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ABSTRACT

With the continuous development of national economies, problems of various energy consumption levels and pol-
lution emissions in manufacturing have attracted attention from researchers. Most existing research has focused
on reducing economic costs and energy consumption. However, the Hybrid Flow Shop Scheduling Problem with
energy-efficient criteria has not yet been well studied, especially with blocking constraints. This paper is the first
to present a mathematical model of the blocking hybrid flow shop problem with an energy-efficient criterion and
a modified Iterative Greedy algorithm based on a swap strategy designed to optimize the constructed model. In
the proposed algorithm, first, a heuristic is adopted to generate the initial solution. Second, a local perturbation
strategy based on a swap operator is designed to ensure the convergence of the algorithm. Third, a simple global
perturbation strategy based on a half-swap operator is proposed as a means to further search for the potentially
best solution with the traditional simulated annealing criterion. The proposed algorithm is applied to 150 test
instances at different scales and compared to state-of-the-art algorithms. The experimental results demonstrate

that the proposed algorithm outperforms the compared algorithms and can obtain a better solution.

1. Introduction

Under pressures of global warming and continuous competition
among enterprises, energy-efficient manufacturing that aims to increase
production efficiency and decrease energy wastage is attracting increas-
ing attention [1]. In the manufacturing industry, scheduling is an im-
portant problem that directly affects the production efficiency and en-
ergy consumption of enterprises. It is necessary to establish a reason-
able calculation model and to design an efficient scheduling optimiza-
tion method that can improve the production efficiency of enterprises
and reduce environmental pollution. The Flow Shop Scheduling Prob-
lem (FSP) is a commonly experienced optimization problem in many
enterprises, and it has been proven to be an NP-hard problem [2].

The Hybrid Flow Shop Scheduling Problem (HFSP) is a more com-
plex optimization problem than the FSP; covers all characteristics of
the FSP and is commonly used in steelmaking and refining [3], film
transistor-liquid crystal displays [4], semiconductor wafer fabrication
facilities [5] and other production processes. For the HFSP, a collection
of jobs must pass through all stages of the workshop, and the process of
each job is independent. Unlike the FSP, the HFSP overcomes the unique
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constraints of machines; that is, in any processing stage, each job can be
processed on one parallel machine. This setting of parallel machines can
increase the productivity and flexibility of the scheduling process [6]. In
production settings, due to limitations of storage capacity or technical
constraints [7], when a job is finished in a certain stage and machines
for the next stage are not available, the job must remain at the current
machine until one of the machines of the next stage is available [8,9].
This situation is often called job blocking. The existence of blocking in
machines prolongs the wait times of jobs and causes unnecessary energy
wastage; thus, the blocking constraint reduces the processing efficiency
of the job sequence. It is evident that for job sequences of different scales,
the difference in job sequencing will cause different degrees of blocking.
This arrangement can improve the production efficiency of the manufac-
turing industry and reduce energy wastage by applying an optimal job
sequencing sequence as effectively as possible, mitigating the blocking
problem caused by the absence of a buffer.

At present, many metaheuristic algorithms have been developed for
solving FSP with blocking constraints, such as the Hybrid Multiobjec-
tive Artificial Bee Colony [10], the Evolutionary Multiobjective Robust
Scheduling algorithm [11], the Iterated Greedy (IG) algorithm [12,13],
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the Hybrid Enhanced Discrete Fruit Fly Optimization algorithm [14],
Discrete Invasive Weed Optimization [15] and the Discrete Gravita-
tional Search Algorithm [16]. All of the above algorithms are used
to solve the FSP with blocking constraints. However, these algorithms
do not design corresponding methods for the HFSP with blocking con-
straints. In view of this, this paper studies means to reduce the energy
consumption of the Blocking Hybrid Flow Shop Scheduling Problem
(BHFSP).

The IG algorithm has been proven to be an effective method for solv-
ing the FSP [17]. The IG algorithm with blocking constraints also shows
good performance relative to many algorithms [18,19]. Some typical
advantages of the IG algorithm are that (1) the algorithm has a simple
structure with few parameters and can integrate constructive heuris-
tic and metaheuristic algorithms into its framework. (2) Unlike existing
swarm intelligence algorithms, the IG algorithm generates only one so-
lution in each iteration so it can focus on a deeper exploration of a solu-
tion. (3) The IG algorithm can arrange a job in an appropriate manner
as much as possible through the local perturbation of the job sequence,
effectively reducing energy wasted due to the blocking of the job se-
quence. Based on the advantages of the IG algorithm and job blocking
problems, we propose an improved Iterative Greedy algorithm based
on swap (IGS) to solve the above BHFSP. In the IGS, two perturbation
strategies are designed to improve the local and global search abilities
of this solution to reduce the impact of blocking constraints on the job
sequence.

Our algorithm is the preferred choice when solving the HFSP with
blocking constraints, since our algorithm is particularly designed to
solve such a problem. This would be also a limitation of our algorithm.
That is, our algorithm may be not the best choice to solve the HFSP
without blocking constraints. According to the above description, the
contributions of this paper are as follows:

(1) In real-world production, the blocking of jobs and machine idleness
always lead to increased energy consumption. However, to the best
of our knowledge, the BHFSP with energy consumption has not yet
been well studied. Therefore, this paper makes a strategy design for
blocking constraints and uses it to reduce the invalid processing of
the machine. Then, this paper constructs the mathematical model
of the BHFSP with energy consumption criteria to satisfy scheduling
demands.

(2) The strategies proposed in this paper are particularly designed to
handle job blocking constraints. To exploit promising subregions and
explore irregular unknown regions, in the earlier stages of iteration,
the MinMax and Nawaz, Enscore and Ham (MME) heuristic algo-
rithm is used to reduce the impact of blocking on the job sequence.
In the later stages, two perturbation strategies are designed to bal-
ance the local and global search ability of the proposed algorithm. By
disturbing the blocking jobs, the energy consumption is effectively
reduced.

(3) To handle the blocking problems of job sequences and improve the
iterative performance of the algorithm for large-scale operations, lo-
cal perturbation strategies based on swap are proposed as a means to
improve the local search ability of the solution. Because blocked jobs
may vary with changes in job sequences, local perturbation strate-
gies based on swap effectively change the positions of blocked jobs.
The strategy proposed in this paper can be executed more times due
to its lower complexity. It can quickly disturb the job sequence, sim-
plifying the iterative process and reducing energy wastage.

(4) To further disturb the blocked jobs and change the jobs order, a
global perturbation strategy based on a half-swap is proposed in
consideration of the conditions of the local optimum and the diver-
sity of the solution. The proposed strategy can effectively adjust the
arrangement of the current blocked job sequence, and improve the
global search ability of the algorithm for the individuals of each gen-
eration.
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The remainder of this paper is organized as follows. After a brief
introduction provided in Sections 1, 2 presents a literature review.
Section 3 describes the scheduling problem of the energy-efficient
BHFSP. In Section 4, an IGS is developed to obtain the above mathe-
matical model. Section 5 analyzes the experimental results. Finally, a
summary of this paper and avenues for future work are presented in
Section 6.

2. Literature review
2.1. HFSPs

Several exact algorithms have been proposed as tools used to solve
the HFSP, including the branch and bound algorithm [24,25] and La-
grangian relaxation algorithm [26,27]. However, for a large-scale HFSP,
it is difficult to solve such problems with exact algorithms. Heuristic,
metaheuristic and hybrid heuristic algorithms have become scholars’
favored means to solve such problems [28]. The following section pro-
vides a review of these algorithms.

Intelligent optimization algorithms are generally divided into heuris-
tic and metaheuristic algorithms to solve the FSP [21]. The Nawaz—
Enscore-Ham (NEH) constructive heuristic was first designed to solve
the FSP [22]. Later, McCormick et al. [23] proposed profile fitting to
minimize blocking and idle times of the job sequence. Ronconi [20] de-
veloped the MME constructive heuristic for the FSP with blocking con-
straints. The above heuristic methods show superior performance in ini-
tializing a solution. Thus, the methods are embedded into the initializa-
tion stage.

More recent studies on metaheuristics have also been conducted. Ne-
jati et al. used the genetic algorithm (GA) to minimize the weighted
completion time of the HFSP with a work shift constraint; the advantage
lies in the algorithm’s quick response to demands based on substantial
streaming and machine utilization to adjust the sequencing problem.
[29]. Pan et al. proposed a Discrete Artificial Bee Colony (DABC) to min-
imize the makespan of the HFSP [30] where a new control parameter is
introduced into the algorithm to balance the abilities of local exploita-
tion and global exploration. Zhang et al. [31] presented an Effective
Modified Migrating Bird Optimization (EMBO) algorithm to solve the
HFSP. In EMBO, two competitive mechanisms are used to increase the
probability of locating better solutions and to enhance the interactions
between two lines. Li et al. [32] proposed the Hybrid Variable Neigh-
borhood Search (VNS) method, which combines Chemical-Reaction Op-
timization and the Estimation of Distribution algorithm in solving the
HFSP. Later, Liu et al. [33] presented a hybrid EDA-DE algorithm that
combines the Estimation of Distribution algorithm with the Differential
Evolution algorithm to solve the HFSP.

In addition, for the optimization of energy consumption, Tao et al.
[28] were the first to consider energy consumption and resource con-
straints and proposed the Discrete Imperialist Competitive algorithm
(ICA) for solving the HFSP with a makespan objective. Marichelvam
et al. proposed a Discrete Particle Swarm Optimization (DPSO) algo-
rithm that is hybridized with the VNS method to reduce energy con-
sumption for a flexible FSP [34]. Similarly, the Nondominated Sorti3ng
Genetic Algorithm-II is adopted to solve the flexible job shop problem
with energy consumption objectives [35], which can effectively select
a suitable machine for each operation and undertake rational operation
sequencing simultaneously without the interference of subjective fac-
tors. Later, Lei et al. proposed a two-phase metaheuristic based on the
ICA and VNS to solve the flexible job shop scheduling problem with an
energy consumption threshold [36].

2.2. IG algorithm
The IG algorithm is a simple and effective optimization algorithm.

Due to its simple structure and embeddability, the algorithm has at-
tracted much attention from researchers in manufacturing scheduling
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Limitations

Due to using too many iterations, the local neighborhood of a single
solution is not sufficiently explored.

Similarly, the exploration ability of the single solution is not sufficient.

The algorithm has a more complex structure and more parameters,
necessitating extensive parameter adjustment efforts.

With more parameters, the implementation process is more complicated
than that of other swarm algorithms.

The operation of a single solution is not conducive to maintaining
solution diversity, global search ability is weak, the algorithm easy to
falls into the local optimal.

Local searches are not highly effective at improving the global search
ability of the solution, and the algorithm easily falls into the local
optimal.

RIS and RSS policies are complex, and their execution takes a
considerable amount of time.

Local search ability is further strengthened, which reduces the

Table 1
Advantages and limitations of the algorithms.

