computed 

n O (K 

2 ) via dynamic programming. The main idea at the core of 

he algorithm can be summarized as follows: first, sort the jobs 

ccording to the SPT rule; subsequently, given the first n jobs in 

he sorted job sequence, n ≤ N, denote by f n,k the total cost of the

chedule obtained when the completion time of the n th job is no 

reater than k . Observe that the n th job can be completed either at

ime slot k or before it. Hence, the optimal schedule of the sorted 

obs can be obtained by recursively computing the following ex- 

ression 

f n,k = min 

{
k + 

k ∑ 

i = k −p n +1 

c i + f n −1 ,k −p n , f n,k −1 

}
∀ n ∈ J \ { 1 } , k ∈ T , 

(6) 
p  

1096 
here the first argument of the min {·} function is the cost paid 

hen the n th job ends at the time slot k , while the second argu-

ent is the cost paid when n th job ends before the time slot k .

he initial condition for (6) is given by 

f 1 ,k = min 

p 1 ≤l≤k 

{
l + 

l ∑ 

i = l−p 1 +1 

c i 

}
, k = p 1 , p 1 + 1 , . . . , K, (7) 

here p 1 is the processing time of the first job in the se- 

uence, i.e., the shortest processing time, and f 1 ,k = ∞ for k = 

 , 2 , . . . , p 1 − 1 . The optimal cost is given by (6) when j = N and

 = K. Because there are NK states for the dynamic program and 

valuating (6) takes a constant time, computing f N,K requires 

 (NK) time. Since evaluating (7) for each k = p 1 , p 1 + 1 , . . . , K re-

uires O (K 

2 ) time, the running time of the algorithm is O (NK +
 

2 ) ∼ O (K 

2 ) . The authors showed that this approach can be appro-

riately adapted to solve not only the other versions of the BJSTP 

see Table 3 ), but also a more general one characterized by a con- 

ex set of costs { c t } , i.e., costs that are contained in the image of

ome convex non-increasing function. As for the complexity re- 

ults, Wan & Qi ’s dynamic programming approach inspired several 

olution approaches for subsequent single-machine versions of the 

JSTP, 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 

lots, i.e., time slots characterized by the same duration (see, 

.g., Fig. 6 (a)). The literature on the BJSTP, however, also in- 

ludes versions of the problem characterized by heterogeneous time 

lots Wan & Qi (2010) . In these versions, the time horizon – usu- 

lly encoded as an interval [0 , K] ∈ R – is partitioned into subin-

ervals with possibly non-integral duration, hereinafter referred to 

s time periods (see, e.g., Fig. 6 (b) and (c)). The characteristics of 

he time periods may affect schedules in a non-trivial way. For ex- 

mple, by referring to Fig. 6 (a), the processing times of the jobs 

an be either integer or fractional. In the case of integer process- 

ng times, the costs associated with the processing of the jobs are 

he usual { c t } ; in the case of fractional processing times, instead, 

hese costs are fractions of { c t } . The situation becomes more com- 

lex 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. 

Article Problem Computational complexity of the 

solution algorithm 

Assumptions 

Wan & Qi (2010) 1 || ∑ 

j∈J C j + T EC O (K 2 ) { c k } non-increasing 

O (N(N 2 + log { K} )) { c k } convex non-increasing 

1 || L max + T EC O (K 2 ) { c k } non-increasing 

O (K log K) { c k } convex non-increasing 

1 || T max + T EC O (K 2 ) { c k } non-increasing 

O (K log K) { c k } convex non-increasing 

1 || ∑ 

j∈J w j U j + T EC (a) O (K 2 ) or (b) O (NK 3 ) Tardy jobs as (a) lost sales or (b) backlogging 

1 || ∑ 

j∈J T j + T EC O (N 4 K 3 ) { c k } monotone non-increasing 

Fang et al. (2016) 1 | prmp , s j ∈ R + , q j | T EC No explicit expression. 

1 | s j ∈ R + , q j | T EC No explicit expression. { c k } pyramidal 

1 | prmp , speed , s j ∈ R + , q j , w j | T EC No explicit expression. 

Chen & Zhang (2019) 1 | s j ∈ R + | T EC O (| ̂ T | ) The set of time periods ˆ T has 1 valley 

O (| ̂ T | 2 N 2 r−1 ) ˆ T has 2 valleys, |{ p j , j ∈ J }| = r 

O (( 
∑ 

j∈J p j ) 
l (N + | ̂ T | l ) ˆ T has l > 2 valley 

O (| ̂ T | (| ̂ T | + N ) N 3 ) Bounded lateness, ˆ T has 1 valley 

O (| ̂ T | | ̂ T | +2 N 3 | ̂ T |−1 ) Bounded total completion times; ˆ T has 1 valley 

Chen et al. (2021) 1 | prmp | ∑ 

j∈J C j + T EC No explicit expression. 

1 | prmp , seq , w j | ∑ 

j∈J w j C j + T EC O (NK) 

Penn & Raviv (2021) 1 | prmp , s j ∈ R + , d j , r j | T EC O (N 2 (N + K)(N log 2 N + log 2 N + K )) 

1 | prmp , s j ∈ R + , d j , p j = 1 | T EC O (NK 2 ) 

Aghelinejad et al. (2017) 1 | on/off, prmp | T EC O (K 3 ) 

Aghelinejad et al. (2019a,b) 1 | on/off, seq | T EC O (K 3 ) 

Aghelinejad et al. (2018a) 1 | on/off, seq , q j | T EC O (K 3 ) 

1 | on/off, speed , seq , q j | T EC O (K 2 V (K + V )) , V ∈ Z + 
Wang et al. (2018b) F 2 | prmu , seq | T EC O (NK 4 ) 

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. 
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on-negative real start time and the TEC becomes the integral of a 

iecewise-constant map that generally associates each time period 

 a i , a i +1 ] ∈ [0 , K] , i ∈ { 1 , . . . , L − 1 } in a given set ˆ T of L > 0 time pe-

iods to a TOU cost. Both situations, described e.g., in Fang et al. 

2016) and Chen & Zhang (2019) , possibly constitute close-to-real 

cenarios for production scheduling systems. 

In the next sections, we describe versions of the BJSTP that in- 

olve a single machine, according to the characteristics of the jobs 

nd the processing environment. Specifically, in Section 3.1.1 we 

resent versions of the BJSTP that allow jobs to be preempted. 

n Section 3.1.2 we present versions of the BJSTP that require 

on-preemptive scheduling over a time horizon partitioned into 

ime periods. In Section 3.1.3 we present versions of the BJSTP 

hat involve batch-processing machines. Finally, in Section 3.1.4 we 

resent versions of the BJSTP that consider machines with power 

ransients between different operational states. 

.1.1. Preemptive versions of the BJSTP 

Penn & Raviv (2021) considered the 1 | prmp , s j ∈ R + , d j , r j | T EC,

.e., the problem of minimizing the TEC of a preemptive sched- 

le for a set of jobs with release and due dates over a time 

orizon partitioned into a set of time periods, as in Fig. 6 (c). 

he authors proved that this scheduling problem reduces to 

 special case of the min-cost flow problem on a directed 

ipartite graph (see Derigs, 1988 ). This result allowed Penn 

nd Raviv to adapt Brenner ’s algorithm ( Brenner, 2008 ) to the 
1097 
 | prmp , s j ∈ R + , d j , r j | T EC, by ultimately enabling its exact reso-

ution in O (N 

2 (N + K)(N log 2 N + log 2 N + K )) . Penn and Raviv also

onsidered a special version of the problem characterized by hav- 

ng no release dates and processing times equal to 1, i.e., the 

 | prmp , s j ∈ R + , d j , p j = 1 | T EC. The authors first proved that there

xists at least an optimal solution to 1 | prmp , s j ∈ R + , d j , p j =
 | T EC in which the ordering of jobs satisfies the Earliest Due Date 

EDD) rule, i.e., the property for which a job precedes another if 

nd only if the due date of the former is less than or equal to the

ue date of the latter. Then, Penn and Raviv showed that such a 

roblem can be solved in O (NK 

2 ) through dynamic programming 

fter sorting the jobs according to their due dates. This result led 

he authors to conjecture the existence of an O (NK 

2 ) exact algo- 

ithm also for the 1 | prmp , s j ∈ R + , p j = 1 , r j | T EC problem, i.e., a

ersion of the BJSTP that considers the release dates instead of the 

ue dates. This conjecture remains an open problem. 

Fang et al. (2016) focused on versions of the BJSTP character- 

zed by having a power demand q j > 0 associated with each job 

j ∈ J . These versions derive from the modeling of energy-intensive 

anufacturing processes in which the energy demands are non- 

egligibly job-dependent. In presence of a power demand, a job 

j ∈ J that is processed on a machine h during the time slots in

 j ∈ T is characterized by a processing cost equal to q j 
∑ 

t∈T j c t and

y a power demand q j,h . One of the earliest versions of the BJSTP 

ith power demands is the 1 | prmp , s j ∈ R + , q j | T EC, i.e., a version

f the BJSTP in which the time horizon is partitioned into a set of 
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ime periods as in Fig. 6 (c). Fang et al. (2016) proved that there

s at least an optimal schedule to the 1 | prmp , s j ∈ R + , q j | T EC such

hat the jobs with a higher power demand are associated with 

ime slots with a lower cost, and showed that the optimal solu- 

ion to the 1 | prmp , s j ∈ R + , q j | T EC can be computed with a greedy

olynomial-time algorithm by using arguments similar to the ones 

sed by Penn and Raviv for the 1 | prmp , s j ∈ R + , d j , p j = 1 | T EC. The

uthors also studied the 1 | speed , s j ∈ R + , q j , w j | T EC, i.e., a version

f the BJSTP in which a job j ∈ J , when processed at speed v ,
as a processing time p j = w j / v and a power demand q j = v δ for

ome scalar δ > 1 . This problem considers a machine endowed 

ith speed scaling capabilities. As a result, the problem also re- 

uires deciding the operation speed v at which the machine pro- 

esses the jobs. This constitutes a non-trivial task, since a higher 

achine speed enables lower processing times, but entails an in- 

rease in power demands. On the other hand, a lower speed helps 

n reducing the TEC, at the expense of lower efficiency in produc- 

ion. Penn and Raviv first proved the strong N P -hardness of this 

roblem and provided an approximate solution algorithm charac- 

erized by an error ratio of 
∑ K 

k =1 (c k / min t∈T c t ) 
δ / (δ−1) for some 

calar δ > 1 . 

