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ABSTRACT Job shop scheduling problem (JSP) is a combinatorial optimization problem, which has been
widely studied due to its strong theoretical and background for application. However, in previous studies
on the traditional JSP, the optimization objective is mainly relative to time, such as makespan, flow time,
tardiness, earliness, and workload. With the advent of green manufacturing, energy consumption should
be considered in the JSP. Therefore, a low-carbon JSP is studied in this paper. Due to the NP-hard nature,
a meta-heuristic algorithm, bat algorithm (BA), is considered in this paper. According to the characteristics
of the problem, a kind of bi-population-based discrete BA (BDBA) is proposed to minimize the sum of the
energy consumption cost and the completion-time cost. A parallel searching mechanism is first introduced
to the algorithm, by which the population is divided into two sub-populations to, respectively, adjust the
job permutation and the processing speed of each machine. Three communication strategies are used to
implement the cooperation between the sub-populations. In addition, due to the fact that the original BA was
developed to deal with the continuous problems, a modified discrete updating approach is proposed to make
the BA algorithm directly work in a discrete domain. Finally, extensive simulations have been conducted to
test the effectiveness of the proposed BDBA algorithm. The experimental data demonstrate that the proposed
BDBA is effective in solving the low-carbon JSP under study.

INDEX TERMS Job shop, low-carbon production scheduling, energy consumption, bi-population based

discrete bat algorithm.

I. INTRODUCTION

In recent years, environmental deterioration (such as climate
change and global warming) has been paid more and more
attention. As a dominant energy consumer, the manufacturing
industry is accountable for about 33% of the global energy
consumption [1]. Hence, effective energy-saving measures
are increasingly needed to balance the economic development
and environmental protection, which is the key challenge
for the long-term sustainable manufacturing. To achieve this
goal, some researchers focus on designing innovative manu-
facturing machines, equipment or processes [2], [3]. How-
ever, due to the considerable financial requirements, this
method may not be very appropriate for small to medium
sized companies. On the other hand, from the system-level
perspective, some operational approaches (such as produc-
tion scheduling and planning) can be significant drivers in
energy consumption reduction [4]. These approaches have

been proven to be more efficient in energy consumption
reduction with a modest investment, and more easily to be
applied to the existing manufacturing systems [5].

Since the 1950s, many production scheduling problems
have been studied. However, these previous researches have
primarily focused on the production efficiency with the con-
sideration of some traditional time-related objectives (e.g.,
makespan, flow time, tardiness, earliness and workload, etc.),
while ignoring the environmental metrics (e.g., energy con-
sumption, carbon footprint and CO;, emission, etc.) [6].
Among these studies, the job shop scheduling problem (JSP)
has been widely concerned due to its strong theoretical and
background for application. In the real life, many problems
can be considered as a job shop scheduling problem, such as
production scheduling in workshop, departure/arrival times in
logistic systems, the delivery times of orders in a company,
and so on. However, the low-carbon job shop scheduling
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problem with the consideration of energy consumption is not
fully studied at present. Therefore, in this study, job shop is
chosen as a manufacturing type for the low-carbon scheduling
problem.

After the promotion of green manufacturing, the low-
carbon scheduling with the consideration of environmen-
tal metrics has gradually caught many scholars’ attention.
Compared with the traditional production scheduling prob-
lem, there are relatively few literature about the low-carbon
scheduling problem. Mouzon and Yildirim [7] considered
a single machine scheduling problem to minimize the total
energy consumption and the total tardiness. The decision-
maker has to determine the timing and length of turn off/turn
on operation and obtain a sequence of jobs. To achieve this
goal, anew greedy randomized adaptive search algorithm was
used to obtain an approximate Pareto front. Liu er al. [§]
established a multi-objective optimization model to mini-
mize the total CO, emissions and the total completion time
in a single-machine system. Then a non-dominated sort-
ing genetic algorithm IT (NSGA-II) was designed to solve
the model. Shrouf et al. [9] built a mathematical model to
minimize the energy consumption cost in a single machine
system by considering variable energy prices. Che et al. [10]
addressed a single-machine scheduling problem with time-
dependent electricity tariffs to minimize the total electricity
cost. A greedy insertion heuristic was developed for the
established continuous-time mixed-integer linear program-
ming model. Rubaiee et al. [11] studied a non-preemptive
scheduling problem in a single-machine system to minimize
the total tardiness and the total energy cost under time-of-
use (TOU) electricity tariffs. Several genetic algorithms were
developed to solve a mixed-integer multi-objective math-
ematical programming model. Dai et al. [12] modeled a
flexible flow shop scheduling problem based on the energy-
efficient mechanism. An improved genetic-simulated anneal-
ing algorithm was adopted to optimize the makespan and
the total energy consumption. Luo et al. [13] proposed an
ant colony optimization algorithm (ACO) considering both
production efficiency and electric power cost (EPC) under
time-of-use (TOU) strategy. Zhang et al. [14] developed a
time-indexed integer programming model to minimize the
electricity cost and the carbon footprint under time-of-use
tariffs. Lin et al. [15] developed a multi-objective teaching-
learning-based optimization algorithm (TLBO) for process-
ing parameter optimization and flow-shop scheduling with
the objective to minimize the makespan and the carbon
footprint. Tang et al. [16] addressed the dynamic flexible
flow shop scheduling problem with the objective of reducing
the makespan and the energy consumption. An improved
particle swarm optimization was developed to obtain the
Pareto optimal solution. Lu et al. [17] investigated an energy-
efficient permutation flow shop scheduling problem (PFSP)
with sequence-dependent setup and controllable transporta-
tion time. A hybrid multi-objective backtracking search algo-
rithm was presented to optimize the makespan and the
energy consumption. Wang and Wang [18] investigated an
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energy-efficient scheduling of a distributed permutation flow
shop with the criterion to minimize the makespan and the
total energy consumption. By considering the complexity of
the problem, a knowledge-based cooperative algorithm was
designed to solve the problem. Lei ef al. [19] proposed a
teachers’ teaching-learning-based optimization (TTLBO) to
minimize the total energy consumption and the total tardiness
in a hybrid flow shop.