Advantages

GA [29] The structure is simple, and in the same amount of termination time,
the algorithm can iterate many times more than other algorithms, and
the diversity of the solutions is good.

DABC The three-layer structure is simple and clear. In the iterative process,

[30] the new solution is used to replace the worst solution of the population
to improve the overall quality of the population.

EMBO The local and global search abilities of the algorithm are widely

[31] considered, and the algorithm combines the advantages of the DABC
and GA algorithms.

DPSO In this paper, the initialization strategy and subsequent iteration

[34] operation are shown to better balance the global and local search
abilities of the algorithm.

IGA The algorithm’s structure is simple, the operation of only one solution

[17] can achieve a greater degree of exploration, and local search ability is
strong.

IGRS The algorithm has fewer parameters and a simple structure. Compared

[46] to the traditional IG algorithm, this algorithm achieves better local
solution exploration.

IGT Compared to other IG algorithms, global search ability is improved, and

[46] fewer parameters are applied.

IGTALL The IGT algorithm is further optimized after the destruction strategy,

[46] and the local search ability of the algorithm is further improved.

VBIH Performing operations on blocks can reduce damage to the current

[46] good sequence and improve local search ability.

exploration of global scope and causes the algorithm to easily fall into

the local optimum.

The algorithm takes more time to execute an iterative process and the

irregular unknown regions of the solution are not sufficiently explored.

fields. After Ruben and Thomas first used the algorithm to solve the FSP
[17], a series of improved IG algorithms were applied to solve the FSP.
For the makespan criterion of the no-wait FSP, Ding et al. [37] proposed
a tabu-based reconstruction strategy to enhance the exploration abilities
of the IG algorithm. Next, Huang et al. modified the IG algorithm by
using six different operators to solve the distributed permutation FSP
[38]. Fernandez-Viagas et al. adopted IG-based algorithms with beam
search initialization to minimize the overall tardiness of the FSP [39].
Ochi and Driss proposed the Bounded-Search IG algorithm for solving
the Distributed Assembly Permutation Flow Shop Scheduling Problem
(DAPFSP) [40]. Similarly, Huang et al. proposed an improved IG algo-
rithm based on group think as a means to solve the DAPFSP [41].

To the best of our knowledge, there have been few studies on the use
of the IG algorithm for solving the HFSP. We note the following related
studies. Ying [42] proposed an IG algorithm for solving the HFSP with
multiprocessor tasks. Rodriguez et al. used the IG algorithm to solve the
large-scale unrelated parallel machine scheduling problem [43]. Shao
et al. [44] used the IG algorithm to solve the distributed HFSP with
a makespan objective. Fbo and Ms [45] proposed an IG search meta-
heuristic that minimizes the makespan of the HFSP encountered in a
manufacturing plant with sequence-dependent setup times. Ztop et al.
[46] designed a series of strategies and four IG variants, i.e., IGRS, IGT,
IGTALL, and VBIH algorithms, to solve the HFSP. These variants have
shown good performance in the literature. From experimental results,
the IG algorithm shows good performance in various studies in solving
HFSP.

2.3. The motivation of the proposed IGS

According to the above algorithms, we select nine representative
algorithms related to our considered problem and state their advan-
tages and limitations in Table 1. Through a comparative analysis of al-
gorithms, we find that swarm intelligence algorithms, i.e., GA, DABC,
EMBO, and DPSO, include more parameters and complicated structures.
At the same time, the algorithms can provide multiple solutions that
are helpful in improving the diversity of solutions. However, in the ex-
ploration of a single solution neighborhood, these swarm intelligence
algorithms are slightly less effective than the IG algorithm. In actual
production, we often only need an optimal scheduling scheme, which
requires this scheduling scheme to minimize the optimal objective value

as much as possible. Compared to traditional swarm intelligence algo-
rithms, the improved IG algorithm can more intensively explore a single
solution and is very effective at improving the reinforcement of the solu-
tion. According to the description of the advantages of the IG algorithm
provided in the introduction and the current status of research prob-
lems, this paper identifies further improvements on the basis of the IG
algorithm.

The studies conducted adopt a series of IG algorithms to solve the
HFSP, demonstrating good results in local neighborhood exploration.
However, it is difficult to have the solution jump out of the search range
and reduce the diversity of the solution using local neighborhood ex-
ploration alone. The iterative improvement strategy of the traditional
IG algorithm shows excellent performance in solving small-scale prob-
lems. However, with the continuous expansion of the job sequence, the
advantages of the iterative improvement strategy gradually decline. Be-
cause this strategy is based on the insertion operation, the operation
is more complex than the swap strategy. Therefore, if the termination
time is the same, the number of insert operations will be lower than the
number of swap operations, which will reduce the number of algorithm
iterations and make it difficult to change the relative position of the job
sequence. As a result, the improvement in job blocking is not obvious,
and the solution easily falls into a local optima.

To avoid the above result, this paper proposes a local perturbation
strategy based on swap to replace the iterative improvement strategy
of the traditional IG algorithm. The proposed strategy can better solve
large-scale problems. In addition, the traditional IG algorithm only uses
the criterion of simulated annealing to improve the diversity of the solu-
tion, and this criterion has not been found to greatly improve the diver-
sity of this solution after simulation testing [38]. Therefore, this paper
designs a new global perturbation strategy for the original simulated
annealing criterion to explore the solution across a broader range. In
addition, the strategy can more effectively perturb the job sequence,
improve the global search ability of the solution, and further reduce
the impact of blocking constraints on the energy consumption of jobs,
motivating our design of new strategies based on the IG algorithm.

3. Energy-efficient BHFSP

The related notation of BHFSP is given as follows:
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J: The total number of jobs, indexed by =1,2,...,J.

S: The total number of stages, indexed bys = 1,2, ..., S.

M: The number of identical parallel machines in stages;M, =
{1,..m, .., M}

M!dle: The available time of machinemin stages.

Ds, J The processing time of jobjin stages.

B, ;: The start time of jobjin stages.

E, ;: The end time of jobjin stages.

Block, ;: The blocking time of jobjin stages.

mbefore: The number of machines with jobjprocessing in the preced-
ing stages — 1,5 =2, ...S.

meurrent: The number of machines with jobjprocessing in the current
stages.

P;’ rocess: The power of machinemin stagesprocessing a job per unit
of time.

PJa¢!: The power of machinemin stagesremaining in the idle state
per unit of time.

PJlock: The power of machinemin stagesremaining in the block state
per unit of time.

X = 1T hejobjisarrangedtobeprocessedonmachinem
Jum= 00thers

The BHFSP contains a set of S stages in which one or more identical
parallel machines are arranged for each stage. At least one stage uses
more than one machine. A sequence of n jobs must traverse through all
stages consecutively. Once a job is completed in the current stage, it
must be transferred to the next stage for processing. In contrast to the
HFSP, no intermediate buffers exist for any adjacent machines for the
BHFSP considered in this paper. Thus, it is necessary to consider the
idle and blocking time of each machine over two key steps: machine
assignment for each job and the allocation of collections of jobs to the
selected machines. In addition to the above constraints, the BHFSP is
subject to the following eight constraints:

(1) All machines and jobs are available at time zero.

(2) Both the idle time and blocking time of machines are considered.

(3) Each job passes through all stages, and at a specific stage, a job is
performed by exactly one machine at a time.

(4) At any given time, each machine can process at most one job, and
each job can be processed on at most one machine.

(5) All jobs should be continuously processed and not preempted or in-
terrupted.

(6) No intermediate buffers exist for adjacent machines.

(7) A completed job must be immediately transported to the next stage.
If there is no available machine at the next stage, the job will be
blocked on the current machine until the next downstream machine
is available for processing.

(8) Both the transportation time and setup time are included in the pro-
cessing time.

To more clearly describe the difference between the HFSP and
BHFSP, a simple example is given. Suppose that the processing times
of each job in 3 stages are {3,10,1}, {5,7,6}, {5,3,3}, {5,4,7}, {8,3,7},
and {4,7,3}. Each stage involves two identical parallel machines.

As shown in Fig. 1., when there are sufficient buffers between adja-
cent machines, the completion time of the HFSP equals 28. However, for
the no-buffer case, the completion time of the BHFSP is increased to 30.
This is the case because some jobs are blocked on the current machine
until the next downstream machine is available for processing; i.e., be-
cause machines 3 and 4 are not available 8 times, job 3 is blocked on
machine 1 (denoted by the shaded rectangle).

The blocking constraint increases the manufacturing time. Thus, we
are encouraged to research the BHFSP and reduce the blocking time.
First, we construct a mathematical model of the BHFSP, and then we
provide an example of the calculation process of the makespan to more
clearly describe the process.
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Let a job permutation z= {1,2,3,4,5,6} represent the sequence of
jobs to be processed, and let the processing time of each job be as fol-
lows:

[P:,/] 3x6 — | P21 2%} P23 Pra P25 12X3 10 7 3 4 3 7

Pra Pio P13 Pra Pis 1’1,6:| [ 3 5 5 5 8 4
P31 P32 P33 P34 P35 P36 1 6 3 7 7 3

According to the mathematical model given above, the calculation
of machine availability time and the completion time of every job is as
follows:

1) Mldle =inf{Mm]%, M9} =inf{0,0} =0; B, =M]/¥=0; E,
By +p,=0+3=3;

Idle _ — 2. ybefore — 1.
M = Ey =3 mPore =15

1) lefl“e = inf{szj’e,Mz{g’e} =inf{0,0} =0; B, = sup{Mz'f{’f,Elvl}

sup{0.3) =3; E\ =By, =3 M[{*=E ;=3 Ey =By +py =
3+10=13; Mzhfle = E2,1 =13; mbefore — 1;

2) MS’V‘{’E = inf{M;f{’f, M;;’e} =inf{0,0} = 0;B; | = sup{M;j’“, Ey )=
sup {0, 13} = 13;

Ey =By, =13; MU =FE,, =13;
M3I,(fle — E3,1 — 14;mbefore — 1,

E34’]=B3’] +p31 = 13+1=14

1) M4l =inf(M]4e M]dIe} = inf(3,0} = 0;B,, = M[9* = E, , =
31,2+P1,2=0+5=5;
M]]g[e - E1,2 — 5;mbcf0re =2;

1) mMldle =inf(M]%, MI4'?} = inf{13,0} = 0;B,, =
sup{MId]e E1,2} =sup{0,5} =5;

22’

Ejp=By)=35; M{é’e =E =35
Migle — E2,2 =12; mbefore — 2;

Eyp=Bys+ppr=5+T7=12

Idle _ ; 1dl Idley _ ; — 0 —
1) Mﬂe = mf{M3’1 ‘, M3’2 ¢} =inf{14,0} = 0;B;, =

sup{M;gle,Ez’z} =sup {0, 12} = 12;