Chen et al. (2021) studied three different preem ptive versions 

f the BJSTP related to the ones proposed by Fang et al. (2016) and

he et al. (2016) , namely (i) the 1 | prmp | ∑ 

j∈J C j + T EC, i.e., the

roblem of optimizing the sum of the completion times of the 

obs and the TEC; (ii) the 1 | prmp , seq , w j | ∑ 

j∈J w j C j + T EC, i.e., the

roblem of minimizing the weighted sum of the completion times 

lus the TEC, while considering a fixed sequence for jobs as a prob- 

em parameter; and finally (iii) the 1 | prmp | ∑ 

j∈J w j C j + T EC, i.e.,

 generalization of (ii) in which also the job sequence must be 

etermined. For each of the three problems, Chen et al. consid- 

red a time horizon partitioned as in Fig. 6 (b). By exploiting the 

ssumption of dealing with a fixed job sequence in (ii) the au- 

hors succeeded in showing the existence of an O (NK) exact so- 

ution algorithm for 1 | prmp , seq , w j | ∑ 

j∈J w j C j + T EC by using a

ynamic programming approach similar to the ones presented by 

ang et al. and Penn & Raviv for their respective versions of the 

JSTP. The existence of an optimal job sequence following the SPT 

rst rule for problem (i) allowed the authors to prove the exis- 

ence of an exact algorithm for 1 | prmp | ∑ 

j∈J C j + T EC as well and

he theoretical results obtained for 1 | prmp , seq , w j | ∑ 

j∈J w j C j +
 EC allowed the authors to show the existence of an O (4 + ε) -

pproximation algorithm also for 1 | prmp | ∑ 

j∈J w j C j + T EC. 

Some recent works on the BJSTP focused on conflicting objec- 

ives that usually arise in industrial applications when considering 

nergy efficiency as a performance criterion. Specifically, energy- 

onscious production plans in general are unable to attain high 

roductivity goals. As an example, favoring lower-cost periods of 

he time horizon may cause production delays, which in turn may 

mpact measures of timeliness such as total tardiness or makespan. 

o address these practical issues, some authors considered versions 

f the BJSTP with multiple objectives. As an example, Rubaiee & 

ildirim (2019) focused on the bi-objective version of the BJSTP 

hat requires preemptively scheduling a set of independent jobs on 

 single machine to minimize the makespan and the TEC. The au- 

hors provided a possible Mixed-Integer Linear Programming (MILP) 

ormulation to exactly solve the 1 | prmp | C max , T EC as well as an ap-

roximate solution algorithm based on the Ant Colony Optimization 

ACO) metaheuristic ( Gendreau & Potvin, 2010 ). 

.1.2. Versions of the BJSTP based on time periods 

Fang et al. (2016) considered the 1 | s j ∈ R + , q j | T EC, i.e., the

roblem of finding a single-machine schedule with the minimum 

EC for a given set of jobs, in presence of (i) job power consump-

ions and (ii) a time horizon consisting of a set of time periods as 

n Fig. 6 (c). The authors proved that the problem is strongly N P - 
1098 
ard and inapproximable within a constant ε > 1 , unless P = N P . 

he authors achieved these results by using a reduction from the 

-Partition Problem similar to the one used by Wan & Qi for the 

roblems discussed in Section 3.1 . 

Che et al. (2016) considered the 1 | s j ∈ R + , q j | T EC, i.e., a version

f the BJSTP that involves jobs with non-integral start times and 

ower consumption. Non-integral start times constitute a realis- 

ic assumption for production systems, where machines can start 

rocessing jobs at any time of the available horizon, provided that 

ther technological constraints, such as equipment availability and 

recedence relations, are satisfied. The authors developed both an 

xact solution approach for the 1 | s j ∈ R + , q j | T EC based on Mixed

nteger Linear Programming (MILP) and a greedy heuristic to ap- 

roximate its optimal solution. The proposed MILP formulation ex- 

loits 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-

ous variables to model non-integral start times. This formulation 

roved computationally unable to tackle real instances of the prob- 

em, hence the authors proposed the greedy heuristic. The idea at 

he core of the greedy heuristic consists of sorting first the jobs 

ccording to the non-increasing order of their power consump- 

ion and subsequently iteratively inserting the jobs, one after an- 

ther, into the available time periods by selecting the insertion that 

reedily minimizes the objective function. Computational experi- 

ents showed a remarkable ability of the greedy heuristic to reach 

lose-to-optimal solutions for every instance considered in the ex- 

erimental analysis. Subsequently, Zhang et al. (2018a) described 

ome possible improvements to Che et al. (2016) ’s heuristic, en- 

bled by the use of larger neighborhoods for inserting jobs. The 

uthors also reported the effectiveness of the heuristic in a real- 

orld case study based on a TOU pricing scheme used in China. 

Chen & Zhang (2019) studied the 1 | s j ∈ R + | T EC, i.e., a version

f the BJSTP that involves jobs with non-integral start times. The 

uthors proved the strong N P -hardness of the problem by us- 

ng a reduction from the 3-Partition Problem. Subsequently, they 

nvestigated the combinatorics of the 1 | s j ∈ R + | T EC. In particular, 

hey first introduced the notion of a valley for a given partition 

f ˆ T , which consists of a time period whose TOU cost is lower 

han the one of its two neighbors in 

ˆ T , i.e., the previous and the 

ubsequent element in the partition. The authors found that the 

 | s j ∈ R + | T EC can be solved in O (| ̂  T | ) if ˆ T contains a single val-

ey. Moreover, they provided an FPTAS for the problem when 

ˆ T 
ontains at most 2 valleys. They finally gave the expression of the 

omputational complexity for an optimal pseudo-polynomial algo- 

ithm for the problem when the number of valleys in 

ˆ T is greater 

han 2. Table 3 provides a compendium of the results achieved 

y the authors cited so far. It is however interesting to observe 

hat the results obtained by Chen & Zhang again highlight how, for 

ome versions of the BJSTP, the existence of efficient solution al- 

orithms depends on particular properties of the sequence of TOU 

osts. 

.1.3. Batch scheduling versions of the BJSTP 

One of the earliest results in batch scheduling versions of 

he BJSTP was presented by Cheng et al. (2014) , who devel- 

ped a bi-objective MILP formulation for the N P -hard problem 

 | batch( b ) | C max , T EC. The authors proposed a solution algorithm

ased on the ε-constraint solution approach for bi-objective opti- 

ization (see Haimes et al., 1971 ), which enables the computa- 

ion of a set of non-dominated solutions to the problem if at least 

ne of the objectives can assume only integer values. The idea at 

he core of this solution approach consists of iterating, over all 

he possible values that can be assumed by the integer objective, 

he resolution of an optimization problem involving the remain- 

ng objectives. When this approach is carried out exhaustively, the 

et of non-dominated points computed by the ε-constraint algo- 
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ithm corresponds to the optimal Pareto front. On this rationale, 

or each possible value ˆ C of the makespan, the ε-constraint solu- 

ion approach proposed by Cheng et al. iteratively solves a MILP 

ormulation for the 1 | batch( b ) | T EC, by constraining the makespan 

f the resulting schedule to not exceed 

ˆ C . In Cheng et al. (2016a) ,

he authors speeded up the solution time of their approach, by 

resenting preprocessing techniques able to remove a vast part of 

he original decision variables and constraints in their MILP formu- 

ation. The main ideas at the core of this algorithm were further 

sed, developed, and refined in subsequent works dealing with bi- 

bjective 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 

atch scheduling version of the BJSTP, which requires finding a 

chedule for a set of jobs with release dates on a single machine 

hat simultaneously minimizes both the makespan and TEC with- 

ut preemption, i.e., the 1 | batch( b ) , r j | C max , T EC. The authors de-

eloped a multi-objective optimization algorithm consisting of (i) 

nding initial sequences of jobs through a metaheuristic (namely a 

SO, see Table 2 ); (ii) using constructive heuristics to group the se- 

uences of jobs into batches; and finally (iii) computing a schedule 

or the batches by exploiting the Earliest Ready Time first order. The 

olution so constructed eventually undergoes a local search to fur- 

her improve the TEC, if possible. Zhou et al. performed an exten- 

ive experimental validation of their algorithm, which is still the 

tate-of-the-art solution approach for the problem. 

Finally, Cheng et al. (2016b) investigated the 1 | batch( b ) | T EC and 

roposed two different MILP formulations to solve it exactly. In 

articular, the authors first divided the time horizon into a set 

f time slots, each one having a specific duration and electric- 

ty cost. This natural modeling approach gave rise to a formula- 

ion characterized by a large number of both decision variables 

nd constraints. In order to reduce the size of such a formulation, 

he authors proposed a second formulation based on a repartition- 

ng of the time horizon into time periods, each one having a fi- 

ite number of time slots with the same TOU cost. If several con- 

ecutive time slots have the same cost, these slots can be aggre- 

ated and encoded by the same decision variable, thus lowering 

he overall number of decision variables in the formulation. Cheng 

t al. showed that the second formulation always outperforms the 

rst one, according to the computational experiments carried out 

n instances based on TOU prices recorded in Australia, Canada, 

hina, and France. Cheng et al. (2016b) ’s work stands out as one of

he few effort s in single-machine versions of the BJSTP with batch 

cheduling, as it considers a single objective, differently from most 

f the other studies in TOU scheduling with parallel batch pro- 

essing. In the remainder of the paper, we refer to a formulation 

hat exploits a partitioning of the time horizon into time slots, e.g., 

heng et al. ’s first formulation, as a time-slot-indexed formulation . 

n the contrary, we call it a time-period-indexed formulation if it 

onsiders the time horizon as a partition into time periods, e.g., 

heng et al. ’s second formulation. 