As observed from the reviewed literature above, the low-
carbon scheduling problems mainly focus on the single-
machine or flow shop systems. Due to the importance of
JSP, it is more practical for considering the problem with
environmental metrics. However, by contrast, researches on
the low-carbon job shop scheduling problem are not enough.
Liu et al. [4] established a bi-objective model to minimize
the total electricity consumption and the total weighted tar-
diness in a job shop environment. A non-dominant sorting
genetic algorithm was employed to obtain the Pareto front.
Jiang et al. [20] investigated an energy-efficient job shop
scheduling problem with the objective of minimizing the
total cost of energy-consumption and tardiness and proposed
a grey wolf optimization algorithm with double-searching
mode. May et al. [21] studied the effects of production
scheduling aimed towards improving productive and envi-
ronmental performances in a job shop environment. A green
genetic algorithm was designed for the assessment of multi-
objective problems. Kawaguchi and Fukuyama [22] consid-
ered a job shop scheduling problem with the objective of
minimizing the makespan and the total secondary energy
costs. An improved parallel reactive tabu search was pro-
posed to obtain not only the optimal production scheduling
but also the optimal operation of energy plants. In these
researches, the addition of environmental factors increases
the number of variables and constraints and makes the prob-
lem more complex than the traditional JSP. More researches
need be carried out on the low-carbon JSP, and some real-
istic constraints should be added to the problem. In some
real-life manufacturing systems, such as the CNC machines
for mechanical processing, machines can work at different
speeds. When machine works at a higher speed, the pro-
cessing time decreases but the amount of energy consump-
tion increases, and when machine works at a lower speed,
the processing time increases while the amount of energy
consumption decreases [5]. This provides an opportunity to
control the energy consumption in the workshop. In such a
problem, the speed of machine affects the processing time and
energy consumption. Therefore, it should be taken as an inde-
pendent decision-making variable, which is not considered in
the above low-carbon JSP. As far as the authors’ knowledge,
the low-carbon job shop scheduling problem with variable
machine speed is not fully investigated. Jiang et al. [5] con-
sidered a job shop scheduling problem with adjustable speeds
of machines to minimize the sum of the energy consump-
tion cost and the completion-time cost. An improved whale
optimization algorithm (IWOA) was developed to solve the
problem. Escamilla et al. [23] addressed an energy-efficiency
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job shop scheduling problem where the machine can work
at different speed rates with consuming different amounts
of energy. A genetic algorithm was developed to solve this
scheduling problem. Since the traditional JSP is an NP-hard
problem, the low-carbon JSP is also very difficult to be
solved. It is well-known that meta-heuristics are effective in
solving the production scheduling problems. Therefore, more
effective and efficient meta-heuristic algorithms for the low-
carbon JSP are highly desirable.

In recent years, more and more swarm-based intelligence
optimization algorithms are gradually developed [24]. Bat
algorithm (BA) is a relatively new paradigm firstly proposed
by Yang [25] to optimize continuous problems. As a swarm-
based intelligence algorithm, BA has been adopted to solve
various optimization problems, such as global engineering
optimization [26], feature selection [27], traveling salesman
problem [28], maximum power point tracking for photo-
voltaic systems [29], and flexible job shop scheduling prob-
lem [30], and so on. Nevertheless, to the best of the authors’
knowledge, the BA algorithm has never been applied to the
low-carbon JSP. This is one of the motivations behind using
the BA algorithm in this study. The important reasons which
have motivated the using of BA are its own merits like fast
execution, few parameters and ease of implementation. In this
study, to solve the low-carbon JSP, a bi-population based
discrete bat algorithm (BDBA) is proposed in this paper. The
main contribution of this study are as follows: (1) a parallel
searching mechanism is proposed to divide the population
into two sub-populations, which can exchange their informa-
tion to implement the cooperation during the evolutionary
process; (2) a modified discrete updating approach is pro-
posed to make the BA algorithm directly search in a discrete
domain. Finally, extensive experimental data demonstrate the
effectiveness of the proposed algorithm for the problem under
study.