Eyy =By =123M)5 = E)) = 12E;5 = B3y +p3p = 12+6=
18; M4 = E5, = 18;mbe/ore = 2

1

—

M = inf{M] ', M5/} =inf (3,5} = 3;B, 3 = M = 3;E, 5 =

Biy+p3=3+5=8;
M]Ijle - E1.3 - S;mbefore =1;

Idle _ : Idl Idl — — . —
1) MIdle = inf(M]4e, M1/} =inf{13,12) = 12;B,5 =

sup{Mz{g’f,Em} =sup (12,8} =12;

Ej3=By3=15M]{*=E 3 =1%4E,3=By3+p3=12+3=

15;M]9' = E, 5 = 15;mbe/ore = 2;

1) M4 =inf{M ]9, M[9/} = inf{14,18} = 14;B;5 =
sup{M;‘I”", Ey3} =sup {14,15} = 15;

Ey3=B33;=15M]%°=FE,3;=15E;3=B;5+p;;=15+3=
18;M]4le = Ey 5 = 18;mbe/ore = 1;

1) M9 =inf(M[{', M]j/} =inf(8,5) =5; Byy=M]=5 E 4=
Bia+pa=5+5=10

Mllglc — El,4 — 10’ mbefore — 2;
1) MI4e =inf{M ]9, M]3/} = inf{13,15} = 13;

sup( M4, E, 4} = sup {13, 10} = 13;

Byy=
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Ej4=Byy=13M!4 = E |, = 13E,; =By, +pyg = 13+4 =
1M (" = Eyy = 1Tmbe/ e = 1
1) M9 = inf{M[9', M]4/*} = inf{18, 18} = 18; By, =
sup{MJ 49", E, 4} = sup (18,17} = 18;

E2’4 = B3,4 = IS;MZI‘IHe = E2‘4 = 18;E3‘4 = B3’4 +p3y4 =1847=
25;M )41 = Ey 4 = 25;mbelore = 1

1) Mldle = inf{M]d', MIdle} = inf{12,13} = 12;

By 5= Mldle=12;
E\s=Bjs+ps=12+8=20;

M[szle - E1,5 =20; mbefore — 1;

1) Mz"g’e = inf{Mif’e,MiZ’e} =inf{18,15} = 15; Bys=
sup{M; ', E, 5} = sup (15,20} = 20;
Ei5=By5 =205M/{* = E; 5 = 20;E,5 = Bys + p5 =20 +3 =
23;M,5/ = Ey 5 = 23;mPe ¢ = 2;
1) M;‘gfe = inf{M_;j’e, M_{é’e} =inf{25,18} = 18; Bys=

supf{ ;’gle,Eu} =sup {18,23} = 23;

Eys=Bss5= 23;M2’";’e =Eys=23%E;5=B35+p35s=23+7=

30;M14le = Ey 5 = 30;mbelore = 2;

1) M9l =inf{M]4', M4/} = inf{20, 13} = 13;

Byg= Ml =13;
Ejg=Big+pe=13+4=1T

1,2

Mllgle — E1,6 — 17, mbefore — 2’

1) Mldle = inf{M]d', MI4le} = inf{18,23} = 18; By =
sup{legle,Elvﬁ} =sup{18,17} = 18;
E\g=Byg=18;M/=FE 5= 18E, = Bys+ps=18+7=
25;M;4 = Ey g = 25;mPe/ ¢ = 1;
1) M9 = inf{M]9', MI4l*} = inf{25,30} = 25; By =

sup{ M}, E, 6} = sup (25,25} = 25;
Eyg =By =25M){" = Eyg=25E35=Bys+p36=25+3 =
28;M141e = Ey g = 28;mberore = 1;

The makespan of this example is C,,,, = E; 5 = 30.

In addition to the above makespan objective, energy efficiency is a
key objective in view of practical production. We know that energy con-
sumption exists at any stage, i.e., the processing stage, blocking stage,
machine idle stage and so on. In addition, different scheduling sequences
may result in different idle and blocking time lengths, leading to in-
creased energy consumption. Thus, for the BHFSP considered in this
paper, we not only consider the energy consumption of the processing
time of these jobs but also take into account the energy consumption
of the idle and blocking times of all machines. The energy consumption
objective is given as follows:

Objective:
ArgminTEC = ECp + ECp + EC; 12)
ECp= ¥ X X XuxPLExp (13)

se(l,...5) meM, je(12,...1)

Bo= T % T T K xOUExE

s€{2,....5} m’”./m’eM:,l meM; je{l2,..J}
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14)

Ee= X% (Ewory = M3 x BL3I as)
S€(2miS) mEM, je{1.2....T)

where TEC is total energy consumption, ECp represents the energy con-
sumption when the machines process all jobs, ECy represents the en-
ergy consumption of machines that remain in the blocking state, and
EC; represents energy consumption when the machines remain in the
idle state.

4. Proposed IGS algorithm for the BHFSP
4.1. Basic IG

The traditional IG algorithm includes five main parts: initialization,
destruction and construction, iterative improvement, the acceptance cri-
terion, and the termination condition. First, an initial solution is gener-
ated by utilizing the NEH heuristic, and then iterative improvement is
employed to improve the performance of the obtained solution through
continuous iterations and insertions (see lines 4-5 of Algorithm 1). In
the destruction phase, the job sequence, z=(x, 5, ..., 7;), is partially
destroyed, and the number of removed jobs is controlled by parameter
d. The setting of d is very important. If it is too small, this will result in
slow convergence and a small search range. If the value is too large, this
will result in too much time spent and reduce the performance of the
IG. Therefore, we test the setting of d in Section 4.3. When the destruc-
tion phase is finished, we obtain partial job sequences zR¢™ov¢ and zorisi"
where zR¢move is the set of d removed jobs and z°"¢" consists of the re-
maining jobs (see line 8 of Algorithm 1). In the construction phase, every
job in zRemove is inserted into each possible position of z°¢/, and the
best position is selected with the minimal objective value (see line 9 of
Algorithm 1). Then, the same local search as that applied before is used
again to improve the convergence of the obtained solution. In the accep-
tance criterion, a simulated annealing algorithm is applied to determine
whether the improved job sequence replaces the current sequence (see
line 11 of Algorithm 1). The procedure of the basic IG algorithm is given
below.

4.2. Proposed IGS

The existing literature has shown that the IG algorithm can achieve
good results in solving flow shop and job shop scheduling problems.
However, some strategies still need to be improved or modified. First,
an efficient local perturbation strategy can be designed to reduce the
time complexity of the insertion strategy in the IG algorithm, where a
simple swap method is adopted to directly improve the current solu-
tion, which can not only ensure the convergence of the algorithm but
also identify the global optimal solution as often as possible. Second,
from the analysis of the simulation experiment results, we know that in
the simulated annealing stage, the generated solution easily falls into a
local optimum. Thus, to improve the performance of the IG algorithm in
solving the BHFSP with energy consumption, in the simulated anneal-
ing stage, a global perturbation strategy based on a half-swap can be
adopted to disturb the solution further to find a better solution. Based
on the above motivations, we propose an improved IG algorithm based
on a swap algorithm denoted as the IGS algorithm.

First, according to the blocking characteristic of the BHFSP, the MME
heuristic [20] is adopted to generate an initial solution by reducing the
critical path length. Second, a local perturbation strategy is designed
to improve the current sequence to further strengthen the convergence
of the proposed algorithm. Third, to prevent the solutions from being
trapped in local optima, a new slight perturbation based on a half-swap

Blockis performed in the simulated annealing stage. Algorithm 2 presents the
s—1,mhefore

ramework of the proposed the IGS algorithm.
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4.2.1. Solution encoding and decoding

For the BHFSP, we adopt a permutation-based representation as the
solution encoding method; that is, we apply an n-dimensional integer
sequence z=(z,7,,...7;,.... 7;) tO represent a solution, where 7 de-
notes a job and J represents the number of job sequences. Please see
Section 2 for further details on the decoding process; a specific example
of a BHFSP with six jobs and three stages is given.

4.2.2. Destruction and construction phase

A good initial solution can accelerate the convergence speed of an
algorithm. Thus, some heuristic methods, i.e., the NEH and MME, are
used in the initialization stage. According to the blocking characteristic
of the BHFSP, an MME heuristic is adopted to shorten the blocking time
of jobs by using a shortest critical path. After initialization, destruction
and construction operators are employed. Algorithm 3 shows the process
of job sequence destruction, where zR¢°¢ is generated by randomly
extracting d jobs from z and entering them into zR¢"°*¢ one by one.
718 consists of the remaining jobs in z. The construction phase begins
at the end of the destruction phase, and its main task is to construct
a completed and feasible scheduling sequence. The specific process is
shown by Algorithm 3.

4.3. Local perturbation strategies based on swap operator

In existing IG algorithms, the insertion operator is used as a local
search strategy. Because all n jobs need to be inserted into (n-1) posi-
tions and each insertion will cause n-p+1 moves (where p is the best
insertion position), its time complexity is O(n?). Moreover, if the objec-
tive value is further improved after all of the above operations, it will
use too much execution time. Therefore, in this paper, to reduce time
complexity, we abandon the traditional IG local search strategy and uti-
lize a local perturbation strategy based on a swap operator whose time
complexity is only O(n?), where n is the number of iterations, and each
iteration contains a swap operator. Similarly, we propose another local
perturbation for a comparison to the same kind of method, namely, the
swap greedy method, and the efficiency of the proposed swap strategy
is verified in Section 4 by comparing the insertion and insertion greedy
strategies. The following provides an example of 6 jobs that clearly il-
lustrate the above local perturbation strategies.

Suppose that the current sequence is 7'*"’=(2,4, 1,3, 5, 6). The swap
local perturbation strategy, namely, IGS, is as follows: (1) Randomly
select two jobs, i.e., 2 and 3, and (2) exchange the two jobs to obtain a
new sequence, 7'*""2=(3,4,1,2,5,6). If z'¢"P? is better than z'"P, z'e"p?
replaces /™. Otherwise, z'*""? remains unchanged. (3) Continue steps
(1) and (2) until the termination condition is met.

For the same example, the swap greedy strategy, denoted as
IGgyapGreedy> iS as follows: (1) Swap the first job in 7', ie., 2,
with the remaining jobs, i.e., 4, 1, 3, 5, and 6, to obtain 5 new se-
quences, i.e., (4,2,1,3,5,6), (1,4,2,3,5,6), (3,4,1,2,5,6), (5,4,1,3,2,6), and
(6,4,1,3,5,2), respectively. The generated sequence is denoted as z'*".
(2) If z'mP? is better than z'"?, save z'®"*2 and set x'®"P2=g'em?_Qth-
erwise, only set z'*"P2=z'*"P, (3) Among the 5 sequences, choose the
best sequence to replace current sequence z'*"?. (4) Swap jobs 4,1,3,5,
and 6 with the remaining jobs and repeat steps (1)-(3) until all posi-
tions are selected and the jobs in these positions are exchanged with all
other jobs. The pseudocode of the local perturbation strategy is given in
Algorithm 4.