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

A particular niche of the literature considers also the possibil- 

ty of switching the machines on and off. Within such a setting, a 

achine can be in one of these three states: (a) “processing”, (b) 

idle”, or (c) “shutdown”. A machine in the state (b) requires en- 

rgy despite not processing any job but is ready to start processing 

 job at any time. A machine in the state (c) is instead shut down,

.e., it is “off”. Its energy consumption is zero, but it cannot pro- 

ess any job without first transitioning into the state (a). However, 

n order to do so, a machine requires a certain amount of time and

nergy, which depends on the considered scheduling model. Here- 

nafter, we give a brief overview of the versions of the BJSTP that 

nvolve machines endowed with “on/off” switching capabilities. 
1099 
The main results in the literature on versions of the BJSTP 

ith “on/off” switching are due to Shrouf et al. (2014) and 

ghelinejad et al. (2016) . Shrouf et al. (2014) first introduced the 

 | on/off| T EC and provided both a MILP formulation to exactly solve 

t and a metaheuristic (namely a GA) to approximate its opti- 

al solution. Their industry-oriented model was a milestone for 

he formalization of the “on/off” switching mechanism in TOU 

cheduling. Aghelinejad et al. (2016) built upon Shrouf et al. ’s re- 

ults, by providing an improved MILP formulation for the prob- 

em ( Aghelinejad et al., 2016 ), improved lower bounds ( Aghelinejad 

t al., 2019a ), and primal heuristics ( Aghelinejad et al., 2018b ). 

ghelinejad et al. (2017) also considered the preemptive version 

f the 1 | on/off, prmp | T EC and developed a dynamic programming 

olution algorithm for it based on the idea of representing the 

roblem by using a directed graph with K different levels, one for 

ach time slot t , 1 ≤ t ≤ K. Each level consists of different nodes 

n the graph, and each node represents a different possible usage 

or the available machine during the related time slot, e.g., idle 

r processing. Nodes are connected by edges whose weight con- 

ists of the cost of that transition, e.g., the cost due to switching 

n a machine. This idea enables transforming the original schedul- 

ng problem into a shortest path problem that can be solved in 

 (K 

3 ) with dynamic programming. In subsequent works, the au- 

hors introduced the assumption of a fixed processing sequence 

or the jobs on the machine, thus inducing a total ordering on the 

tart times ( Aghelinejad et al., 2019a ). Specifically, denoting a fixed 

rocessing sequence of jobs as seq, Aghelinejad et al. (2019a) de- 

eloped an O (K 

3 ) algorithm for the 1 | on/off, seq , q j | T EC by adapt-

ng the idea at the core of the dynamic programming algorithm 

sed for the 1 | on/off, prmp | T EC discussed in Aghelinejad et al. 

2017) . In Aghelinejad et al. (2018a) , the authors further extended 

heir work, by considering the power demands of the jobs in 

 speed-scalable version of the problem. Specifically, Aghelinejad 

t al. considered the 1 | on/off, speed , seq , q j | T EC, and they again

dapted the optimal polynomial-time dynamic programming algo- 

ithm proposed in Aghelinejad et al. (2017) to obtain a pseudo- 

olynomial time optimal algorithm that is able to solve the prob- 

em also in the presence of a machine with variable speed. Such an 

lgorithm is characterized by an O (K 

2 V (K + V )) worst-case com- 

lexity, where V is the number of distinct processing speeds of 

he machine. It is noteworthy to observe that the assumption of 

 fixed ordering sequence enables some versions of the BJSTP, such 

s the 1 | on/off, seq , q j | T EC and the 1 | on/off, speed , seq , q j | T EC, to

e solved to optimality in polynomial ( Aghelinejad et al., 2019a; 

019b ) or pseudo-polynomial ( Aghelinejad et al., 2018a ) time. 

.2. Multiple-machine versions of the BJSTP 

Some versions of the BJSTP consider not just a single machine, 

ut rather a set H = { 1 , 2 , . . . , M} of M machines ( Anghinolfi et al.,

021; Ding et al., 2016 ). In these versions, each job j ∈ J has to

e scheduled in a subset T j ⊆ T on a machine h j ∈ H in order to

inimize the total energy consumption. For each pair of distinct 

obs j, j ′ ∈ J , it is assumed that T j ∩ T j ′ = ∅ only if j and j ′ are

cheduled on the same machine h j = h j ′ . 
A solution for TOU scheduling problems with multiple ma- 

hines can be generalized from (1) as follows. We define a job- 

achine-time slot assignment as a triplet ( j, h j , T j ) such that j is a

ob in J , h j is a machine in H, and T j is a non-empty subset of p j 
ime slots in T during which job j is processed on the machine h j .

hen, we define a schedule S on multiple machines as 

 = { ( j, h j , T j ) : T j ⊆ T , h j ∈ H , ∀ j ∈ J , 

and T j ′ ∩ T j ′′ = ∅ ∀ j ′ , j ′′ ∈ J , j ′ 	 = j ′′ , h j ′ = h j ′′ } . (8) 

ach machine h ∈ H is usually associated with a positive energy 

onsumption rate u . The energy consumption rate affects the 
h 
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nergy cost of the scheduled jobs. In particular, if job j ∈ J is

cheduled in the time slots in T j on machine h j ∈ H, the cost 

ssociated with the processing of the job j is u h j 
∑ 

k ∈T j c k . Conse- 

uently, we can generalize the TEC of a parallel machines schedule 

s 

(S) = 

∑ 

j∈J 
u h j 

∑ 

t∈T j 
c t . (9) 

bserve that in the case H = { 1 } and u 1 = 1 , then (8) and

9) reduce to (1) and (2) , respectively. 

In the remainder of the section, we provide a taxonomy of the 

iterature on the versions of the BJSTP that involve multiple ma- 

hines. In Section 3.2.1 , we discuss the versions of the BJSTP char- 

cterized by unrelated parallel machines . In these versions, the con- 

idered machines may process jobs at a different speed. Each job 

j ∈ J is characterized by processing time p j,h , which depends on 

he considered machine h ∈ H (see Pinedo, 2016 for a comprehen- 

ive review of multiple-machine environments in classical schedul- 

ng). In Section 3.2.2 , we focus on versions of the BJSTP charac- 

erized by having identical parallel machines . These problems are a 

pecial case of unrelated parallel machines versions of the BJSTP, in 

hich each job has the same processing time on each machine, i.e., 

or each j ∈ J , p j,h = p j,h ′ holds for each h, h ′ ∈ H. In Section 3.2.3 ,

e consider flow shop versions of the BJSTP, i.e., versions character- 

zed by the presence of two or more machines, in which each job 

ust be processed by every machine in the order determined by 

he sequence. Finally, in Section 3.2.4 we present job shop versions 

f the BJSTP. In such problems, each job has to follow a specific 

oute through the machines in the job shop. 

.2.1. Unrelated parallel machines 

One of the earliest works in TOU scheduling with multiple ma- 

hines was proposed by Moon et al. (2013) , inspired by the prac- 

ical problems of South Korean electricity industries. The prob- 

em requires finding a schedule for a set of independent jobs on 

nrelated parallel machines that minimizes the weighted sum of 

he makespan with the TEC, i.e., Rm || GC max + T EC, G > 0 . The time

orizon is partitioned into a set of time slots as in Fig. 6 , and

he constant G , given as a part of the problem data, represents 

 penalty cost, such as employee overtime ( Moon et al., 2013 ). 

his objective captures the performance requirements of an effec- 

ive production schedule, without neglecting the energy efficiency 

f the process. Moon et al. proposed a MILP formulation to solve 

he problem exactly. Unfortunately, this formulation proved to be 

f little avail in practice due to its inability to solve even small 

nstances of the problem. Hence, the authors suggested the use of 

etaheuristics (namely a GA) to approximate the optimal solutions 

o real instances of the problem. 

Moon et al. ’s work inspired further research on the topic in 

he subsequent years. For example, Cheng et al. (2019) extended 

oon et al. ’s MILP formulation by introducing a set of strengthen- 

ng valid inequalities able to shorten its solution times up to 51.23% 

n the same computing environment. Kurniawan et al. (2020a) pur- 

ued the search for an effective metaheuristic algorithm for the 

roblem, by proposing a GA that builds upon Moon et al. ’s de- 

ign. In ( Kurniawan et al., 2017 ), the authors focused instead on 

he Rm | s j ∈ R + | GC max + T EC, G > 0 , i.e., a slightly different version

f Moon et al. ’s problem characterized by non-integral start times. 

urniawan et al. presented a MILP formulation to solve this prob- 

em exactly, by adding a new set of decision variables to Moon 

t al. ’s formulation to handle the non-integral (i.e., continuous) 

tart times. The authors also developed a metaheuristic for the 

roblem (namely a GA) that proved able to solve the test instances 

y never exceeding an 8% optimality gap. 

Ding et al. (2016) considered a version of the BJSTP that only 

equires the minimization of the TEC for a set of jobs character- 
1100 
zed by machine-dependent power consumptions, i.e., the Rm | s j ∈ 

 + , q j,h | T EC, with a time horizon partitioned into time periods as

n Fig. 6 (c). The authors showed the N P -hardness of the problem 

nd proposed a time-slot-indexed MILP formulation that builds 

pon Moon et al. (2013) ’s work. In more detail, Ding et al. (2016) ’s

ormulation employs specific decision variables and constraints to 

andle jobs that are processed across different time periods. Such 

ariables also allow the formulation to keep track of the amount 

f processing performed by jobs during each time period. Further- 

ore, the authors developed an exact algorithm that exploits a 

olumn generation heuristic built on a Dantzig-Wolfe decompo- 

ition of the problem based on the following observation: when 

ach job is assigned to some of the M machines, then the origi- 

al problem reduces to the M independent problems of sequenc- 

ng the jobs assigned to the machines. Ding et al. exploited this 

ntuition to decompose the problem into a master problem and M

independent) subproblems, each one corresponding to a different 

achine. The authors conducted an experimental campaign that 

ighlighted that the column generation heuristic enabled an im- 

rovement of up to two orders of magnitude in the computational 

imes with respect to the ones achieved by only using the MILP 

ormulation. 