The rest of this paper is organized as follows: Prob-
lem description of the low-carbon JSP is addressed in
Section II. Overview of the original BA algorithm is
described in Section III. Implementation of the BDBA algo-
rithm is shown in Section IV. Experimental results and the
findings of this study are reported in Section V.

Il. PROBLEM DESCRIPTION

In this study, the low-carbon JSP can be explained as follows:
n jobs are assumed to be processed on m machines in a job
shop. Here, the main difference of the low-carbon JSP from
the traditional JSP is that the adjustable speed level of each
machine is considered. That is, one machine processes a job
with a finite and discrete speed set v = {vi,v2,---,vg}.
The higher the speed selected for a machine, the shorter the
processing time of the job processed on it. There exists a
basic processing time gjx when job j is processed on machine
k. If v; is selected for machine k, the processing time of
job j, pjka, can be calculated by pjxas = gji / vgq. The energy
consumption cost per unit time can be represented by Ep;.
For any two speeds vy and vy, if vor > va, Exapjrar >
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Eiapjka holds. In other words, a machine processing at a
higher speed will reduce the processing time, but increase the
energy consumption cost.

Some additional assumptions are listed as follows:
Machines and jobs are available at zero time; Each machine
can not process more than one operation at the same time;
Any job can only be processed on one machine at a time;
Non-preemption is allowed once a job starts on a machine;
Setup time and breakdown of machines are neglected; The
speed of a machine can not be adjusted when a job is being
processed on it; For a machine, it will not be stopped until
all jobs on it are completed. When the machine is waiting for
process, it runs on a stand-by mode with energy consumption
cost per unit time SEj. Here, the optimization objective is
aiming to minimize the sum of energy-consumption cost and
completion-time cost.

n m Dy

min F = Z Z Z ExapjkaXjkd

j=1 k=1d=1

m
+ D SE(Ck = W) + pCrnax (1)

k=1
In Equation (1), F' means the optimization objective. xjig is
a 0-1 variable, if job j is processed on machine k£ with speed-
level d, xjrq = 1; otherwise, xjxg = 0. Dy means the number
of adjustable speed levels of machine k. Cy denotes the
final completion time of machine k. Wy represents the total
workload of machine k. Cpax defines the makespan of the
workshop. p is the cost coefficient relevant to the makespan.
With regard to the mathematical model, the readers may

consult the study of Jiang et al. [5].

Ill. OVERVIEW OF ORIGINAL BAT ALGORITHM

In the nature, micro-bats use the echolocation system to detect
prey, avoid obstacles and locate the roosting places [25]. BA
is a nature-inspired evolutionary algorithm on the basis of the
echolocation behavior of micro-bats.

In the search process of the original BA algorithm,
each bat updates its position and velocity according to
Equations (2)-(4), where f; is the pulse frequency of bat i, fiin
and fiax represent the minimum and maximum values, xf and
v define the individual position and the velocity of bat i at
generation #, x* is the global best position found so far.

Ji = fmin + (fmax — fmin) X rand 2)
vi= v @l - xf A3)
xb=x"t “)

After updating the position, a random number rand is
generated. If it is greater than the pulse emission rate r;, a new
position will be generated around the current best solutions
following Equation (5).

Xnew = Xold + A (5)

where ¢ € [—1, 1]is a random number, while A’ = (A!) is the
average loudness at generate ¢.
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If arandom number rand is less than A; and F (x;) < F(x™),
the new solution will be accepted, and the pulse emission rate
r; and loudness A; are varied following Equations (6) and (7),
i.e., the loudness A; is decreased, and the pulse emission rate
riisincreased. A (0 < A < 1) and y (y > 0) are constant.

AT = Al (6)
rith = (1 —exp(l — y1)) 0

The detailed steps of the original bat algorithm [24] can be
described as follows:

Step 1: Randomly initialize the bat population with a pre-
defined size.

Step 2: For each bat x;, initialize the velocity v;, the pulse
emission rate r; and loudness A;.

Step 3: Generate new solutions following Equations (2)
~(4).

Step 4: If rand > r;, select a solution among the best
solutions and generate a new individual around the best one.

Step 5: If rand < A; and F(x;) < F(x*) are met, accept
the new solution, and increase r; and reduce A;.

Step 6: Rank the bats and find out the best individual.

Step 7: Check the stopping criterion. If met, output the
optimum and end the procedure; otherwise, go to Step 3.