4.4. Global perturbation strategy based on a half-swap operator

In the traditional IG algorithm, a simulated annealing acceptance cri-
terion is used to prevent the solution from falling into a local optimum.
However, the solution obtained by the previous stage is not necessarily
good. To strengthen and expand the neighborhood search of the current
solution, we develop a global perturbation strategy based on a half-swap
denoted as IGaif.swap to disturb it further to find a better solution, and
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we integrate IGp,j¢swap into the simulated annealing stage. In this way,
we can find a better solution more quickly. In addition, it is easier to
find a solution that is similar to the global optimal solution, which is
obviously different from other IG algorithms and is also an innovation
of this paper. After the disturbance, the acceptance criterion is applied.
If the new solution is better than the current best solution, it will replace
the best solution.

To clearly illustrate the above steps of IGpaif.swap, an €xample is
given. Let 7'*"’=(2,4,1,3,5,6). (1) We divide z'*"’=(2,4,1,3,5,6) into
two subsequences, 7f"""=(2,4,1) and z8%*=(3,5,6). (2) We select the
subsequence, i.e., z7"", with more energy consumption to be further
improved. (3) We swap the first job in zf"", i.e., 2, with jobs 4 and
1, and obtain new sequences, i.e., (4,2,1) and (1,4,2), respectively, de-
noted as zfrontemp_ (4) If the energy consumption value of zfrom-femp jg
smaller than that of zf7o"  gFronttemp replaces zf7". (5) A completed
sequence, z'¢"P"¢%_is obtained by merging zf"" and z Bk, If glemp-new
is better than z'*"P, then z'®" is replaced by z'®"P-"¢¥_(6) We apply the
second and third jobs in zF"°" in turn; swap jobs 4 and 1 with the re-
maining jobs; and repeat steps (3), (4), and (5) above until all positions
are selected and the jobs of these positions are exchanged with all other
jobs. Finally, the best solution is obtained. Algorithm 5 illustrates the
global perturbation strategy based on a half-swap.

5. Experimental results and analysis
5.1. Parameter settings

To verify the performance of the IGS algorithm, we randomly gen-
erate 150 test instances. Different numbers of jobs and stages can be
combined to form various scale instances. We set the number of jobs
asJand the number of stages as.S, where J€{20,40,60,80,100,200,300}
and Se{5, 10}. In addition, for the very large scale, we test ten instances
in which J and S are set as 800 and 10, respectively. For each J X .S com-
bination, ten instances are randomly produced, so the total number of
test instances is 7 x 2 x 10 + 10 x 1= 150. The processing time is gener-
ated in a uniform distribution within the range [1,30], and the number
of machines in each stage is randomly produced within the range [1,5],
where the energy consumption per unit of time for idling, processing
and blocking is sampled from uniform distribution ranges [1,3, 3,5] and
[5,7], respectively.

By referring to [47], all compared algorithms in our paper followed
the fair practices. First, all the algorithms are written in Visual Studio
2019 C++, realized on a PC with 16 GB RAM of memory and a 2.60
GHZ Intel Core i7 Pentium processor. Second, the same library func-
tions and the same background running environment are adopted to
make a fair comparison. No other programs are executed in parallel
during implementing an algorithm. Third, to maintain consistency, we
apply the same CPU elapsed time as the termination condition for all
algorithms. For all tested cases, this termination condition is used in
[28,31,38,46], and the dynamic setting of CPU parameters allows for
more time as the number of stages or jobs increases. In this paper, we de-
note the termination condition as TimeLimit,TimeLimit = J X S x CPU,
and CPU €{5,7,9}.

To validate the effect of the proposed algorithm, we compare the IGS
algorithm to nine different algorithms. We first compare our proposed
IGS algorithm to classical swarm intelligence optimization algorithms,
i.e., GA [29], DABC [30], EMBO [31], and DPSO [34]. Then, we com-
pare the IGS algorithm to a series of IG algorithms, i.e., the original
IG [17] and the latest improved IGRS, IGT, IGTALL, and VBIH [46], to
further test the performance of the IGS algorithm. The main simulation
parameters are set to the values recommended in the original literature.
Table 2 lists the parameter settings of the compared algorithms.

All of the tested algorithms are compiled and coded in Visual Studio
2019, C++ run on a Microsoft Windows 10 operating system with 16 GB
RAM of memory and a 2.60 GHZ Intel Core i7 Pentium processor. Each
instance is repeated five times, and then the best instance is selected.
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Table 2
Main simulation parameters of the comparison algorithms.
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Algorithms  Population size =~ Number of destruction jobs ~ Crossover rate  Variation rate ~ Constant operator ~ Temperature coefficient
Psize d a T Pc Pm

GA 100 / 4 0.85 0.7 0.1

DABC 20 / 30 / / /

EMBO 25 / 10 / / /

DPSO 100 / 200 / / /

IGA 1 3 10 0.5 / /

IGRS 1 3 10 0.5 / /

GT 1 2 10 0.5 / /

IGTALL 1 3 10 0.5 / /

VBIH 1 3 10 0.5 / /

1GS 1 7 10 0.5 / /

Table 3
Experimental results for energy consumption with and without local perturbation strategies.

Instance  IGS IGgyapGreedy IGyysert IGypsertGreedy IGSy.swap IGSy natswap
JxS MAX MIN MAX MIN MAX MIN MAX MIN MAX MIN MAX MIN
20x5 16495 7873 16495 7885 16495 7898 16495 7895 16495 7873 16495 7884
20 x 10 31262 22953 31284 22961 31226 22953 313317 22971 31295 22961 313217 22953
40 x5 29408 13136 29439 13356% 29448 13410% 294377 13477% 29408 13295% 29403 13171
40 x 10 69651 47178 698237 47383% 698887 47378% 69644 47291% 69757 47417% 69616 47190
60 x5 55115 33450 552707 33608 554317 336621 555627 33783% 552847 33653% 554977 33550%
60 x 10 106516 60277 106917 60791% 1067227 604811 106909} 61594 106707 60940% 106465 60221
80 x5 115730 27466 115681 27713% 115735 27656% 1159737 27894% 11595971 27816% 115680 27526%
80 x 10 161993 81981 1620437 82072% 1622037 823461 1628077 81980 162117 81964 1621187 820861
100 x 5 117752 31361 1178227 31767% 1179477 31876% 117842f 32233% 1178117 32096% 117770 31408%
100 x 10 206722 111060 206765 111366% 2069137 111782% 207257F 112260% 206696 111559% 206632 111359%
200 x5 250584 60963 250703F 61248% 251710F 623841 2515787 623853 251425} 62417% 250975} 60608
200 x 10 454244 222839 456319F 223467% 4581287 224068 45957071 224402% 458606 225179% 455105F 223115%
300 x 5 409509 151898 409791 151898 4109537 151900 4104497 151898 411525 151918 409509 151898
300 x 10 672018 332151 675080F 333085 675095F 333367% 6747971 334175% 677719F 334638+ 672049 332151

5.2. Evaluation indicator

We use the relative percentage increment (RPI) to evaluate the per-
formance of all of the algorithms. The formula is given as follows:

RPT = (¢; = Chosr)/ Chost X 100%, (16)

where ¢, is the minimum energy consumption value obtained by all
of the algorithms and ¢;is the energy consumption value yielded by al-
gorithm i. Clearly, the lower the RPI is, the better the performance of
the algorithm is.

From the objective analysis of the BHFSP, we know that the energy
consumption value is large, and therefore, the difference between the
numerator and denominator is small. The RPI values obtained by all of
the algorithms are also very small. Thus, to intuitively and comprehen-
sively evaluate the performance of the proposed algorithm, we compare
not only the RPI value but also the maximum (MAX) and minimum
(MIN) energy consumption levels, and the best results are marked in
bold.

Tables 3-7 present the Wilcoxon rank sum tests with a significance
level of 0.05. The tests are designed to determine whether the objective
values obtained by the IGS algorithm are significantly different from
those obtained by the other compared algorithms for different scale ex-
amples. In Tables 3-7, symbol ‘i’ indicates that the MAX value of the
comparison algorithm is significantly different from that of the IGS al-
gorithm, ‘¢’ indicates that the MIN value of the algorithm is significantly
different from that of the IGS algorithm, and if there is no symbol iden-
tification, the difference between the two algorithms is not significant.

5.3. Sensitivity analysis of parameters

In this section, the impact of d values on IGS algorithm performance
is investigated. In the proposed algorithm, parameterd, the number of
removed jobs, is very important to the local perturbation strategy. Thus,

we first present a sensitivity analysis of parameter d before demonstrat-
ing the effectiveness of the proposed algorithm. Fig. 2 shows the impact
of differentdvalues. In Fig. 2, all tests are carried out under condition
CPU = 7. Without a loss of generality, the value of d in the abscissa is
tuned from 2 to 9 with a step size of 1, and the ordinate is the inter-
val of the energy consumption value of energy consumption for small-,
moderate- and large-scale instances.

Fig. 2 shows that the average value of the interval gradually de-
creases as the value of d increases, and the objective reaches the mini-
mum value when d=7, suggesting that the local search is always benefi-
cial for the proposed algorithm. However, when d > 7, the average value
of energy consumption gradually increases. A d with a large value means
that more time is spent performing the insertion operator, which de-
creases opportunities to generate promising solutions in a certain num-
ber of iterations. Thus, from these results, we set the value of d to 7,
which works well in terms of the average energy consumption value.

5.4. Evaluation with different perturbation strategies

The basis of the IGS algorithm lies in the proposed perturbation
strategies. Therefore, it is necessary and interesting to verify perfor-
mance and effectiveness by evaluating the use and absence of different
strategies. This section compares the performance of the four proposed
perturbation strategies and selects the best strategy to apply to the pro-
posed algorithm. All of the compared strategies have the same parame-
ter values and run at CPU = 7. For each scale, both the average and mini-
mum energy consumption levels for the 10 cases are reported in Table 3,
where IGS includes local and global perturbation strategies based on
swap and half-swap operations. IGgyapgreedy ONly contains the local per-
turbation strategy based on the swap greedy operator, IGyqer¢ includes
the local perturbation strategy based on an insert operator, IGysertGreedy
applies the local perturbation strategy with an insert greedy operator,
and IGgyapgreedy Uses the swap greedy operation. IGSy_gy,p €mploys
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Fig. 1. Gantt comparison of the HFSP with and without blocking constraints.

the perturbation strategy without the swap strategy, and IGSy.galfswap
adopts the perturbation strategy without the half-swap strategy.

For consistency, these strategies are tested individually under the
same termination criterion. According to the experimental results given
in Table 3, we observe that the IGS algorithm generates 8/14 best MAX
values and 11/14 MIN objective values and thus significantly more than
the other strategies, suggesting that the swap operator achieves good
performance in terms of convergence and diversity. In addition, from
the results of Wilcoxon rank sum tests in Table 3, the IGS algorithm is
significantly different from the other compared strategies. The reason-
ing here may be that the insertion operator changes the relative position
of only one job at a time, while the swap operator can alter the relative
positions of two jobs at a time, which is conducive to exploiting promis-
ing subregions and exploring irregular unknown regions. Because the
time complexity of the insertion operation is O (n®) and that of the ex-
change operation is O (n2), the number of swap operations adopted in
the same time period is bound to be more than the number of insertion
operations. Swap operation can improve the blocking status of the job
sequence faster and reduce the corresponding energy consumption.