Cheng et al. (2018) considered the same problem and improved 

he MILP formulation proposed by Ding et al. by using fewer deci- 

ion variables. Cheng et al. achieved this result by replacing the bi- 

ary variables used by Ding et al. to express the end times of jobs 

n the time periods with a set of binary variables that simply spec- 

fy whether a job is processed by some machine. Despite the ad- 

itional constraints required by the introduction of these variables, 

his reformulation allowed the authors to achieve higher computa- 

ional efficiency than Ding et al. ’s formulation. 

Che et al. (2017) focused on a version of the BJSTP that is very 

imilar to the one proposed by Ding et al. and Cheng et al. , i.e.,

he Rm | s j ∈ R + | T EC. In fact, such a version of the BJSTP requires

he minimization of the TEC on unrelated parallel machines as in 

ing et al. (2016) and ( Cheng et al., 2018 ), but it also allows the

tart times of jobs to be non-integral, by considering a time hori- 

on as in Fig. 6 (c). The authors proposed a first MILP formulation 

nd then showed some characterizing properties. Specifically, the 

uthors provided a further formulation that solves the preemp- 

ion version of the problem and showed the existence of an algo- 

ithm that converts an optimal preemptive solution obtained with 

uch a formulation into an optimal non-preemptive one. This re- 

ult allowed Che et al. to prove the redundancy of two families 

f constraints in the non-preemptive formulation. Finally, the au- 

hors disregarded such constraints and claimed that the result- 

ng formulation is more compact than the one proposed by Ding 

t al. , due to the lower number of decision variables and con- 

traints. Che et al. also developed a two-step heuristic that first 

reemptively assigns the jobs to the machines to minimize the 

EC, and secondly modifies all the job assignments that violate 

he non-preemption constraint. The authors reported very low op- 

imality gaps (less than 2% ) for the two-step heuristic with re- 

pect to the MILP formulation. Saberi-Aliabad et al. (2020) im- 

roved Che et al. ’s formulation by introducing an upper bound on 

he maximum number of time periods that can be used to process 

ach job. The authors also introduced a strengthening inequality 

hat sets a subset of binary decision variables used to represent 

he start times of jobs to zero. Saberi-Aliabad et al. ’s formulation 

chieved an average improvement in the computational times that 

mounts to 43% and 34% on two state-of-the-art datasets of in- 

tances based on Chinese and European TOU pricing schemes, re- 

pectively. Saberi-Aliabad et al. were also able to solve a slightly 

arger number of instances compared to Che et al. . 

Pei et al. (2021) were the first to consider the bi-objective ver- 

ion of the BJSTP that requires the optimization of the makespan 
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nd the TEC on unrelated parallel machines, i.e., the Rm || C max , T EC.

irst, Pei et al. formulated the problem as a mixed-integer 

uadratic program that requires the optimization of a linear com- 

ination of C max and T EC. Then, the authors provided a further for- 

ulation by exploiting several lemmas, and then described a set of 

d-hoc cutting planes. The authors also described an approximate 

lgorithm based on such mathematical programming ideas, that 

chieved an average 4% gap with respect to the optimal solutions 

n the considered test instances. Recently, Rego et al. (2022) tack- 

ed the bi-objective problem Rm | s j ∈ R + , s k j | C max , T EC, by fitting in

 niche of the literature on unrelated parallel machine scheduling 

hat still did not consider sequence-dependent setup times. Rego 

t al. proposed a bi-objective mathematical formulation and sub- 

equently transformed it into a single-objective one by expressing 

he objective function as an affine combination of C max and T EC. 

he authors embedded the latter formulation as the main compo- 

ent of an exact weighted sum approach that samples the optimal 

areto front by iterating over different values of the objective func- 

ion parameters. 

We conclude the section by mentioning Tan et al. (2019) ’s work 

hich, to the best of our knowledge, is the only one dealing with a 

ersion of the BJSTP that involves uniform parallel machines . Such a 

rocessing environment consists of a special case of unrelated par- 

llel machines when each job j ∈ J is associated with a processing 

ime p j , each machine h ∈ H is endowed with a processing speed 

 h , and the time required for machine h to process job j is p j / v h .
he authors considered the problem of minimizing the TEC on a 

et of uniform batch parallel machines, i.e., the Qm | batch( b ) | T EC.

e can also view this version of the BJSTP as a particular case of 

he problem proposed by Moon et al. , i.e., the Rm || GC max + T EC,

 > 0 , when the machines are uniform and parallel batch process- 

ng and G = 0 . Tan et al. proposed a MILP formulation for the prob-

em and developed a Single-Population Genetic Algorithm (SPGA) 

nd a Multi-Population Genetic Algorithm (MPGA). Such two meta- 

euristics are GAs that employ a different way of enhancing and 

reserving diversity in the population of solutions. The authors 

ompared the SPGA and the MPGA implementation with the MILP 

ormulation to evaluate their optimality gap, which never exceeded 

0% on the considered test instances. 

.2.2. Identical parallel machines 

Wang et al. (2018a) first introduced the P m || C max , T EC, i.e., a

ulti-objective version of the BJSTP on parallel identical machines, 

n the literature on TOU scheduling. The authors developed a 

euristic to approximate the optimal solution to the problem, and 

lso presented a possible MILP formulation. Wang et al. ’s heuris- 

ic is based on the ε-constraint paradigm for bi-objective opti- 

ization (see Section 3.1 and Haimes et al., 1971 ). The heuristic 

omputes a set of non-dominated solutions by iterating over the 

 (K − C min + 1) possible values for the makespan, where the ex- 

ression for C min is similar to the lower bound provided by Pinedo 

2016) for the optimization of the makespan on identical parallel 

achines. At each iteration, for a given makespan value ˆ C , Wang 

t al. ’s heuristic computes a schedule that minimizes the TEC and 

hose makespan does not exceed 

ˆ C . First, a constructive heuristic 

onsiders the jobs according to the Longest Processing Time (LPT) 

rst order, which sorts jobs in non-increasing order of their pro- 

essing times. Then, it assigns each job to the set of adjacent slots 

ith the smallest cost that (i) have not been assigned to any other 

ob yet, and (ii) satisfy the constraint on 

ˆ C , i.e., none of the slots

s greater than 

ˆ C . If the constructive heuristic computed a feasi- 

le solution, then a local search tries to improve its TEC by shift- 

ng blocks of assigned slots on each machine separately. Observe 

hat, due to its greedy approach, the constructive heuristic may 

ail to find a feasible solution even though there exists one. Find- 

ng such a feasible solution corresponds to the problem of deter- 
1101 
ining whether there exists a schedule for a set of jobs satisfy- 

ng a maximum makespan constraint, which is an N P -complete 

roblem ( Pinedo, 2016 ). The MILP formulation proposed by Wang 

t al. adapts Che et al. ’s time-period-indexed formulation to the 

ase of identical parallel machines. However, as subsequently high- 

ighted by Anghinolfi et al. (2021) , Wang et al. ’s formulation some- 

imes allows machines to process two jobs at the same time, de- 

pite being single-job processing. As a result, Wang et al. ’s formu- 

ation is not valid for each possible instance of the problem. 

Anghinolfi et al. (2021) advanced on the combinatorics of the 

 m || C max , T EC by building upon Wang et al. ’s results described in

he previous paragraph. Specifically, Anghinolfi et al. first proposed 

 novel MILP formulation for the problem that overcomes the 

rawbacks of Wang et al. ’s formulation. Furthermore, the authors 

roposed a heuristic based on the ε-constraint paradigm (first dis- 

ussed in Section 3.1.3 ), consisting of a constructive heuristic called 

plit-greedy Heuristic and a novel local search named Exchange 

earch. Split-greedy Heuristic considers the jobs according to the 

PT first order, similarly to Wang et al. ’s constructive heuristic. 

owever, at each iteration, it greedily assigns a job j ∈ J to a sub-

et of idle slots Z ⊆ T that are either (i) consecutive, i.e., |Z| = p j ,

r (ii) non-consecutive, i.e., |Z| > p j , provided that the resulting 

reemptive schedule can be converted into a non-preemptive one 

ith the same makespan and TEC. This is the case of a set Z =
 t 1 , . . . , t n } ⊆ T , n > p j , of non-consecutive idle slots on some ma-

hine such that all the slots in between, i.e., ∀ t ′ : t ′ 	∈ Z, t 1 < t ′ < t n ,

re already assigned to other jobs. In this way, at the end of the it-

rations, a (possibly) preemptive schedule is converted into a non- 

reemptive one with the same makespan and TEC. Split-greedy 

euristic also enables to increase the quality of the computed so- 

utions with respect to Wang et al. ’s by using larger neighborhoods 

or the greedy choices. The purpose of Exchange Search is to im- 

rove the TEC of the schedule computed by Split-Greedy Heuris- 

ic. In particular, given a schedule S, Exchange Search iteratively 

onsiders pairs of single-machine subschedules of S, and resched- 

les jobs from one subschedule to the other in order to locally im- 

rove the TEC. If such a move is improving, then Exchange Search 

pdates S accordingly. Exchange Search stops iterating when no 

urther improvement in TEC is possible. A complete explanation 

f Exchange Search requires several additional notions. We refer 

he interested reader to Anghinolfi et al. (2021) and Ronco (2022) . 

nghinolfi et al. experimentally showed that their heuristic scheme 

utperformed Wang et al. ’s heuristic on the original Wang et al. ’s 

est instances, as well as a further set of larger instances created 

or additional testing. 