IV. IMPLEMENTATION OF THE PROPOSED BDBA

A. ENCODING AND DECODING APPROACH

Like other meta-heuristic algorithms, the first step of design-
ing the algorithm is to define an encoding approach. Accord-
ing to the description above, there are two sub-problems
involved in the problem under study, i.e., job sequencing and
speed-level selection. The decision-maker has to select a pro-
cessing speed for each job and determine a job permutation
on each machine. Thus, a job-speed-based encoding method
can be used to represent the scheduling solution. The solution
can be divided into two parts. The first part defines the job
permutation on each machine, and the second represents the
speed level selected for processing each job.

Taking a 3 x 2 x 3 low-carbon JSP into account, three
jobs are supposed to be processed on two machines, and
three speed-levels are considered for each job on machines.
The scheduling solution can be illustrated by Fig.1. In the
job sequencing part, elements with the same values repre-
sent different operations of the same job. In the speed-level
selection part, elements represent the selected speed level for
processing jobs. Oj; represents the kth operation of job i.

021 Oll 031 032 012 022 Oll OIZ 021 022 031 032

2 1 3 3] 1 2 3 1 1 2 1 3

Operation permutation Speed-level selection

FIGURE 1. Encoding approach for the 3 x 2 x 3 low-carbon JSP.

In this study, the initial population is randomly gener-
ated according to the encoding method. To acquire a feasi-
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ble scheduling scheme, the decoding process is adopted as
follows:

(1) Scanning the job permutation from left to right, and
find the speed level for processing each operation on
machines.

(2) The first operation in the job permutation part is first
scheduled, and then the second one is done and so
on; each operation is processed in the earliest avail-
able time on its assigned machine. This procedure is
repeated until a scheduling scheme is obtained.

B. PARALLEL SEARCHING MECHANISM

In a parallel structure, several groups are generated by divid-
ing the population into sub-populations, which evolve inde-
pendently and exchange the information during the evolution-
ary process. This mechanism results in the reduction of the
population size for each sub-population and the implementa-
tion of cooperation between sub-populations [6], [31].

As mentioned above, the low-carbon JSP consists of two
sub-problems. The optimization function can be optimized
by adjusting the job permutation and speed-level selection.
However, it may be unnecessary to modify the two vectors
of a certain solution simultaneously in every iteration, espe-
cially for the local search [31]. Therefore, in the proposed
BDBA, the population is divided into two sub-populations
(PJ and PS) of the same size to adjust the job permutation
and the speed-level selection respectively. Before dividing the
population, all the individuals are sequenced in an ascend-
ing order according to their fitness values. Then, the first
individual is assigned to PJ, the second is assigned to PS,
the third is assigned to PJ, and so on. In regular iterations,
a commutation strategy will be conducted to implement the
cooperation between the sub-populations after every fixed
number of iterations ifer. The commutation strategy can be
classified into three types as below.

W-B: the worst agent of a sub-population is replaced by
the best agent of the another sub-population.

R-R: a randomly selected agent of a sub-population is
replaced by a randomly selected agent of the another sub-
population.

R-B: a randomly selected agent of a sub-population is
replaced by the best agent of the another sub-population.

C. DISCRETE INDIVIDUAL UPDATING METHOD

The original BA was designed to deal with continuous opti-
mization problems. However, the low-carbon JSP is a discrete
optimization problem. Therefore, Equations (2)-(4) cannot be
directly adopted to the problem under study. By considering
this situation, some modifications are designed for the BA
algorithm.

Seen from Equation (3), v! depends on the v; in the time
step + — 1, the difference between the bat i and the current
best position and the pulse frequency f;. It is obvious that this
parameter cannot be directly adopted in our algorithm. Here,
we modify the velocity based on a crossover operator between
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each individual and the current best solution, which can be
represented by Equation (8).

vl =c® CR@! ™', x*) ®)

where CR defines the crossover operation between xfl and

x*, and c is the crossover rate. If a random number rand < c,
two different crossover methods are respectively performed
to PJ and PS. Here, the job-based crossover (JBX) is applied
to the job permutation in PJ, and the multi-point crossover
(MPX) is adopted to the speed-level selection in PS.

SS, = {2}, SS, = {1,3}

Parent 1 1 2 3 1 3 2

Parent2 | 3 1 2 3 2 1

Child 1 3 2 1 3 1 2

Child 2 3 1 2 3 2 1

FIGURE 2. JBX crossover operation.

The steps of the JBX is shown in Fig.2 and described as
follows:

Step 1: Create two job subsets §S1 and SS>.

Step 2:Some jobs are randomly selected into SS1, and the
others are filled into SS5.

Step 3: Copy the jobs in SS1 from Parent 1 to Child 1, and
copy the jobs in SS; from Parent 2 to Child 2, and maintain
their original positions.

Step 4: Copy the jobs in SS> from Parent 2 to Child 1 and
copy the jobs in SS from Parent 1 to Child 2, and keep their
positions.

The steps of the MPX is shown in Fig.3 and described as
follows:

Step 1: Randomly create a 0-1 set BL.