Based on the experimental results, we adopt the IGS algorithm,
which contains both perturbation strategies, to solve the BHFSP.

5.5. Performance comparison of all the compared algorithms

For the sake of fairness and consistency, all of the compared algo-
rithms have the same termination time and experimental environment.
ForTimelimit = JxSXCPU, we set three different CPU parameter values,
i.e., 5,7, and 9, to more comprehensively apply the algorithms. In Tables
4-7, the best result of each comparative method is bolded.

To prove the presented results of statistical validity, the algorithms
are tested by a one-factor analysis of variance (ANOVA) in which the
type of algorithm is regarded as a single factor. Figs. 3 and 4 display the
mean plots with Tukey HSD intervals at the 95% confidence level for
all compared algorithms under different value of the CPU parameter.
In addition, Figs. 5-7 presents the box plots of the results generated
from three scales in all compared algorithms, where ‘20 x 10, ‘80 x 10’
and ‘200 x 5’ represent the small-, moderate- and large-scale instances,
respectively.
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5.6. Analysis and discussion

For the 15 different instance sets, Tables 4-7 list the MAX and MIN
values of energy consumption obtained by the 10 compared algorithms
when CPU = 5 and 7, respectively. In addition, the RPI values of all of
the algorithms are shown in brackets in Tables 4-7. According to these
experimental results for the two stopping criteria, considering all RPI
values, the IGS algorithm is obviously better than the other compared al-
gorithms in all test sets. The reason may be that the perturbation strate-
gies designed for blocking constraints reduce the invalid operation of the
machines. At all RPI scales, the IG series algorithms perform better than
the compared swarm intelligence algorithms. It shows that the IG algo-
rithm for a single solution can indeed explore the solution more deeply,
and then find the solution with lower energy consumption. Among the
IG algorithms, the IGS algorithm proposed in this paper achieves the
best RPI value in all test sets. In Tables 4 and 5, regarding MIN values,
the IGS algorithm can obtain 13 and 9 lowest values for 15 test sets, re-
spectively. For MAX values, we observe that the IGS algorithm obtains
15 and 7 lowest values for 15 test sets. In Tables 6 and 7, the IGS al-
gorithm obtains 13/15 and 11/15 best MIN values. In addition, the IGS
algorithm gains 15/15 and 10/15 best MAX values. Clearly, from the
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number of best values obtained, the IGS algorithm performs the best.
The large-scale experimental results show that the perturbation strate-
gies designed for HFSP with blocking constraints can effectively allevi-
ate the situation of machine blocking and reduce energy consumption
more effectively than other current algorithms. Furthermore, Tables 4—
7 show that for the Wilcoxon rank sum test, the compared algorithms
show statistically significant differences from the IGS algorithm at most
scales.

In addition, Table 8 (see the Appendix) shows the best values for
energy consumption for all test instances to result from the proposed
algorithm in updating the upper bound. As shown in Table 8, (1) for the
15 test sets with all scales, 14 and 8 of the best average and minimum
values are obtained by the IGS algorithm, exceeding the corresponding
numbers of best values yielded by IGA (0 and 0), IGRS (0 and 0), IGT (1
and 2), IGTALL (0 and 2), VBIH (0 and 5), GA (0 and 0), DABC (0 and
0), EMBO (0 and 2), and DPSO (0 and 0); (2) for the upper bounds of the
150 test instances, 17/150, 14/150, 33/150, 19/150, 42/150, 13/150,
5/150, 16/150, and 0/150 best objective values are produced by IGA,
IGRS, IGT, IGTALL, VBIH, GA, DABC, EMBO, and DPSO, respectively,
while 106 out of 150 (106/150=70.7%) of the best upper bounds are
obtained by the proposed algorithm. These experimental results clearly
demonstrate that the proposed algorithm can update more upper bounds
than the compared algorithms.

From these results, the proposed IGS algorithm shows outstanding
performance. Compared to the classical swarm intelligence algorithms,
i.e., GA, DABC, EMBO and DPSO, IGS is very prominent in its in-depth
exploration of a single solution, which makes it easier to find the job
sequence with low energy consumption. Compared to the IG series al-
gorithms, the IGA, IGRS, IGT, IGTALL and VBIH, although the proposed
IGS algorithm does not achieve the best value on all scales, its perfor-
mance has surpassed similar algorithms. The superiority of the algo-
rithm is attributed to the local and global perturbation strategies pro-
posed in Sections 4.3 and 4.4, the proposed strategies can reduce the
time of ineffective machining, improving machine operation efficiency,
it proves that the proposed strategies strengthen the exploitation and ex-
ploration abilities of the IGS algorithm. From the MIN and MAX energy
consumption values obtained, the proposed strategy can directly reduce
the occurrence of blocking conditions in the job sequence by chang-
ing job positions several times, reducing the energy wastage caused by
blocking.

Fig. 3. Comparison of the 95% Tukey HSD
confidence intervals of the algorithms when
CPU = 5.

DABC EMBO DPSO
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For statistical analysis, Tables 4-7 present the Wilcoxon rank sum
tests with a significance level of 0.05. This test is used to determine
whether the results obtained by one algorithm are statistically signif-
icantly different from those obtained by the other algorithms for all
test sets. From Tables 4-7, for most BHFSP test instances, the IGS al-
gorithm is significantly different from the other compared algorithms.
Figs. 3 and 4 present the 95% Tukey HSD confidence intervals obtained
when CPU = 5 and 7, respectively. From Figs. 3 and 4, the IGS algo-
rithm performs statistically better than the other algorithms for differ-
ent elapsed CPU times. The IGT, IGTALL and VBIH algorithms follow

Table 8 (continued)

DABC
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Fig. 4. Comparison of the 95% Tukey HSD
confidence intervals of the algorithms when
CPU=7.

EMBO DPSO

sequentially, and all show good performance. In summary, the above ex-
perimental results prove that the proposed IGS algorithm is much more
effective than the compared algorithms in addressing the BHFSP to min-
imize energy consumption. Similarly, we present box plot tests on small,
moderate and large scales. Figs. 5-7 show that our proposed IGS algo-
rithm obtains the lowest interval values and shows a relatively stable
condition. It may be that the proposed perturbation strategies can bet-
ter explore unknown neighborhoods, prevent the solution from falling
into a local optimum, and find the optimal solution more easily in less
time.

Instance 1GS IGA[17] IGRS [46] IGT[46] IGTALL [46] VBIH [46] GA[29] DABC[30] EMBO[31] DPSO[34]
TI_127 345348 345387 345390 345551 345309 345257 345754 347513 345543 346099
TI_128 368513 369733 369714 368083 368527 368490 374894 375806 370511 376012
TI.129 174394 176641 176797 174515 175028 174155 188319 195450 177894 179260
TI_130 281037 281225 281381 281297 281249 281229 281697 282158 281427 281622
AVG MIN 250561.4 251193.6 251212.8 250502.1 250563.7 250537.2 255113 256825.2 251959.1 252950.1
151898 151900 151904 151898 151957 151898 152067 152387 151899 151957
300x10  TI131 666405 676646 674984 667142 669107 668920 712606 725135 685899 687680
TI_132 481295 481739 481666 480496 480678 480750 489009 490627 483717 485307
TI_133 332143 333644 333098 332326 332126 332126 339170 340710 335127 334636
TI.134 442818 443296 443366 442224 443149 442527 452904 453978 448413 445026
TI_135 364282 368653 368775 364964 365513 363962 392956 405058 374241 372889
TI_136 447017 448227 447996 447373 447332 447332 468228 472960 458943 450200
TI_137 670020 676707 675292 670769 672350 673020 699223 702676 688807 693996
TI_138 341310 341814 341881 341463 341633 341993 362716 366687 355436 344179
TI_139 591013 594840 594900 592804 592821 591870 602333 608240 598170 599330
TI_140 555131 572159 571014 563633 562554 560533 627487 657175 589207 581875
AVG MIN 489143.4 493772.5 493297.2 490319.4 490726.3 490303.3 514663.2 522324.6 501796 499511.8
332143 333644 333098 332326 332126 332126 339170 340710 335127 334636
800 x 10  TI.141 1315359 1342235 1343653 1343869 1337845 1336124 1435260 1473989 1417609 1434307
TI_.142 1496199 1501016 1501164 1498880 1498094 1497954 1515740 1534072 1510872 1518832
TI_143 1686289 1708099 1710540 1693788 1687032 1686791 1785319 1987264 1774098 1800338
TI_144 986171 1002024 1002705 990196 984012 983570 1055757 1143463 1050037 1066300
TI_.145 1702741 1722703 1720849 1715497 1712496 1712830 1796089 1833326 1783880 1797921
TI_146 1299959 1300590 1300887 1300402 1299281 1299475 1304817 1307121 1303061 1305643
TI_147 1100771 1104621 1105342 1102492 1096290 1096266 1210776 1376197 1195650 1215806
TI_.148 1112917 1117658 1117735 1112883 1109212 1109440 1180009 1270559 1169799 1186142
TI_149 1502239 1512538 1512414 1510936 1506354 1507324 1555247 1574675 1549271 1560674
TI_150 1155174 1160750 1161022 1161508 1156686 1157048 1235090 1289732 1218561 1232795
AVG MIN 1335781.9 1347223.4 1347631.1 1343045.1 1338730.2 1338682.2 1407410.4 1479039.8 1397283.8 1411875.8
986171 1002024 1002705 990196 984012 983570 1055757 1143463 1050037 1066300
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Fig. 6. Box plot of all algorithms for the moderate-scale case.

Remarks: as the above experimental results and analysis show, the
proposed IGS algorithm is an effective algorithm for solving the BHFSP.
The reasons can be concluded as follows.

(1) Local and global strategies based on swap operations are used to
disturb the job sequence. The local perturbation strategy is used to
replace the iterative improvement strategy. This strategy can carry
out more iterations of the current solution within a limited amount
of time and has a high probability of helping the solution jump out
of the current neighborhood to avoid falling into a local optimum.
Different from the traditional IG algorithm, the global perturbation
strategy is integrated into the simulated annealing criteria, which
improves the global search ability of the algorithm; once again, this
helps the solution explore a broader neighborhood. At the same time,

Algorithm 4
IG Swap greedy.
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Fig. 7. Box plot of all algorithms for the large-scale case.

the characteristics of the BHFSP are considered in these two strate-
gies.