Ronco (2022) provided a further improvement on the repre- 

entation of the solution space for the problem. Specifically, with 

 little abuse of notation, we denote by P = { p j : j ∈ J } the set

f distinct processing times in J , and by J d = { j : p j = d} , d ∈
, the subset of jobs in J with processing time equal to d. 

onco proved that for each feasible solution S, there exist at least 

ther 
∏ 

d∈P |J d | ! − 1 feasible solutions with the same makespan 

nd TEC of S. The proof is based on the observation that exchang- 

ng the assignments of two jobs with the same processing time 

n a schedule for the problem does not alter its makespan, nor 

ts TEC. In particular, while Anghinolfi et al. ’s formulation used 

he binary decision variables X j,h,t , j ∈ J , h ∈ H, t ∈ T , where X j,h,t 

quals 1 if job j starts at time slot t on machine h , and 0 other-

ise, Ronco ’s formulation employed the binary decision variables 

 d,h,t , d ∈ P, h ∈ H, t ∈ T , where Y d,h,t equals 1 if a job with pro-

essing time d starts at time slot t on machine h , and 0 otherwise. 

bserve that while the former variables explicitly consider each 

ob, the latter implicitly distinguish jobs exclusively according to 

heir processing times. Ronco showed that there exists a valid for- 

ulation for the problem expressed in terms of the Y d,h,t variables. 

rom an experimental viewpoint, such a formulation reflected into 
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 significantly lower computational burden both in terms of mem- 

ry requirements and computational times on the considered test 

nstances (the same used by Anghinolfi et al. ). 

Zhou et al. (2018) expanded the problem considered by Wang 

t al. and Anghinolfi et al. to a batch scheduling version of 

he BJSTP with release times. Specifically, Zhou et al. consid- 

red the bi-objective problem of finding a schedule for a set 

f jobs with release times on identical parallel batch machines 

hat simultaneously minimizes the makespan and the TEC, i.e., 

 m | batch( b ) , r j | C max , T EC. The authors proposed a multi-objective

iscrete differential EA, adapted from the traditional design for 

ontinuous domains. Qian et al. (2020) considered the simpler 

roblem P m | batch( b ) | C max , T EC, by disregarding the release times.

he authors developed a multi-objective EA that fully exploits a 

lustering method able to extract information on the distribu- 

ion of solutions in the search space. Differently, Rocholl et al. 

2020) considered the minimization of the total weighted tardiness 

n place of the makespan, i.e., the P m | batch( b ) , r j | ∑ 

j∈J w j T j , T EC,

nd proposed a MILP formulation as well as heuristic approaches 

or the general case of the problem. The authors also presented 

everal observations leading to a more compact formulation of a 

pecial version of the problem where all the release times are 

qual to zero. 

.2.3. Flow shops 

Luo et al. (2013) focused on one of the first flow shop ver- 

ions of the BJSTP. Specifically, the authors considered the prob- 

em of minimizing the makespan and the TEC in a flow shop, i.e., 

he F F c|| C max , T EC. The authors proposed a multi-objective meta-

euristic based on ACO (first discussed in Section 3.1.1 ) which 

aved for all the subsequent applications of metaheuristics to flow 

hop versions of the BJSTP. Inspired by Luo et al. , Zhang et al.

2019) focused on another flow shop version of the BJSTP that 

equires the simultaneous optimization of the makespan and the 

EC for a set of independent jobs on machines endowed with 

he “on/off” switching (first discussed in Section 3.1.4 ). Zhang 

t al. proposed a MILP formulation that highlighted how a min- 

mum makespan schedule for the problem can be achieved at 

he expense of a 45% increase in the minimum TEC. Wang et al. 

2020b) further investigated Zhang et al. ’s version of the BJSTP by 

roposing a two-machine flexible flow shop , where the two ma- 

hine stages consist of a set of parallel identical machines fol- 

owed by a batch machine. A flexible flow shop generalizes a flow 

hop by considering one or more processing stages, and each job 

as to be processed by one and only one machine in a stage be-

ore proceeding to the next one ( Pinedo, 2016 ). Similarly to Zhang 

t al., Wang et al. considered the “on/off” switching mechanism 

s well as the makespan and the TEC as optimization objectives. 

hang et al. also considered the F F 2(Qm, Rm 

′ ) || T EC, m > m 

′ , i.e.,

 two-machine flexible flow shop where the first and the second 

tage consist of m uniform machines and m 

′ unrelated machines, 

espectively, and the number of machines in the first stage is al- 

ays greater than the one in the second stage, i.e., m > m 

′ ( Zhang

t al., 2021 ). Finally, Chen et al. (2022) proposed a flexible flow 

hop version of the BJSTP that considers ladder energy pricing 

long with TOU energy prices. Ladder energy pricing, typically ap- 

lied for energy-intensive industries to control carbon emissions, 

dds to the existing pricing by further burdening the consumer 

ith a non-linear function of the energy costs ( Dobbs, 2015 ). Chen 

t al. proposed a specific implementation of NSGA II, endowed 

ith a heuristic for the generation of the initial population and a 

roblem-specific adaptive genetic operator to ensure diversity and 

uality in the individuals. 

Cheng et al. (2016c) proposed a simple MILP formulation for the 

 m | prmu | T EC, i.e., the problem of minimizing the TEC in a per-

utation flow shop , i.e., a flow shop version of the BJSTP in which
1102 
ach machine processes jobs according to the First-In First-Out pol- 

cy. This policy enforces the processing order to be the same as 

he arrival order of the jobs in the processing queue. Similarly to 

heng et al. , Wang et al. (2018b) proposed a MILP formulation for 

 two-machine permutation flow shop version of the BJSTP with 

he usual objective of minimizing the TEC, i.e., the F 2 | prmu | T EC.

he authors developed a heuristic based on Johnson’s rule and 

ynamic programming, and provided a polynomial-time algorithm 

hen the job sequence is fixed. Ho et al. (2021) extended Wang 

t al. ’s work by proposing a novel formulation and a heuristic for 

he same problem. Recently, Ho et al. (2022) achieved further re- 

ults on the problem, by adding the “on/off” switching mechanism 

o the machines and proposing an exact algorithm based on MILP 

nd Benders decomposition. Instead, Wang et al. (2020a) described 

 MILP formulation for a generalization of Cheng et al. ’s prob- 

em that also considers the makespan as an optimization objec- 

ive. Similarly, Kurniawan & Fujimura (2020) considered a general 

ermutation flow shop version of the BJSTP that requires the min- 

mization of the TEC and the total weighted tardiness, instead of 

he makespan, i.e., the F m | prmu , w j | ∑ 

j∈J w j T j , T EC. The authors

eveloped an implementation of the Strength Pareto-archived Evo- 

utionary Algorithm (SPEA) metaheuristic ( Kim et al., 2004 ), which 

mproves upon the classical evolutionary design by periodically 

rchiving solutions. This strategy allows the preservation of indi- 

iduals with high fitness values from further crossover or muta- 

ion, while simultaneously increasing quality and diversity of the 

opulation of solutions. 

Badri et al. (2021) disregarded Cheng et al. ’s permutation com- 

onent of the flow shop, but they added the minimization of the 

um of the total earliness and tardiness as a further objective, 

.e., the authors considered a version of the BJSTP that can be 

epresented as the F m || T EC, 
∑ 

j∈J E j + T j . Badri et al. (2021) first

roposed a bi-objective MILP formulation for the problem. Then, 

he authors claimed the existence of an equivalent single-objective 

ILP formulation, and proposed a fuzzy multi-objective approach 

o convert the proposed bi-objective formulation into a single- 

bjective one ( Kannan et al., 2013 ). Finally, Aghelinejad et al. mod- 

led a two-machine flow shop scheduling version of the BJSTP 

ith the “on/off” switching mechanism, i.e., the F 2 | on/off| T EC, 

hrough MILP ( Aghelinejad et al., 2020a; 2020b ), and Peng et al. 

2021) tackled F m || T EC with a MILP formulation and a Particle 

warm Optimization (PSO) metaheuristic ( Gendreau & Potvin, 2010; 

ennedy & Eberhart, 1995 ). This algorithm, originally conceived 

or non-linear optimization, can be used for combinatorial opti- 

ization by employing appropriate problem encodings ( Gendreau 

 Potvin, 2010 ). 

.2.4. Job shops 

In this subsection, we deal with the few job shop scheduling 

tudies in the literature on the versions of the BJSTP. Among these, 

urniawan et al. (2020b) considered a bi-objective job shop ver- 

ion of the BJSTP requiring to minimize the TEC and the total 

eighted tardiness, i.e., Jm || ∑ 

j∈J w j T j , T EC. The authors decom- 

osed the problem into the subproblems of sequencing the differ- 

nt operations on the machines and determining their start times. 

hey proposed a local search based on a genetic algorithm that 

ncodes the operations sequence and their start time into two dif- 

erent gene representations. Li et al. (2018) presented a MILP for- 

ulation for a batch scheduling version of the BJSTP with the min- 

mization of the makespan and TEC, i.e., Jm | batch( b ) | C max , T EC. 

Park & Ham (2022) proposed a flexible job shop with the sin- 

le objective GC max + T EC, G > 0 , originally introduced by Moon

t al. (see Section 3.2.1 ), and developed an IP formulation and a 

onstraint programming approach to achieve the two following re- 

ults. First, they compared the two solution approaches and es- 

ablished that constraint programming attains better performances 
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han IP. Secondly, they performed a sensitivity analysis that com- 

ared the solution computed by the constraint programming ap- 

roach applied to the problem, i.e., F Jc|| GC max + T EC, G > 0 , with

he ones obtained by only minimizing the makespan, i.e., by solv- 

ng F Jc|| C max . Park & Ham showed that the optimization of the for-

er objective, i.e., GC max + T EC, G > 0 , enables significant energy

ost savings, with respect to the energy-oblivious C max objective. 

iang & Wang (2020) considered the flexible job shop version of 

he BJSTP of simultaneously minimizing the makespan and TEC, 

nd presented both a MILP formulation and a hybrid evolutionary 

lgorithm. Such a metaheuristic employs specific operators to gen- 

rate new solutions by exploiting information in their neighbor- 

oods, and it also embeds two different intensification operators 

o further improve the quality of the best solutions in the popula- 

ion. 