Step 2: Copy the speed level in the same place with ‘1’ in
set BL from Parent 1 to Child 1 and from Parent 2 to Child 2.

Step 3: Exchange the rest numbers in Parent 1 and Parent 2
to obtain Child 1 and Child 2.

Furthermore, in the original BA, new solutions are gener-
ated following Equation (4). As previously mentioned, it can-
not be applied directly to the low-carbon JSP. For this reason,

Child 1 3 2 1 1 2 3

Parent | 3 1 1 2 1 3

BL 1 0 1 0 0 1

Parent2 | 2 2 3 1 2 3

Child 2 2 1 3 2 1 3

FIGURE 3. MPX crossover operation.
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we present a modification of it in Equation (9).
xi=weMU®W) 9)

where MU defines a mutation operator, and w is the mutation
rate. If a random number rand < w, two different mutation
methods are respectively performed to PJ and PS. In this
study, a swap mutation is conducted to the job permutation in
PJ, and a single-point mutation is applied to the speed-level
selection in PS.

For the swap mutation, two operations belonging to dif-
ferent jobs are randomly selected from the job permutation
scheme, and then the position of the selected operations are
swapped to obtain a new solution.

For the single-point mutation, an operation with more than
one alternative speed level is randomly selected from the
speed level selection scheme, and then a different speed level
is randomly selected to replace the original one.

D. NEIGHBORHOOD STRUCTHRE

In every iteration of the original BA, a random number rand
is generated after updating the position. If rand is greater
than the pulse emission rate r;, a new position is generated
around the current best solution. According to the character-
istics of the low-carbon JSP, two types of neighborhood struc-
tures are respectively adopted in PJ and PS. When rand < r;,
anew solution is obtained by randomly performing one of the
neighborhood structures to the current best solution.

(1) Neighborhood structures for job permutation

Swap: A new neighboring solution is obtained according
to the above swap mutation method.

Insert: Randomly choose two operations O and O, and
then insert O, before O;.

Inverse: Randomly choose two positions, and then invert
the order of the elements between the two selected positions.
(2) Neighborhood structures for speed level selection

Random selection: A new neighboring solution is
obtained according to the above single-point mutation
method.

Slow down: Randomly choose an operation with more
than one alternative speed level. Then the lowest speed level
is chosen to take the place of the original one.

Speed up: Randomly choose an operation with more than
one alternative speed level. Then the highest speed level is
chosen to take the place of the original one.

E. UPDATING APPROACH OF PULSE EMISSION RATE

AND LOUDNESS

In the original BA, the pulse emission rate r; and loudness
A; are used to control the intensive local search [32]. Each
individual has its own pulse emission rate r;, which is initially
set be a positive and small value and will increase to 1. In this
study, the method proposed by Luo ez al. [32] is used to update
the value of r;, which is shown in Equation (10). Following
this method, the algorithm can not only quickly exploit near
the current optimal solution in the early iteration to accelerate
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the convergence speed, but also can mainly focus on diversity
in later stage and can avoid the premature. For the loudness
Aj, the updating method is expressed by Equation (11), where
Fax and F;, are the maximum and the minimum fitness val-
ues in the current population. In Equation (11), the loudness
is relative to the solution quality of individual. The individual
with a good fitness will be reserved for the next iteration.

10 t
rit) = (14 exp(—— x (1 - %) +rin~t (10)
max
Al‘ — 1 min (11)
Frnax - Fmin

F. STEPS OF THE PROPOSED BDBA
The pseudo-code of the proposed BDBA is shown in Fig.4.

(1) Randomly generate the initial population with a predefined
population size.
(2) Initialize the pulse emission rate 7, and loudness 4.

(3) Divide the population into two sub-populations ( P/ and PS ).
(4) For each sub-population, perform the procedure below.
Generate new solutions following Equations (6) and (7).
if (rand > r, ) then

Select a solution among the best solutions

Generate a new individual around x"
neighborhood structures
end if
if (rand < 4, and F(x,)<F(x")) then
Accept the new solution
Increase 7, and reduce 4,
end if
Rank the bats and find out the best individual.
(5) Check the information exchanging condition. If it is met, perform
the exchanging procedure.
(6) Check the stopping criterion. If it is met, output the optimum and
end the procedure; otherwise, go to (4).

according to the

FIGURE 4. Pseudo-code of the proposed BDBA.

V. RESULTS AND DISCUSSION

In this section, extensive experiments are conducted to test
the performance of the proposed BDBA algorithm. The algo-
rithm is implemented in FORTRAN language and run on a
VMware Workstation Pro 14 with 2GB main memory under
WinXP. Here, 68 instances are used to validate the effective-
ness of the BDBA in Tables 1 and 2. These instances include
two classes:

(1) The benchmark instances FT06, FT10, FT20 and
LAO1-LA40 were respectively designed by Fisher and
Thompson [33] and Lawrence [34].