The IGS algorithm has only one solution, since it always iterates over
only one solution; therefore, the algorithm can explore the solution
at a deeper level, allowing it to easily obtain scheduling sequences
with less energy consumption and effectively change the positions of
blocked jobs. Moreover, the IGS algorithm performs well not only on
a small scale but also on a very large scale as shown by the 800 x 10
scale cases. This result indicates that the algorithm achieves stable
performance, good robustness and strong applicability.

(2)

5.7. Gantt charts of specific cases

To observe the optimal scheduling sequence processing and block-
ing status more intuitively, we provide an optimal scheduling plan for
managers of factories. Figs. 8 and 9 show the Gantt charts of TI_.02
(20 x 5 scale) and TI.22 (40 x 5 scale) under condition CPU = 7,
respectively. Each color represents the operational status of a spe-
cific job in all stages. The numbers of scheduling jobs and stages
(Job-Stage) are marked with rectangles. The horizontal axis repre-
sents the makespan value. After the completion time of the last job,
we give the energy consumption level of all machines. From Fig. 8,
the optimal scheduling sequence is 3-15-1-8-18-14-9-7-11-10-16-13-2-
12-5-4-20-19-17-6, the makespan value is equal to 223, and the en-
ergy consumption is equal to 7875. From Fig. 9, the optimal schedul-
ing sequence is 37-34-2-17-19-1-36-40-33-3-30-27-23-12-15-13-26-
16-4-28-24-22-25-21-7-5-6-20-39-31-11-10-32-18-14-9-8-29-38-35, the
makespan value is 423, and the energy consumption is 18247.

6. Conclusion

This paper addressed the BHFSP with energy consumption criteria.
In this paper, a reasonable mathematical model of the energy-efficient

Input:z'em?
Output:z'"?

01

: Begin
02:
03:
04:
05:
06:
07:
08:
09:
10:

For j =1 to J // the number of iterations
iemp2 — iemp

Find the best Sequence denoted asz'*"?
If (z'*"2is better thanz'*"")

lemp — gtemp2

EndIf

EndFor

End

Select the job inz"*"?that equalsz’" to swap with the rest jobs and save better ones

11
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Fig. 9. Gantt chart of the TI_22 case when CPU = 7.

BHFSP that considers job blocking and idle machines is proposed, and
an effective IGS algorithm is designed to solve the BHFSP. From the 150
example tests, the proposed algorithm performs better than the existing
classical algorithms and improved IG algorithms. In this algorithm, a
heuristic method called the MME is utilized to generate an initial so-
lution, and then, two perturbation strategies based on swap and half-
swap methods are developed to improve the exploitation and explo-
ration of this algorithm. Simulation experiments show that our strategies
are more effective than these existing algorithms. The superior perfor-
mance of this algorithm is mainly attributed to the following.

(1) The strategies designed for blocking constraints can effectively ad-
just the scheduled job sequence and reduce energy consumption
caused by blocking constraints.

(2) Two perturbation strategies are integrated into the IG framework to
balance global and local search abilities.

(3) The local perturbation strategy can reduce the computational com-
plexity of the original local search strategy, and with an increasing
number of iterations, the local neighborhood of the solution is more
fully explored.

(4) The global perturbation strategy can further improve the exploration
of unknown subregions and enhance the diversity of solutions, fur-
ther reducing the energy consumption of job processing.

Although the IGS algorithm outperforms the algorithms considered,
the algorithm’s performance could be further improved by using rein-
forcement learning methods or strategies of adaptive learning when de-

12

vising it. Our future research will treat energy efficiency as the main
optimization goal. Similarly, the algorithm can be extended from single-
objective to multiobjective research. In addition, we may consider a
distributed situation or consider other optimization goals, such as the
makespan and total flow time, in exploring the issues addressed. We
may also consider uncertain conditions such as machine breakdowns,
changing due dates, and job processing times. Some practical and real-
istic conditions, for instance, various setup times and no-wait scenarios,
would be interesting to consider.
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Table 4

Experimental results for energy consumption compared to those of classic algorithms when CPU = 5.

Instance 1GS GA [29] DABC [30] EMBO [31] DPSO [34]

JxS MAX MIN RPI  MAX MIN RPI  MAX MIN RPI  MAX MIN RPI  MAX MIN RPI

205 16495 7895 0.00 16495 7918% 0.01  16526F 8007% 0.02 16495 7870 0.01 18042} 8581% 0.09

20 x 10 31262 22953 0.00 314297 22990% 0.01 312637 22982% 0.02 31297 22961 0.01 335837 24114% 0.05

40 x5 29435 13030 0.01 29739} 13431% 0.04 299147 14118% 0.09 29498 13168% 0.03 300007 15092 0.11

40 x 10 69611 47190 0.01 698517 48044% 0.02  70723f 49178% 0.05  69744% 47935% 0.02 713017} 51338% 0.05

60 x5 55382 33478 0.00 556577 339461 0.02 568177 34625% 0.03 559617 336461 0.01 578487 34338% 0.03

60 x 10 106513 60377 0.01 1072637 61576% 0.03 1112457 64227% 0.07 1077467F 60997% 0.02 1137507 62015% 0.05

80 x5 115926 27474 0.00 1165287 28002% 0.02 118207 28727% 0.04 1160807 27782% 0.01 1198207 28410% 0.03

80 x 10 161899 81925 0.01 1653597 858281 0.05 1662447 886241 0.09 1628367 83899% 0.02 1653787 83237% 0.04

100 x 5 117786 31413 0.00 1182517 32512% 0.03 1202877 34609% 0.05 1181967 32193% 0.02 1195047 33702% 0.03

100 x 10 206726 111465 0.01 2080397 117072% 0.07 2209817 1198785 0.11 2079247 113305% 0.04 208177F 113537% 0.04

200 x 5 250975 60608 0.01  269297% 65860 0.07 2741967 680223 0.09  253339% 64081% 0.04  253619% 636274 0.14

200 x 10 455083 222839 0.01 4805577 240067+ 0.10 4898107 2408553 0.13 4667251 234505% 0.05 472748F 224800% 0.03

300 x 5 409509 151898 0.00 4144307 152914% 0.03 4171007F 152737% 0.03 4122877 1519044 0.01 4138367 1519574 0.05

300x10 671373 332151  0.00  726368F 341201% 0.08  728528f 3416695 0.08  697574% 3365861 0.04 6939961 3346361 0.02

800 x 10 1702741 986171 0.00 18238927 1077554% 0.07 20106121 1156467+% 0.13 180163671 1065969+ 0.06 18302617 1086087 0.07

Table 5
Experimental results for energy consumption compared to those of other existing IG algorithms when CPU = 5.

Instance 1GS IGA [171] IGRS [46] IGT [46] IGTALL [46] VBIH [46]
JxS MAX MIN RPI  MAX MIN RPI  MAX MIN RPI  MAX MIN RPI  MAX MIN RPI  MAX MIN RPI
20x5 16495 7895 0.00 16535F 7895 0.01 16495 7950% 0.01 16495 7941% 0.01 16495 7906 0.01 16495 7895 0.01
20 x 10 31262 22953 0.00 31263 22953 0.01 31321 22982 0.01 31263 22953 0.01 313317 22970 0.01 314517 22953 0.00
40 x5 29435 13030 0.01 29424 13563% 0.03 295087 13665% 0.03 29404 13274+ 0.03 29472 13621% 0.03 29444 13404% 0.03
40 x 10 69611 47190 0.01 699767 480931 0.01 699297 48092 0.02 698457 47975% 0.01 699907 47731% 0.01 698897 47725% 0.01
60 x5 55382 33478 0.00 556617 33613% 0.01 556977 33837% 0.01 55310 33639% 0.01 55399 33770% 0.01 554117 33589% 0.01
60 x 10 106513 60377 0.01 1071217 609641 0.02 1079237 60847% 0.02 1070447 60953 0.01 1072167 60730% 0.01 1067497 60730% 0.01
80 x5 115926 27474 0.00 116061 27795% 0.01  116151% 27825% 0.01 115926 27468 0.00  116009% 27638% 0.01 115898 27554%  0.00
80 x 10 161899 81925 0.01 16200971 82199% 0.02 162374} 82550% 0.02 161937 82705% 0.01 1621047 82495% 0.01 161842 82007% 0.01
100 x 5 117786 31413 0.00 1180717 320361 0.01 1182537 31671% 0.01 1179337 31732% 0.01 1182507 31418 0.01 1180417 31515% 0.01
100 x 10 206726 111465  0.01 2068517 112098% 0.02 206922 1124774 0.02 206665 111257 0.01  206911F% 111615  0.01 206599 111171 0.01
200 x 5 250975 60608 0.01 251715} 62218% 0.02 252575} 62501% 0.02 250801 60591 0.01 250752 61125% 0.01 250727 61356% 0.01
200 x 10 455083 222839 0.01 464337 222944% 0.02 4646227F 222943% 0.02 454349 222525 0.01 4588057 221619 0.01 4568597 221771 0.01
300 x5 409509 151898 0.00 4109627 151912% 0.01 4105847 151904 0.00 408865 151898 0.01 408809 151957% 0.00 409397 151898 0.00
300 x 10 671373 332151 0.00 6786987 333824 0.01 675292F 333098 0.01 672102F 332326% 0.00 6723507F 332126 0.00 6730207F 332126 0.00
800 x 10 1702741 986171 0.00 17227037 1002024 0.01 17208491 1002705% 0.01 1715497 990196 0.01 1712496 984012 0.00 17128307 983570 0.00
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Table 6

Experimental results of energy consumption compared to those of classic algorithms when CPU = 7.

Instance IGS GA [29] DABC [30] EMBO [31] DPSO [34]

JxS MAX MIN RPI  MAX MIN RPI  MAX MIN RPI  MAX MIN RPI  MAX MIN RPI

205 16495 7873 0.00 16495 7918% 0.01  16526F 8007% 0.01 16495 7870 0.01 18042} 8581% 0.09

20 x 10 31262 22953 0.00 314297 22990% 0.01 31263 22982% 0.01 31297 22961 0.01 335837 24114% 0.05

40 x5 29408 13136 0.01 296277 13313% 0.03 298937 14118% 0.08 294977 13111 0.02 300007 15092 0.11

40 x 10 69651 47178 0.01 698517 48044% 0.02  70535f 49161% 0.05  69744% 47734% 0.01  71301f% 51338% 0.05

60 x5 55115 33450 0.00 555947 33875% 0.01 56725F 34368% 0.03 559537 336041 0.01 578487 34338% 0.03

60 x 10 106516 60277 0.00 1070287 614661 0.02 1096671 636403 0.06 1075647 608303 0.02 1137507 62015% 0.05

80 x5 115730 27466 0.00 1161147 27893% 0.02 1181637 28647% 0.03 1160207 27701% 0.01 1198207 28410% 0.03

80 x 10 161993 81981 0.01 1640807 849011 0.04 1659117 88391% 0.07 1626697t 83455% 0.02 1653787 83237% 0.04

100 x 5 117752 31361 0.00 1181317 32222% 0.02 1196847 34537% 0.05 118127 31935% 0.01 1195047 33702% 0.03

100 x 10 206722 111060 0.01 207722F 115279% 0.05 217169F 118392% 0.10 2077787 112876% 0.03 208177F 113537% 0.04

200 x 5 250584 60963 0.01  262797% 650851 0.06 272974 67613% 0.08  251895% 62918% 0.03  253619% 636274 0.13

200 x 10 454244 222839 0.01 4773607F 237289% 0.07 4868607 239394 0.11 4636351 233131% 0.04 472748F 224800% 0.03

300 x 5 409509 151898 0.00 4140417F 152301% 0.03 4163017 152639% 0.03 41195971 151902% 0.01 4138367 151957% 0.05

300x 10 672018 332151  0.00  718748f 339903 0.06 7265227 341194% 0.08  693195% 3360021 0.03 6939961 3346361 0.02

800 x 10 1702741 986171 0.00 18036267 1063092 0.06 19952587 1151241% 0.13 17868421 1054766+ 0.05 1818535F 10740965 0.07

Table 7
Experimental results of energy consumption compared to those of other existing IG algorithms when CPU =7.