Table 4 reports a compendium of the problems without an 

xact solution algorithm that runs in polynomial or pseudo- 

olynomial time, according to the machine environment and the 

umber of objective functions. 

. Non-standard versions of the BJSTP 

In this section, we review versions of the BJSTP that do not fit 

he above classification, due to the presence of specific objective 

unctions, structural features of the manufacturing system, or in- 

ustrial scopes. In Section 4.1 , we consider versions of the BJSTP 

hat do not obey the three-field notation, because of the presence 

f costs related to overnight shifts or emission of particular pol- 

utants other than CO 2 . In Section 4.2 , we report on versions of

he BJSTP that occur in manufacturing environments that have spe- 

ific functions or maintenance requirements, such as planned shut- 

owns or disruptive faults. Finally, in Section 4.3 , we present some 

ractical case studies of TOU scheduling. 

.1. Versions of the BJSTP with non-standard objectives 

The literature on the BJSTP reports on versions of the prob- 

em whose objectives may include specific measures related to rev- 

nues and profits, or emissions. In the next subsections, we will 

eview both of these specific two classes. 

.1.1. Objectives including measures related to revenues and profits 

In the context of revenues and profits, Penn & Raviv (2021) first 

onsidered a non-preemptive single-machine version of the BJSTP 

hat requires selecting a set of the available jobs and finding a 

chedule that maximizes the profit, expressed as the difference be- 

ween the total revenue of the scheduled jobs and the TEC. Penn 

 Raviv proved that the problem is strongly N P -hard by using 

 reduction from the decision version of the bin packing problem 

 Garey & Johnson, 1990 ). Subsequently, the authors also proved 

hat their problem can be solved in polynomial time if the non- 

reemption constraint is relaxed, as it occurs in some of the prob- 

ems presented in Section 3 . Specifically, the authors observed that, 

n an optimal solution to the problem, a time period is either com- 

letely used for processing or not used at all, with the possible 

xception of one and only one period characterized by partial uti- 

ization. This property enables the construction of an optimal so- 

ution to the problem obtained by greedily sorting time periods in 

on-decreasing order with respect to their cost. 

Lee et al. (2017) observed that the timeliness of production con- 

titutes an indirect indicator of current and future income. This 

act led the authors to consider a version of the BJSTP character- 

zed by having a single machine endowed with an “on/off” switch- 

ng, jobs to be processed dynamically, and an objective consisting 

f minimizing the sum of the TEC and the Just-In-Time (JIT) cost 

f the schedule. The JIT cost is expressed as a linear combination 
1103 
f the mean squared earliness and the tardiness of the jobs. The 

uthors proposed a heuristic solution algorithm for this problem 

ased on dynamic control and showed, through extensive compu- 

ational experiments carried out on real-world instances, that con- 

idering the timeliness of production can decrease the energy con- 

umption costs from 63% to almost 100%. 

.1.2. Objectives including measures related to emissions 

In the last decades, most European nations and many North 

merican states introduced sanctions that target the carbon con- 

ent in greenhouse gases ( Trevino-Martinez et al., 2022 ), in an ef- 

ort of containing the amount of CO 2 in the atmosphere. In this 

ense, preventing the use of non-renewables, or restraining it to 

he best extent possible, has become a crucial aspect in manufac- 

uring. Chen et al. (2019) addressed such concerns by developing 

 MILP formulation for an order acceptance version of the BJSTP 

hat considers carbon emission costs besides TOU prices. In such 

 version, each job is associated with a revenue. Order acceptance 

cheduling requires to accept a subset of the available jobs as or- 

ers to be scheduled, so as to maximize the total revenue. This 

bjective can be possibly combined with other productivity mea- 

ures, e.g., the makespan or the total tardiness. In particular, the 

bjective of the version of the BJSTP proposed by Chen et al. also 

onsiders both the TOU prices and the carbon emission costs. Chen 

t al. were able to solve only small instances, i.e., characterized by 

o more than 20 jobs, to optimality by using their model. 

Zhang et al. (2014) considered a particular bi-objective flow 

hop version of the BJSTP that involves the minimization of both 

he TEC and the carbon emissions. Zhang et al. developed a MILP 

ormulation that extends Moon et al. ’s formulation (discussed in 

ection 3.2.1 ) by introducing carbon emissions as a further objec- 

ive function and handling the different product types in the flow 

hop. The authors empirically showed, with some real-world tests, 

hat the solution provided by a commercial MILP solver enables 

mprovements in energy costs at the expense of minimal carbon 

missions. Their approach is able to compute the whole Pareto op- 

imal front for a day of operational service, to offer a comprehen- 

ive view of the trade-off between productivity and environmental 

easures. For instance, the authors showed that an improvement 

f 6.9% in TEC corresponds to very low carbon emissions in prac- 

ice. 

Gong et al. (2016) considered the problem of scheduling a set 

f manufacturing tasks with due dates on a single machine with 

n “on/off” switching mechanism, to minimize the linear combi- 

ation of the TEC with the affine combination of the costs due to 

he “on/off” switching of the machine in the different work shifts. 

ong et al. first gave a MILP formulation for the version of the 

JSTP at hand. Then the authors developed a GA implementation 

s a solution approach for the problem, which they tested on a 

eal-life case study involving a surface grinding machine and real- 

ife measurements of energy prices. The GA was able to achieve a 

2% reduction on average in the maximum energy cost per hour, 

long with a 19% saving in the average costs over the whole time 

orizon. 

More recently, Gong et al. (2019) proposed a flexible job shop 

ersion of the BJSTP with job recirculation and operation sequence- 

ependent setups, while considering the cost of work shifts and 

achine working times as well. The problem requires the opti- 

ization of five different objectives: the makespan, the TEC, the 

otal labor cost, the maximal workload, and the total machines’ 

orkload. In particular, the total labor cost considers different 

ages according to the time of the day for different personnel 

ypes, while the maximal workload and the total workload con- 

ist of the maximum working time among the machines and the 

um of such working times, respectively. The introduction of the 

achine 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. 

Class Problem Article Solution approach 

Single-objective single-machine 

scheduling 

1 | prmp , w j | ∑ 

j∈J w j C j + T EC Chen et al. (2021) PTAS 

1 | s j ∈ R + | T EC Chen & Zhang (2019) FPTAS ( ̂ T has at most 2 valleys) 

1 | s j ∈ R + , q j | T EC Che et al. (2016) MILP, Greedy insertion heuristic 

1 | s j ∈ R + , q j | T EC Zhang et al. (2018a) MILP, Greedy insertion heuristic 

1 | speed , s j ∈ R + , q j , w j | T EC Fang et al. (2016) 
∑ K 

k =1 (c k / min t∈T c t ) δ / (δ−1) -approximation 

algorithm, δ > 0 , when p j = w j / v and 

q j = v δ , being v the processing speed 

1 | on/off| T EC Shrouf et al. (2014) MILP, GA 

1 | on/off| T EC Aghelinejad et al. (2016) MILP 

1 | on/off| T EC Aghelinejad et al. (2018b) MILP, Heuristic, GA 

1 | on/off| T EC Aghelinejad et al. (2019a) New lower bounds for MILP formulation 

1 | batch( b ) | T EC Cheng et al. (2016b) MILP 

Multi-objective single-machine 

scheduling 

1 | prmp | C max , T EC Rubaiee & Yildirim (2019) MILP, ACO-based algorithms 

1 | s j ∈ R + | ∑ 

j∈J w j T j , T EC Kurniawan et al. (2018) MILP, Hybrid GA with random insertion 

1 | batch( b ) | C max , T EC Cheng et al. (2014) MILP 

Cheng et al. (2016a) MILP, exact ε-constraint algorithm 

Wu et al. (2021) MILP, Heuristics 

1 | batch( b ) , speed | C max , T EC Zhang et al. (2018b) MILP, Heuristics 

1 | batch( b ) , r j | C max , T EC Zhou et al. (2020) MILP, Hybrid multi-objective 

meta-heuristic algorithm 

Multi-objective parallel identical 

machines 

Pm || C max , T EC Wang et al. (2018a) MILP, Heuristic, GA 

Anghinolfi et al. (2021) MILP, ”Split-greedy” heuristic, ”Exchange 

Search” local search 

Ronco (2022) MILP, ”Split-greedy” heuristic, ”Exchange 

Search” local search 

Pm | batch( b ) , r j | C max , T EC Zhou et al. (2018) MILP, Multi-objective differential EA 

Pm | batch( b ) | C max , T EC Qian et al. (2020) MILP, Multi-objective EA based on 

adaptive clustering 

Pm | batch( b ) , r j | ∑ 

j∈J w j T j , T EC Rocholl et al. (2020) MILP, NSGA II with embedded heuristics 

Uniform parallel machines Qm | batch( b ) | T EC Tan et al. (2019) MILP, SPGA, MPGA 

Single-objective unrelated parallel 

machines 

Rm | s j ∈ R + | T EC Che et al. (2017) MILP, Two-stage heuristic 

Saberi-Aliabad et al. (2020) MILP, fix-and-relax heuristic 

Rm | s j ∈ R + , q j,h | T EC Ding et al. (2016) MILP, Exact algorithm based on MILP 