(2) The instances RMO1-RM?25 are randomly generated,
where processing times of operations are drawn from
a [5, 100] uniform distribution, and the processing
routing of each job is generated at random.

For each instance, 10 independent replications are con-
ducted by different algorithms. Here, the original processing
times are taken as the basic processing times. The speed of
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a machine for processing an operation can be selected from
v = {vi,v2,v3,ma,v5} = {1.0,1.2,1.5,2.0,2.5}. Energy
consumption cost per unit time of machine k can be calculated
according to Eyg = & X vgzl, d =1,2,3,4,5, where & is
drown from a [2, 4] uniform distribution. The stand-by energy
consumption cost per unit time of machine k can be obtained
by SE; = & /4. In addition, the completion time cost per unit
time p is set to be 15.0.

To wvalidate the effectiveness, the proposed BDBA
algorithm with different communication strategies i.e.,
BDBA(W-B), BDBA(R-R) and BDBA(R-B), are compared
with genetic algorithm (GA) [23], improved whale optimiza-
tion algorithm (IWOA) [5], and single-population discrete
bat algorithm (SDBA). In this paper, the parallel searching
strategy is used to improve the performance of the algorithm,
where the population is divided into two sub-populations.
Here, the SDBA represents the discrete bat algorithm, where
only a single-population is involved during the evolutionary
process. In Tables 1 and 2, ‘Best’ is the best value obtained
by each algorithm in the ten runs. ‘Avg’ defines the average
results of the ten runs. ‘SD’ is the standard deviation of com-
putational results obtained by ten runs. ‘ARPD’ represents

the average relative percent deviation, which is represented
L

by ARPD = )" %ﬁi_mn) / L, where ‘L’ is the number
of runs, ‘M in’liis1 the minimum result among all the conducted
experiments, Alg; is the obtained value in the /th run by
an algorithm. ‘Time’ is the average computational time (in
seconds) in the ten runs. In addition, ‘Mean’ defines the aver-
age results obtained by each algorithm for all the instances.
Boldface represents the optimal value obtained by all the
compared algorithms.

For the parameters of the compared algorithms, GA and
IWOA are set as the same values in [5]. In the GA, the pop-
ulation size is 200, the maximum iteration is 2000, the
crossover rate is 0.8, and the mutation rate is 0.1. In the
IWOA, the population size is 200, and the maximum iteration
is 2000. To facilitate the comparison, parameters of BDBA
and SDBA are set as follows: In the BDBA, the size of
each sub-population is 100, the maximum iteration is 2000,
the crossover rate is 0.8, the mutation rate is 0.1, and the
information exchanging parameter iter is 20; In the SDBA,
the population size is 200, and the maximum iteration is 2000,
the crossover rate is 0.8, and the mutation rate is 0.1.

Seen from the computational results in Table 1, it can
be easily concluded that: (1) In comparisons of the ‘Best’
value, the BDBA(R-R) algorithm yields 23 optimal values
out of 68 instances, which is better than the other compared
algorithms. The second best algorithm, namely BDBA(R-
B), obtains 20 optimal values. According to the last row of
Table 1, the BDBA(R-R) algorithm obtains the lowest mean
value of Best among all the compared algorithms. (2) In
comparisons of the ‘Avg’ value, the BDBA(R-R) algorithm
obtains 25 optimal values out of 68 instances. The second best
algorithm, namely BDBA(R-B), only obtained 17 optimal
values. According to the last row of Table 1, the BDBA(R-R)
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TABLE 1. Comparison with the published algorithms.