Instance 1GS IGA [17] IGRS [46] IGT [46] IGTALL [46] VBIH [46]
JxS MAX MIN RPI  MAX MIN RPI  MAX MIN RPI  MAX MIN RPI  MAX MIN RPI  MAX MIN RPI
20 x5 16495 7873 0.00 16535F 7895 0.01 16495 7936% 0.01 16495 7941% 0.01 16495 7906% 0.01 16495 7895 0.01
20 x 10 31262 22953 0.00 31263 22953 0.01 31284 22982 0.00 31263 22953 0.00 31262 22970 0.00 314517 22953 0.00
40 x5 29408 13136 0.01 29412 13559% 0.03 295087 13419% 0.03 29404 13274% 0.03 29472F 136163 0.03 29444 13404% 0.03
40 x 10 69651 47178 0.01 699767 47921% 0.01 697847 478881 0.01 698457 47975% 0.01 699907 47731% 0.01 698897 47256% 0.01
60 x5 55115 33450 0.00 556617 33592% 0.01 55697 33765% 0.01 553107 33639% 0.01 553997} 33770% 0.01 554117 33589% 0.01
60 x 10 106516 60277 0.00 1070947 60763% 0.01 1077557 606471 0.02 1069587 60953% 0.01 1072167 607303 0.01 1067497 60561% 0.01
80 x5 115730 27466 0.00 116058 277561 0.01  116028% 27822% 0.01 1159267 27468 0.00  115968F 27638% 0.01  115898f 27554% 0.00
80 x 10 161993 81981 0.01 161997 82199% 0.01 1623747 82463% 0.02 161937 82683% 0.01 1621047 821841 0.01 161842 82007% 0.01
100 x5 117752 31361 0.00 1180717 31978% 0.01 1182057 31671% 0.01 1178947 31526% 0.01 1182507 31418% 0.01 1179547 31515% 0.01
100 x 10 206722 111060  0.01 206754 112062 0.02  206922f 1124774 0.02 206665 111257f  0.01  206911f 111615  0.01 206599 111171%  0.01
200 x 5 250584 60963 0.01 251555F 62203% 0.02 2523117 625011 0.02 250801 60591 0.01 250752F 61125% 0.01 250727F 60931 0.01
200 x 10 454244 222839 0.01 4634687 222741 0.02 4646227 222943% 0.02 4543497 222525 0.01 4588057 221619 0.01 4568597 221771 0.01
300 x5 409509 151898 0.00 4106007 151912% 0.01 4105847 151904 0.00 408713 151898 0.01 408809 151957% 0.00 409397 151898 0.00
300 x 10 672018 332151 0.00 6769607 333748% 0.01 675292f 333098 0.01 670769 332326% 0.00 6723507 332126 0.00 6730207F 332126 0.00
800 x 10 1702741 986171 0.00 1722703F 1002024 0.01 1720849} 10027053 0.01 17154971 990196+ 0.01 17124961 984012 0.00 17128307 983570 0.00
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Table 8
Specific energy consumption values in all cases when CPU = 9.
Instance 1GS IGA[17] IGRS[46] IGT[46] IGTALL [46] VBIH [46] GA[29] DABC[30] EMBO[31] DPSO[34]
20x 5 TIO1 10117 10117 10117 10117 10117 10144 10220 10117 10117 11751
TI_.02 7885 7895 7936 7941 7906 7895 7918 8004 7870 8581
TI.03 10428 10438 10428 10428 10437 10428 10428 10437 10438 11268
TI_04 8514 8581 8532 8558 8539 8539 8538 8593 8552 9436
TIL.0S 8357 8467 8361 8503 8397 8389 8423 8459 8419 8746
TI.06 16495 16535 16495 16495 16495 16495 16495 16526 16495 18042
TI.O7 12228 12228 12228 12228 12228 12228 12228 12228 12228 12310
TI08 12245 12245 12245 12245 12256 12245 12245 12245 12245 12354
TI09 9617 9642 9623 9642 9617 9642 9623 9690 9710 10493
TI_10 9875 9982 9903 9875 9962 9903 9883 9926 10069 10685
AVG MIN 10576.1 10613 10586.8 10603.2 10595.4 10590.8 10600.1 10622.5 10614.3 11366.6
7885 7895 7936 7941 7906 7895 7918 8004 7870 8581
20 x 10 TI 11 22953 22953 22982 22953 22970 22953 22990 22959 22961 24114
TI.12 29001 29015 29037 29037 29081 29001 29015 29001 29015 30008
TI_13 25412 25412 25412 25412 25412 25412 25412 25412 25447 28219
TI .14 28612 28634 28634 28634 28704 28612 28642 28761 28612 28930
TI15 30622 30622 30622 30622 30647 30622 30829 30662 30622 33583
TI_16 27325 27348 27348 27331 27414 27331 27336 27331 27325 28029
TI.17 28031 28031 28031 28326 28031 28188 28623 28492 28577 29615
TI_18 29670 29738 29710 29670 29707 29681 29708 29774 29548 29977
TI_19 26079 26437 26079 26079 26079 26079 26178 26162 26079 27576
TI_20 31262 31263 31284 31263 31262 31339 31429 31263 31297 33278
AVG MIN 27896.7 27945.3 27913.9 27932.7 27930.7 27921.8 28016.2 27981.7 27948.3 29332.9
22953 22953 22982 22953 22970 22953 22990 22959 22961 24114
40 x5 TI 21 13154 13559 13419 13274 13616 13404 13235 14098 13043 15092
TI 22 17803 18169 18226 18010 18271 18237 18382 18965 17983 19329
TI 23 17023 17127 17206 17096 17206 17072 17198 17564 17188 17625
TI_24 29408 29409 29508 29404 29472 29444 29552 29893 29497 30000
TI 25 15299 15698 15718 15785 15701 15399 15752 16745 15638 17744
TI_26 20514 20569 20839 20994 20655 20553 20331 21712 20993 22828
TI 27 16436 16812 16732 16964 16983 16858 16540 17897 16452 18708
TI_28 16908 17031 17133 16863 17086 17032 17179 17620 16971 17659
TI_.29 19229 19450 19656 19561 19439 19431 19539 19599 19372 20907
TI_30 19718 20262 20340 20509 20024 20039 19965 21667 20154 23388
AVG MIN 18549.2 18808.6 18877.7 18846 18845.3 18746.9 18767.3 19576 18729.1 20328
13154 13559 13419 13274 13616 13404 13235 14098 13043 15092
40 x 10 TI 31 55613 57457 56414 56398 56141 56444 56839 59407 56553 61190
TI_32 56597 56626 56717 56622 56647 56647 56688 57027 56662 58091
TI.33 69681 69960 69784 69845 69990 69864 69851 70377 69744 71301
TI_34 51037 51040 51673 51462 50920 50849 51686 53448 51331 53128
TI_35 68881 69489 69251 69383 69528 68940 69175 70310 69261 70806
TI_36 51557 51704 51886 51811 51835 51692 52079 52505 51998 53325
TI.37 52700 53086 53052 52950 53064 52884 53681 55548 53117 54117
TI_38 64394 65004 65296 64831 64997 64802 64700 67238 64845 68406
TI_39 47190 47550 47888 47975 47731 47256 47879 49161 47734 52763
TI_40 50889 50889 50889 50889 50889 50889 50889 50891 50889 51338
AVG MIN 56853.9 57280.5 57285 57216.6 57174.2 57026.7 57346.7 58591.2 57213.4 59446.5
47190 47550 47888 47975 47731 47256 47879 49161 47734 51338
60 x5 TI 41 40042 40013 40172 40075 40075 40000 40756 41200 40126 41633
TI 42 33428 33592 33741 33639 33770 33589 33810 34268 33521 34338
TI 43 52348 52348 52379 52348 52361 52348 52348 52361 52348 52741
TI 44 55251 55646 55697 55310 55399 55411 55497 56394 55941 57848
TI 45 42588 42894 43081 43045 42924 42844 43402 44215 42890 44219
TI 46 45684 45684 45684 45684 45785 45684 45684 45710 45684 45785
TI_47 35919 36338 36616 35915 36274 36208 36237 37039 36187 37791
TI 48 41336 41593 41738 41745 41444 41612 41847 42254 41763 42929
TI_49 36211 36233 36233 36245 36268 36233 36384 36929 36223 36412
TI_.50 49603 49548 49648 49613 49737 49608 49648 49862 49673 49853
AVG MIN 43241 43388.9 43498.9 43361.9 43403.7 43353.7 43561.3 44023.2 43435.6 44354.9
33428 33592 33741 33639 33770 33589 33810 34268 33521 34338
60 x 10 TI 51 71151 71102 70969 71239 71422 71104 71759 72959 71404 72700
TI.52 99695 99725 99816 99737 99803 99743 99995 101169 99788 100623
TI.53 103316 104946 104489 103861 104561 104040 103952 109553 104933 113750
TI_ 54 60012 60645 60647 60953 60730 60537 60996 63267 60579 62015
TI_55 80878 81954 82083 81473 81538 81670 82994 85943 82058 84313
TI_56 85484 85794 85996 85840 85922 85806 86746 87626 85822 87408
TI57 70509 71414 71908 70874 71197 70767 71630 75291 71592 74100
TI_58 106568 107006 107106 106877 107216 106749 106847 107934 107210 110015
TI_59 82540 85113 85073 84638 83633 83617 83414 88150 83989 91605
TI60 85164 86166 86394 85797 86361 85543 85625 89809 85875 89219
AVG MIN 84531.7 85386.5 85448.1 85128.9 85238.3 84957.6 85395.8 88170.1 85325 88574.8
60012 60645 60647 60953 60730 60537 60996 63267 60579 62015
80 x5 TI61 70661 70738 70830 70711 70839 70724 70980 71629 70813 71595
TI62 45028 45054 45191 45091 45078 44991 45568 46102 45128 45441
TI.63 57313 57313 57316 57313 57335 57316 57313 57395 57313 57694