Cheng et al. (2018) MILP 

Rm || GC max + T EC, G > 0 Moon et al. (2013) MILP, Hybrid GA 

Cheng et al. (2019) MILP 

Kurniawan et al. (2020a) “Triple-chromosome” GA 

Rm | s j ∈ R + | GC max + T EC, G > 0 Kurniawan et al. (2017) MILP, GA 

Rm | prmp , s j ∈ R + | C max + T EC Chen et al. (2021) Exact algorithm based on IP 

Multi-objective unrelated parallel 

machines 

Rm || C max , T EC Pei et al. (2021) MILP, Approximation algorithm 

Rm | s j ∈ R + , s k j | C max , T EC Rego et al. (2022) MILP-based weighted sum method, GA 

Single-objective flow shops F 2 | prmu | T EC Wang et al. (2018b) MILP, ILS 

Ho et al. (2021) Heuristics 

F 2 | on/off| T EC Aghelinejad et al. (2020a) Two Mixed-Integer Programming 

formulations 

Aghelinejad et al. (2020b) Linear Programming formulation 

F 2 | on/off, prmu | T EC Ho et al. (2022) Exact MILP algorithm with Benders 

decomposition 

F m || T EC Peng et al. (2021) IP, PSO 

F m | prmu | T EC Cheng et al. (2016c) MILP, GA 

F F 2(Qm, Rm 

′ ) || T EC, m > m 

′ Zhang et al. (2021) MILP, TS - Greedy insertion algorithm 

F F c|| C max , T EC Luo et al. (2013) ACO-based metaheuristic 

Multi-objective flow shops F m || T EC, 
∑ 

j∈J E j + T j Badri et al. (2021) MILP 

F m | prmu , w j | ∑ 

j∈J w j T j , T EC Kurniawan & Fujimura (2020) SPEA-based metaheuristic 

F m | prmu | C max , T EC Wang et al. (2020a) MILP 

F F 2(Pm, batch( b ) ) | on/off| C max , T EC Wang et al. (2020b) MILP, Constructive heuristic with local 

search, TS, ACO 

F F c| on/off| C max , T EC Zhang et al. (2019) SPEA 

F F c(Qm ) | d j | ∑ 

j∈J T j , T EC Ding et al. (2021) MILP, Hybrid PSO 

F F c|| C max , T EC Chen et al. (2022) MILP, NSGA II 

Single-objective job shops F Jc|| GC max + T EC, G > 0 Park & Ham (2022) IP, Constraint Programming 

Multi-objective job shops Jm || ∑ 

j∈J w j T j , T EC Kurniawan et al. (2020b) LS based on GA 

Jm | batch( b ) | C max , T EC Li et al. (2018) MILP 

F Jc|| C max , T EC Jiang & Wang (2020) MILP, Hybrid evolutionary algorithm 

1104 
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Table 5 

A compendium of non-standard objectives in versions of the BJSTP. 

Non-standard objective Literature 

Total profit Penn & Raviv (2021) 

Just-in-time cost Lee et al. (2017) 

Carbon emissions cost Chen et al. (2019) ; Trevino-Martinez et al. (2022) ; Zhang et al. (2014) 

Labor costs Gong et al. (2019) 

Maximal and total workload of machines Gong et al. (2019) 
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he number of idle machines that burden the overall power con- 

umption without actively contributing to production. The authors 

eveloped a metaheuristic approach (namely a GA) to solve this 

roblem, and observed that it was able to effectively scale to large 

nstances, up to a real-world application case based on a plastic 

ottle manufacturer in Belgium. 

Table 5 reports a summary of the non-standard objectives con- 

idered in this subsection as a part of versions of the BJSTP. 

.2. Versions of the BJSTP that include technological and maintenance 

ssues 

Real-life versions of the BJSTP often include practical aspects 

hat may range from the technological characteristics of the ma- 

hines to breakdowns and maintenance issues. 

Wang (2020) first included some technological aspects in the 

JSTP, by considering a specific version of the problem in which 

he TEC of a set of independent jobs with release dates and dead- 

ines must be minimized on a single machine with a special re- 

uirement for job processing. Specifically, such a machine has to 

ndergo a calibration phase to be capable of processing jobs for 

ome fixed interval. In the version of the BJSTP considered by 

ang , calibration cannot be performed more than a fixed num- 

er of times. By studying the combinatorics of this version, the 

uthors succeeded in showing that there is an optimal solution to 

his problem that follows the Earliest Deadline First order, according 

o which a job with a smaller deadline precedes any other job with 

 larger deadline. As a result, the authors were able to provide the 

rst pseudo-polynomial time dynamic programming optimal algo- 

ithm for the version of the BJSTP. Furthermore, the authors stud- 

ed the same version of the BJSTP without calibration, to find out 

hat it admits a polynomial-time greedy optimal algorithm. 

Dealing with machine maintenance constitutes a necessary con- 

ition for successful, real-life production processes in the long 

erm. In fact, careful scheduling plans that consider machine re- 

iability and maintenance services decrease the average downtime, 

hus lessening its disruptive effects ( Raza & Hameed, 2021 ). In this 

ontext, Sin & Chung (2020) enhanced the study of Shrouf et al. 

2014) presented in Sub section 3.1 by considering the minimiza- 

ion of the TEC and the machine availability for a schedule of a set 

f independent jobs on a single machine endowed with an “on/off”

witching mechanism and preventive maintenance requirements. 

in & Chung assumed a specific closed-form expression for the 

robability distribution of having the machine functioning at any 

iven time and presented a MINLP formulation that, according to 

he authors, is only suitable for small-scale instances. To solve large 

nstances of the problem, the authors also proposed a metaheuris- 

ic based on GA, which they tested on a set of instances based on 

hrouf et al. ’s dataset. Sin & Chung found out that this algorithm 

s indeed able to solve larger instances than the exact approach 

nabled by the MINLP formulation. In addition to this scaling ca- 

ability, the accuracy of their algorithm was also higher than the 

aseline GA implementation for the problem on most of the test 

nstances. 

Cui et al. (2020) proposed a single-machine version of the 

JSTP with maintenance requirements and an objective consist- 
1105 
ng of minimizing both the makespan and the TEC. Cui et al. pro- 

osed an algorithm that separately optimizes the makespan by a 

eans of a GA, and then minimizes the TEC by means of branch- 

nd-bound while satisfying maintenance constraints. The authors 

erformed an experimental analysis that highlighted how, on the 

onsidered test instances, the proposed algorithm enables up to 

5% improvement in TEC, at the expense of a slight increase in 

akespan. In Cui & Lu (2021) , the authors further extended their 

lgorithmic approach to a version of the BJSTP characterized by a 

ow shop instead of a single machine. 

Finally, Kong et al. (2021) considered a version of the BJSTP 

hat requires the minimization of the TEC on identical parallel 

achines, subject to dynamic disruptions and deterioration ef- 

ects. Kong et al. modeled the disruptions as new “arrival” jobs 

o be rescheduled, alongside the “original” ones. The authors de- 

eloped an ad-hoc implementation of the Variable Neighborhood 

earch (VNS) metaheuristic ( Gendreau & Potvin, 2010 ). The idea 

t the core of VNS lies in adaptively changing solution neighbor- 

oods while transitioning between the intensification phase, i.e., 

he search for a local optimum, and the perturbation phase, i.e., the 

ttempt of the algorithm to escape the local optimum to possibly 

nd better solutions. Kong et al. ’s implementation exploits three 

ifferent neighborhood structures. The first neighborhood consid- 

rs the swaps between any two jobs scheduled on different ma- 

hines; the second one evaluates the rescheduling of a job to an- 

ther part of the time horizon, possibly on another machine; fi- 

ally, the third one considers the possible permutations of the as- 

ignments of a set of jobs scheduled on two different machines. 

he ad-hoc VNS implementation was able to outperform the base- 

ine VNS as well as other state-of-the-art metaheuristic implemen- 

ations on 309 out of the 360 considered test instances. 

.3. Applications cases 

This subsection describes some successful effort s in modeling 

ndustry applications as versions of the BJSTP. In this sense, the 

iterature offers valuable guidance to practitioners in taking advan- 

age of TOU pricing schemes to reduce energy expenses and pre- 

erve production objectives at the same time. 

Hadera et al. (2015) focused on the problem of computing a 

ne-day power-intensive schedule for a set of tasks performed by 

 melt shop section of a stainless steel plant. Hadera et al. were 

nterested in minimizing both the TEC and the total weighted sum 

f the start times of the tasks. In this BJSTP version, plant owners 

an power their production by exploiting on-site generation, or 

urchasing and selling electricity at any given time. The authors 

ackled the problem by proposing a MILP formulation and a heuris- 

ic that consists of two different steps. The first step only fixes the 

alues for the subset of variables related to sequencing. The second 

tep exploits the information provided by the previous level to 

ompute the actual solution by determining the start time of the 

obs. Such two steps are part of an iterative loop that progressively 

dds integer cuts to reduce the solution space according to the 

olutions computed at the previous iterations. The authors showed 

hat the joint optimization of the production and the TEC may 

itigate the effects of the fluctuation of the energy prices which 
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ften occurs throughout the day in real-life applications of TOU 

chemes. 

Cao et al. (2021) provided another example of iron-steel plant 

cheduling optimization. Specifically, Cao et al. described the bi- 

bjective version of the BJSTP of simultaneously minimizing the 

akespan and TEC for the flow shop production planning of an 

ron-steel plant. In this version of the BJSTP, the TEC also depends 

n both the self-generation electricity costs and the on-grid elec- 

rovalence. The authors presented a multi-objective MILP formula- 

ion inspired by the work of Ding et al. (see Section 3.2 ) as well as

 population-based metaheuristic to approximate the optimal solu- 

ion to the problem. Such an algorithm exploits a hybrid crossover 

perator that aims at finding a better balance between the preser- 

ation and improvement of good solutions, and the discovery of 

ew promising ones in the search space. The use of this operator 

nabled Cao et al. ’s metaheuristic to achieve a significant reduc- 

ion in the TEC and the makespan of the solutions computed for 

he test instances in the experimental campaign. 