Instance () GA IWOA SDBA

e Best Avg SD ARPD Time(s) Best Avg SD ARPD Time(s) Best Avg SD ARPD Timef(s)
FTO06 (6,6) 1550.6 15829 20.0 15.51 73 1370.4 1382.8 6.2 0.90 26.9 1386.2 1411.5 16.6 3.00 70.9
FT10 (10,10) 38638.7 397725 6202 31.52 30.1 316193 32726.4 649.4 8.22 107.8 30324 31041.7 459.1 2.65 199.0
FT20 (5.20) 427713 438773 514.1 29.90 32.7 345442 35155.7 376.8 4.08 1114 33961.4 34934.7 807.4 3.42 206.1
LAO1L (5,10) 21845.8 22302.7 279.7 26.01 11.6 18096 18204.8 88.8 2.85 39.0 18063.5 18296.3 178.4 337 93.9
LA02 (5,10) 21223 21626.4 330.1 22.96 113 17661 17967.5 157.8 2.16 38.2 17703.4 18113.7 2432 2.99 93.4
LA03 (5,10) 19269.9 19624.5 2277 26.12 115 15679.6 15913.4 219.2 227 38.7 15667.5 16009.1 241.0 2.89 92.9
LAO4 (5,10) 19085.3 19620.1 2167 22.60 115 16039.7 16209.3 136.1 1.29 38.0 16131.4 16590.2 365.3 3.67 92.2
LAO5 (5,10) 17424.2 17732.9 228.1 23.13 11.6 14442.6 14608 97.8 143 38.2 14402.2 14663.6 152.1 1.82 91.0
LA06 (5,15) 30332.6 31156.2 428.6 26.83 21.1 25198.4 25501 1348 3.81 68.2 24608.2 24998.3 289.6 1.76 142.0
LAO7 (5,15) 29614.2 30278.9 4225 28.24 21.2 24172.9 24619.2 203.1 4.27 66.3 23994.2 242337 201.5 2.64 143.0
LAO8 (5,15) 29442.4 30591.2 463.1 28.26 213 24422.8 24775.7 202.1 3.87 67.6 24049 24411.6 255.0 235 143.0
LA09 (5,15) 32652.8 33383.0 476.8 25.07 213 273295 27608.6 1225 3.44 73.5 26769.5 27167.7 2274 1.79 1423
LA10 (5,15) 307532 312727 2763 26.39 21.2 25081.3 253155 178.9 2.32 73.2 24954.6 25190.8 1719 1.81 1423
LAI1 (5,20) 40691.1 42380.5 694.1 28.20 29.9 34221.7 34659.8 258.5 4.84 110.1 33061.5 33951.6 4274 2.70 194.9
LAI2 (5.20) 361162 36705.9 364.6 25.36 30.2 29905.6 302215 173.9 321 111.6 29771.8 29963 1382 233 1944
LA13 (5.20) 40046 41036.5 377.0 27.30 30.8 33198.1 33490.7 216.0 3.89 1102 324804 328633 3315 1.95 1943
LA14 (5.20) 42035.5 42668.4 307.0 29.70 30.3 337945 342143 2428 4.01 114.0 33320 33586.7 308.5 2.10 194.5
LAI1S (5.20) 44265 44865.7 406.6 30.59 30.6 35802.4 36199.8 203.0 5.36 113.1 34357.1 35223.6 612.3 2.52 197.8
LA16 (10,10) 393523 40191.7 505.5 35.20 28.0 31516.7 321182 397.7 8.04 108.9 30132.7 30816.4 4853 3.66 191.1
LA17 (10,10) 34319.1 35011.7 4753 34.20 279 27606.6 28166 3778 7.96 110.1 26369.2 272208 457.7 4.34 197.9
LA18 (10,10) 37326.8 38536.1 6119 32.63 279 30826.6 31480.9 525.1 835 107.5 292233 29910.9 604.4 2.94 207.9
LA19 (10,10) 38359.7 39177.2 405.7 34.81 27.7 311679 31653.8 3529 8.92 108.5 297133 30155 304.2 3.76 200.5
LA20 (10,10) 40626.2 41834.9 596.4 35.12 28.1 326752 33359.4 384.3 775 104.1 31199.9 31902.3 376.7 3.04 205.1
LA21 (10,15) 57276.3 58907.5 656.6 45.86 525 46139.7 46595.8 256.6 15.37 190.7 41154.1 41940.3 556.7 3.85 3323
LA22 (10,15) 514572 533733 9242 42.86 50.9 41378.6 42185.1 556.5 12.92 193.9 37762.9 38796.7 1010.0 3.85 319.3
LA23 (10,15) 56499 57683.4 682.8 45.05 52.0 44848.3 45655.5 626.4 14.81 195.5 40388.5 416314 764.1 4.69 316.8
LA24 (10,15) 54503 55457.0 716.7 43.86 532 417473 43487.9 869.3 12.81 191.3 38790 39473.6 6438 2.40 3454
LA25 (10,15) 541289 51823.4 496.6 38.05 51.8 43328 43686.9 364.9 16.38 185.7 39060.7 39869.8 791.8 6.21 3777
LA26 (10,20) 75180.8 75817.0 5476 4822 80.9 58956.5 60361.9 7924 18.00 292.0 51958.6 53214.7 821.9 4.03 492.7
LA27 (10,20) 76673 78085.6 807.9 48.38 86.4 60345.2 618343 701.7 17.50 287.3 54367.2 552722 763.5 5.03 498.7
LA28 (10,20) 74918.6 76472.9 834.1 48.68 85.3 59361.1 60933.3 580.5 18.47 282.0 521132 53437.6 776.7 3.90 4924