(continued on next page)
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Table 8 (continued)

Instance IGS IGA[17] IGRS[46] IGT[46] IGTALL[46] VBIH [46] GA[29] DABC[30] EMBO [31] DPSO[34]
TI 64 40327 40935 41279 40697 40779 40591 41348 42633 40613 42853
TI65 38815 38881 38925 38909 38988 38904 39132 39692 38830 39673
TI66 33555 33615 33781 33597 33605 33511 34185 35245 33725 34543
TIL67 115771 116051 116028 115926 115968 115898 115928 117568 116002 119820
TI68 27413 27651 27822 27468 27638 27554 27775 28573 27615 28410
TI.69 55873 55875 55881 55875 55883 55879 55879 55904 55879 56147
TL.70 67531 68361 68447 67792 67808 67813 68835 69614 67862 69744
AVG MIN 55228.7 55447.4 55550 55337.9 55392.1 55318.1 55694.3 56435.5 55378 56592
27413 27651 27822 27468 27638 27554 27775 28573 27615 28410
80 x 10 TI.71 112163 113225 113013 112251 112629 113065 116354 122218 113575 115910
TL.72 81810 82038 82463 82572 82184 81999 84065 87610 83022 83237
TI.73 120237 120505 120540 120467 120600 120290 120892 122396 120545 121525
TL.74 101502 103466 103143 102778 101336 101067 105582 110037 102488 108122
TL75 161877 161997 162287 161937 162104 161842 163467 165911 162382 165378
TL76 108975 110154 111450 110254 109709 108935 113325 119788 109985 118857
TL.77 138131 138912 139685 139035 139362 138823 139995 141476 138991 142040
TI.78 125764 127082 126974 126691 126044 126273 129610 132348 127095 130229
TL.79 131407 132469 133814 132929 132674 132121 134378 136994 132786 137668
TI_80 105934 108457 109789 107457 108872 107696 110357 113015 107084 112857
AVG MIN 118780 119830.5 120315.8 119637.1 119551.4 119211.1 121802.5 125179.3 119795.3 123582.3
81810 82038 82463 82572 82184 81999 84065 87610 83022 83237
100 x5 TI81 54677 56067 56171 55184 55471 55295 56456 57784 55236 57756
TI_82 63387 63387 63387 63387 63392 63387 63387 63515 63391 63627
TI.83 100022 100904 101067 100650 100519 100167 100511 104211 100223 102478
TI_84 117693 118071 118205 117894 118250 117915 118011 119089 118034 119504
TI_85 42107 42842 42552 42250 42216 42360 43794 45468 42828 43882
TI_86 67067 67067 67080 67067 67135 67067 67067 67184 67071 67386
TI_87 55149 55149 55316 55149 55221 55149 55208 55439 55150 55814
TI_88 64941 65003 65140 64976 65028 64912 65985 67528 65322 65704
TI_89 52041 52385 52365 52034 52033 51949 53004 54466 52320 53378
TI.90 31292 31861 31671 31526 31418 31515 32026 34339 31583 33702
AVG MIN 64837.6 65273.6 65295.4 65011.7 65068.3 64971.6 65544.9 66902.3 65115.8 66323.1
31292 31861 31671 31526 31418 31515 32026 34339 31583 33702
100 x 10  TI91 137236 139228 139791 139154 138666 138486 144569 152704 139734 144033
TI.92 113604 114593 115167 114516 114527 113940 119579 129511 116460 118345
TI.93 144155 144886 145143 144814 144713 144225 146893 148797 145779 146870
TI 94 189754 192520 193719 190252 189398 188359 197253 215329 192647 203076
TI.95 123281 123834 125088 123929 123419 123370 128736 138449 125819 128332
TI_96 206616 206746 206904 206665 206911 206599 207532 208557 207457 208177
TI.97 140814 142406 143020 141704 142016 141921 144932 150141 142591 148722
TI.98 111434 111926 112477 111257 111615 111171 114239 118392 112117 113537
TI_99 141974 142674 142840 142545 142213 142107 143432 146429 143366 144991
TI_100 179439 186433 186153 182769 180943 180591 188024 196485 183687 190974
AVG MIN 148830.7 150524.6 151030.2 149760.5 1494421 149076.9 153518.9 160479.4 150965.7 154705.7
111434 111926 112477 111257 111615 111171 114239 118392 112117 113537
200 x 5 TI_101 239966 240263 240298 239951 240116 239879 241768 242920 240498 243084
TI.102 210021 210142 210776 210129 210070 209992 211287 212279 210509 212273
TI.103 75246 76440 76910 75561 75694 75629 82158 84007 78007 79172
TI_104 83844 89333 90444 84991 85321 84393 91777 94771 87884 93200
TI_105 134537 134564 134539 134537 134554 134537 134537 134701 134537 134669
TI_106 173586 174301 174214 173067 172907 172916 178020 183296 175325 176649
TI_107 250796 251555 252023 250801 250752 250727 259591 270593 251290 253619
TI_108 60768 62184 62290 60591 61125 60931 64495 67420 62533 63627
TI.109 136066 136757 137748 136266 136128 136032 143038 149421 137741 139801
TI.110 67612 69905 69770 67621 67708 67433 72327 76381 69906 72442
AVG MIN 143244.2 144544.4 144901.2 143351.5 143437.5 143246.9 147899.8 151578.9 144823 146853.6
60768 62184 62290 60591 61125 60931 64495 67420 62533 63627
200x 10  TIL111 333482 335635 335746 335325 333286 333475 345734 346737 341512 338600
TI.112 267224 270757 270730 268472 267881 267884 282025 287715 277159 273841
TI.113 325940 331710 332726 328092 327785 327761 339414 354789 334960 337238
TI.114 247599 248109 248667 247401 247571 247530 257608 261465 252855 251389
TI.115 235915 236629 236781 237120 235968 235380 249417 258515 241645 241079
TI.116 452701 463305 464622 454349 458805 456859 474372 482249 461946 472748
TL117 344453 346278 347349 345302 344121 344338 359109 365208 351955 353608
TI.118 222724 222681 222943 222525 221619 221771 235221 238120 230684 224800
TI.119 333274 338963 338574 334614 334450 332799 371818 409231 352913 354514
TI.120 254805 260794 265544 254037 255466 253883 276408 298306 263380 272447
AVG MIN 301811.7 305486.1 306368.2 302723.7 302695.2 302168 319112.6 330233.5 310900.9 312026.4
222724 222681 222943 222525 221619 221771 235221 238120 230684 224800
300 x5 TI.121 153656 153656 153705 153656 153669 153673 154270 154920 153658 153792
TI.122 409445 410560 410584 408673 408809 409397 413372 414947 411100 413836
TI.123 263192 264533 264248 263215 262928 263343 275249 278539 267367 267762
TI.124 183077 183247 183351 183079 183107 182876 190298 191004 185138 183998
TI.125 175054 175054 175054 175054 175054 175054 175210 175528 175054 175163
TI.126 151898 151900 151904 151898 151957 151898 152067 152387 151899 151957

(continued on next page)

16



H.-X. Qin, Y.-Y. Han, B. Zhang et al.

Algorithm 1
Basic iterated greedy algorithm.

01: Begin

02: Set parametersd, termination criterion, job sequence,z=(z,, 7,, ..., 7).
03: =N EH (x)

04: z=Iterativel mprove(r)

05: z'=x

06: While (termination criterion is not satisfied) do
07: z°ien=r

08: ”Remoue:Destrucrion(”ongin’ d), ”nrigr'n:”mr'gm\n.Remmfe
09: 78" = Construction(z°8n  gRemove)

10: '™ = Iterativel mprove(x°"s™")

11: 7 = AcceptanceCriterion(z'"?, z"', 1)

12: Endwhile

13: Returnz®®

14: End

Algorithm 2
Proposed improved iterated greedy-swap algorithm.

Input:d, termination criterion, Sequencer=(r,, 7, ..., 7;)
Output: e

01:
02:
03:
04:
05:
06:
07:
08:
09:
10:
11:
12:
13:
14:
15:
16:
17:
18:
19:
20:
21:
22:
23:
24:
25:
25:
26:
27:

Begin

7 = MM E(r) /*heuristic algorithm which we used*/
”besr =7

While (termination criterion is not satisfied) do
origin — 7

zovigin_ gRemove — Do struction(z°8", d)

7%8n = Construction(z®" & g Remove)

glemp — gorigin

If (z'*" better thanz®®s")

best — gtemp

EndIf

The following parts represent the main innovative contributions of this paper

'™ = Local PerturbationStrategy(z'*"?) /*based on swap strategy*/
If (z'*"? better than r)

= ”wmp

If (z better than z*")
”besl =7
EndIf

EndIf

Else

x'“™P = Global PerturbationStrategy(z'*"?) /*based on Half Swap strategy*/
7 = glemp
If (= better thanz?*")
zhest = 1
EndIf
EndIf
Endwhile

End

Algorithm 3
Destruction and construction phase.

Input:z=(x, 75, ..., 7;), parameterd

Output:z°'s™"

01: Begin

02: count = 1, gRemove = @, gorisin = g

03: While (count <= d) do

04: num = rand()%J + 1

05: If (z25"is not selected)

06: Extractz,,: "fromz°¢"and add tozRemove

07: zOMigin = gorigin\ {z718") count 4 +

08: EndIf

09: Endwhile

10: For j = 1 tod

11: ﬂ.j = ﬂ.;(emm'e

12: For p=1to J —d // p is the insertion position
13: insertz;in the pth position of z°"'&"

14: calculate the energy consumption value, Miny.
15: EndFor

16: select position p with minimalMiny, and insertz; into the pth ofz°"¢"
17: EndFor

18: End

Swarm and Evolutionary Computation 69 (2022) 100992

Algorithm 5
IG half-swap

Input:z'"?

Output:z'*"?

01: Begin

02: Sequencer’"?is divided equally into subsequencesz /""" andz
03: If (The energy consumption ofz5%is lower thanz ")

04: gFroniem=pgFron s« improye gFroms

05: For p = | to Sizeof (zFr"e") /*select these jobs in order */
06: For j = 1 to Sizeof (zrom-temp) /* swap with other jobs*/

07: If (z) "“"?is not equal to nf ront-tempy
08: Swap ”:mm,:empwith”imnuemp

09: EndIf

10: If (zfrom-tempis better thanz o)
11: gFront — g Front_temp

Back

12: Merger " andz?**, denoting the new sequence asz'®"-"¢%
13: If (z'"r-"eis better thanz'"")

14: ﬂ.l(’mﬂ=”1l’mﬂ_ﬂt’w

15: EndIf

16: EndIf

17: EndFor

18: EndFor

19: Elself (The energy consumption of 7" is lower thanz )
20: Similar to the steps performed above.

21: EndIf

22: End

curation, Writing — original draft, Writing — review & editing. Quan-Ke
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