Zhao et al. (2018) faced a multi-stage production problem of 

 rolling process of steel within an electric grid that requires 

inimizing the total production costs, given as the sum of the 

osts of materials changeover, rolling facilities, and the TEC. Rolling 

s a refinement process, where semi-finished products are sub- 

ect to multiple transformation phases up to the final polish. 

hao et al. first provided a Mixed-Integer Non-Linear Program- 

ing (MINLP) formulation with generalized disjunctive program- 

ing ( Balas, 2018 ) constraints. Then the authors proposed a MILP 

eformulation by linearizing the MINLP formulation and also intro- 

uced a tighter lower bound for the objective. The authors showed 

he effectiveness of their solution approach on a case study by 

ighlighting an average 25% improvement in TEC with respect to 

n energy-oblivious approach to the same production problem. 

Tan et al. (2017) modeled hot steel rolling as a job-shop batch 

cheduling problem. Specifically, Tan et al. considered the mini- 

ization of the TEC and the optimization of a production qual- 

ty measure that penalizes jumps between adjacent slabs in the 

olling units. The authors developed a GA to compute a set of non- 

ominated solutions and proposed a heuristic approach to select 

he most favorable solution that lies on the Pareto front according 

o some input preference parameters. The experimental results ob- 

ained by the authors showed the robustness of the algorithm in 

educing energy expenses in many instances, with minimal jumps 

cross slabs in the same unit. 

Yang et al. (2018) modeled a steel production process affected 

y uncertainty, by considering stochastic metal elements concen- 

ration in scrap steel charge within the production scheduling of 

 scrap steel melt shop. Scrap steel is a partially recyclable re- 

ource, as it can be used by steel plants in re-melting processes. 

ang et al. proposed a robust optimization approach with two de- 

erministic counterparts obtained by bounding the set of uncer- 

ain parameters according to a variation range. The authors exper- 

mentally validated the two deterministic solution approaches by 

omparison with a two-stage optimization algorithm. Such an al- 

orithm first optimizes the overall charge according to steel de- 

and and then minimizes the TEC and setup costs for produc- 

ion. Guirong & Qiqiang (2017) also considered uncertain data 

n scheduling, but as a part of the steelmaking-continuous cast- 

ng production. The authors focused on the three-stage process 

f steelmaking, refining, and continuous casting. The considered 

roblem consists of a special flow shop with special routes for 

he involved materials. The authors tackled the problem with an 

mplementation of the cross-entropy optimization algorithm based 

n Monte Carlo simulation ( Deng, 2006 ). Such an algorithm can 

e applied both to non-convex optimization problems with con- 

ex bounded domains and to combinatorial optimization problems 

y exploiting Markov Chains ( Gagniuc, 2017 ). A detailed explana- 
1106 
ion of the cross-entropy optimization algorithm can be found in 

ubinstein (1999) . The experimental results showed that Guirong 

 Qiqiang ’s solution approach is able to compensate for the drop 

n temperature of a load due to transportation between process- 

ng stages, and to ensure high throughput at relatively low energy 

osts. 

Pan et al. (2019) considered a full steelmaking-refining- 

ontinuous casting scheduling problem with TOU prices and elec- 

rical load tracking. The latter is a technique used for energy- 

ntensive industries to improve the performance of the power grid 

y exploiting the knowledge of previous load fluctuations. Pan 

t al. introduced a MINLP formulation and proposed an improved 

PEA metaheuristic that exploits the arithmetic operator for so- 

utions crossover, and hybrid self-adaptive mutation operators for 

olution mutation. Pan et al. (2022) enhanced both Guirong & 

iqiang (2017) and Pan et al. (2019) by addressing the integration 

f multi-position refining furnaces in steelmaking-continuous cast- 

ng scheduling. Instead of simply considering furnaces as buffers, 

an et al. took in to account that they can be used to adjust 

he temperature and the composition of the molten steel. The 

uthors developed a subgradient algorithm that exploits the La- 

rangian relaxation of a MINLP model for the problem and an in- 

erior point algorithm able to attain near-optimal solutions. Zhao 

t al. (2017) also focused on a problem in steel production, but 

hey also considered the resulting detrimental effects on the envi- 

onment of the byproduct gases. Zhao et al. proposed a MILP for- 

ulation for the problem whose objective is to minimize the sum 

f the electricity purchasing costs and a penalty expressed in terms 

f the different levels of byproduct gases emitted during the time 

orizon considered for production. The authors achieved a 29.7% 

eduction in electricity costs while reducing the amount of volume 

f byproduct gases, by applying their MILP formulation to a real- 

orld case study. 

Zeng et al. (2021) considered the problem of optimizing the 

akespan and the TEC of the production of tissue paper mills, 

hich consists of a two-stage flexible flow shop. The first stage 

repares the base paper for the final refinement and packaging 

erformed by the second stage. Machines’ setup costs and trans- 

ortation costs of materials between the first and the second stage 

re considered together with the usual processing costs. As a so- 

ution approach, the authors proposed a hybrid evolutionary algo- 

ithm, which they improved by adding a VNS as an enhancing local 

earch. The authors showed the effectiveness of their solution on 

he case study of a tissue paper mill located in China. 

Forghani et al. (2021) addressed the production scheduling of 

lurry ball mills in the tile industry under preventive maintenance. 

he objective of the production is the minimization of a linear 

ombination of the TEC and a measure of the deviation of the ac- 

ual schedule from the ideal schedule in terms of maintenance re- 

uirements. The authors proposed a solution algorithm that first 

etermines maintenance operations and then minimizes the TEC 

y means of MILP. The experimental tests show promising results 

ith a small case study, which amount to a 73% reduction in peak 

oad and a 26% reduction in energy costs, on average, with respect 

o an energy-oblivious production model. These preliminary re- 

ults suggest that managers may avoid the considerable expense of 

quipment upgrade (to reduce maintenance time and downtimes), 

f they are able to properly model their manufacturing problem 

ithin an energy-conscious framework, e.g., as a version of the 

JSTP. 

Wang et al. (2016) considered a version of the BJSTP that 

s relevant for the glass-ceramic industry. Specifically, Wang 

t al. focused on the problem of scheduling glass ceramization 

n a furnace that processes pallets of glass materials in batches 

ith the objective of minimizing both the makespan and the TEC. 

he authors modeled such a scenario as a single-machine batch 
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Table 6 

A compendium of real-life applications of versions of the BJSTP. 

Application Literature 

Iron-steel plants Cao et al. (2021) 

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

Steel-making continuous casting Guirong & Qiqiang (2017) ; Pan et al. (2019, 2022) 

Environment-aware steel production Yang et al. (2018) ; Zhao et al. (2017) 

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

Glass manufacturing Wang et al. (2016) 

Rubber tires Guo et al. (2022) 
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C  
cheduling version of the BJSTP, where the TEC is expressed in 

erms of the different operational temperatures of the furnace. 

imilarly to Wang et al. (2018b) and Anghinolfi et al. (2021) (see 

ection 3 ), Wang et al. used an exact algorithm based on the 

-constraint paradigm to compute the optimal Pareto front. In 

ddition, the authors proposed two heuristics based on decom- 

osition to deal with large-scale instances of the problem. In 

articular, the first heuristic deals with batch construction, while 

he second one performs batch sequencing and determines the 

perational temperatures of the furnace. The authors successfully 

pplied their heuristic to a manufacturing site in Shanghai, China, 

or which they obtained up to 16.8% energy cost reduction, at the 

xpense of a 20.8% deterioration in makespan. 

Finally, Guo et al. (2022) modeled rubber tire production as a 

exible job shop problem whose objective is the minimization of 

he total production and energy costs. In particular, the authors fo- 

used on the banburying process, which converts raw rubber into a 

trong material with elastic properties. The authors proposed a hy- 

rid approach based on a GA and Petri nets. The nodes in the Petri 

et model different states for energy usage, and simulation pro- 

ides a measure of the operational time. The genetic component 

f the solution approach handles the allocation of the resources 

eeded to complete the production plan. 

Table 6 summarizes the different applications of TOU schedul- 

ng discussed in this subsection. 

. Conclusions 

In this article, we reviewed the most prominent literature on 

nergy-efficient job scheduling with TOU-based tariffs, whose the- 

retical and practical relevance has considerably increased in the 

ast few years. This specific class of scheduling problems is char- 

cterized by a pricing scheme induced by TOU-based tariffs, that 

rive customers’ demand to relieve the environmental impact of 

eak energy generation. We have presented the motivation behind 

he worldwide strive for sustainability and classified the flourish- 

ng literature from a historical point of view while dealing with 

he computational details of the involved solution approaches. Our 

ffort f ocused on providing researchers and practitioners with a 

omprehensive view of the literature that may guide them toward 

he most important theoretical advances and practical applications 

n sustainable manufacturing. Toward this end, we proposed a tax- 

nomy that encompasses and categorizes all the most significant 

esearch outputs. The presentation of the taxonomy closely follows 

he development of the literature, to provide a complete and con- 

istent framework for job scheduling with TOU-based tariffs as a 

hole. 

As concerns further developments in the field, we believe nec- 

ssary to devote further efforts to the study of the combinatorial 

nd polyhedral properties of the considered problems. Despite the 

xistence of many significant results for single-machine problems, 

cheduling on multiple machines still mainly relies on heuristic or 

etaheuristic algorithms. Extending the knowledge on the com- 

inatorics of such problems would provide assistance in speeding 
1107 
p the existing heuristics, and uncovering characterizing polyhe- 

ral properties would possibly enable the development of faster 

pproximation or exact algorithms. Such advancements would be 

ssential to tackle many application cases, where the involved real- 

orld scenarios require the application of efficient and scalable al- 

orithms. Finally, future research should also be focused on inves- 

igating the limitations of TOU-based tariffs in containing the en- 

ironmental impact of scheduling and production as well as possi- 

le alternative pricing schemes that may prove competitive or even 

ore effective. 
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