LA29 (10,20) 70744.8 72150.4 1041.7 47.41 84.8 56971.4 58028.9 934.3 18.56 289.8 50192 51091.4 713.6 4.38 497.8
LA30 (10,20) 76737 775479 659.0 47.77 85.1 60849.4 61970.9 753.8 18.09 280.0 54079.1 55096.9 560.3 4.99 471.6
LA31 (10,30) 106691.4 108275.1 979.2 50.63 168.9 851213 86301.1 551.2 20.06 588.0 74851.4 75829.7 837.1 5.49 655.5
LA32 (10,30) 115254.6 117103.4 859.6 53.54 165.9 91552 92848.3 1208.2 21.74 570.5 79481.4 81324.8 1656.6 6.63 689.4
LA33 (10,30) 104826.8 106660.0 957.1 50.84 172.8 83406.5 84898 667.4 20.07 557.6 73743.9 743134 6334 5.10 7111
LA34 (10,30) 106811.5 108573.6 7345 49.99 172.7 85921.4 87369.6 1379.5 20.69 5787 75243 76945.8 1491.6 6.29 688.7
LA35 (10,30) 107670.7 110468.2 1210.6 5111 190.6 87327.1 89208.7 1336.9 22.03 563.3 74189.2 76282.6 1070.9 4.35 686.4
LA36 (15,15) 87865.1 89417.9 1058.2 46.55 109.2 70307.6 71876.5 1115.8 17.80 3379 61018.2 62523.4 9427 247 4989
LA37 (15,15) 94954.6 96887.6 1033.8 47.48 1132 76600.2 78049.8 1180.2 18.81 346.1 66576.3 67606.5 440.1 291 477.6
LA38 (15,15) 84290.9 86247.6 1066.8 45.58 112.0 68805.9 69910.3 1069.2 18.00 3472 59392.1 60532.4 812.6 2.17 476.5
LA39 (15,15) 86940.2 887213 997.1 47.76 109.0 69951.6 714144 940.3 18.94 348.0 61223.9 62166.7 753.5 3.53 492.8
LA40 (15,15) 86335.6 874325 815.8 44.83 108.9 69063.5 70353.9 1110.1 16.54 363.3 61273.2 62438.5 1076.8 3.43 473.0
RMO1 (5,5) 11425.8 11599.2 141.7 4.82 53 11065.9 11186.1 126.7 1.09 16.9 11208.8 115433 250.7 431 472
RM02 (5,10) 18524.6 18856.6 1782 11.86 12.8 16856.8 17206.5 154.8 2.07 41.0 17040.8 17246.1 135.1 231 922
RM03 (5,15) 28996.3 29424.6 261.7 13.93 23.8 26329.6 26627.1 1954 3.10 73.0 26046.6 26284.5 188.3 1.78 1433
RM04 (5.20) 40857.2 415824 486.2 15.64 36.1 37604 37801.4 168.9 5.12 1128 36198.2 36626.9 2853 1.86 205.5
RMO5 (5,30 62680.8 64546.7 7794 16.47 68.4 57890.5 58627.8 3953 5.79 208.0 56738.4 572053 382.6 322 3285
RMO6 (10,5) 18926.7 19167.8 160.5 6.86 13.2 17937.4 18155.8 148.6 1.22 42.0 18121.3 18735.8 4717.5 4.45 94.5
RMO07 (10,10) 37756.2 385783 594.4 22.60 32,6 339115 34552 657.2 9.80 112.0 32261.6 33093.6 7724 5.17 1922
RMO08 (10,15) 57866.6 587252 5127 31.00 61.0 51857.7 525432 518 17.21 201.9 46093.5 47046.4 748.3 4.95 3246
RM09 (10,20) 73756 75057.9 741.8 33.12 95.7 65249.5 66822.6 819.4 18.51 3287 56383.4 59223.7 1764.4 5.04 5548
RM10 (10,30) 112312.2 114081.9 7959 35.57 192.6 99214 101890.4 1298.5 21.08 666.6 87826.9 88696.9 851.1 5.40 738.1
RMI11 (15,5) 31800.9 32296.2 486.0 7.29 22.6 30129.7 30298.2 138.1 0.66 771.2 30586.9 314372 671.6 4.44 155.3
RM12 (15,10) 60531.6 62637.4 1260 2282 63.5 557893 56397.8 511.8 10.58 196.4 51731.8 52838.6 822.8 3.61 2944
RM13 (15,15) 85296.1 88169.3 1469.2 30.61 1152 78038.9 79713.7 1544.4 18.08 3885 67616.9 697779 15743 337 460.8
RM14 (15,20) 115742.8 118339.6 1604.2 35.60 179.7 105564.3 107807.7 17932 23.53 631.8 87512.6 90517.7 1728 372 649.0
RMI15 (15,30) 169465.3 172683.8 1892.7 42.29 359.6 156402.8 158061.8 1214.2 30.24 1272.1 129614 132654.9 1359.6 9.31 1030.1
RM16 (20,5) 45491.4 46721.6 5713 7.92 36.6 43293.6 43718.4 2629 0.98 1182 43860.2 44674.3 549.8 3.19 199.5
RM17 (20,10) 79231.6 824573 14523 2278 100.8 72951.6 74433.9 693 10.83 336.7 67770.9 70181.6 1045.2 4.50 4334
RM18 (20,15) 120795.7 123868.0 1432.2 3433 185.1 108791.8 112229 2600.8 21.70 618.9 95928.8 97375.4 980.4 5.60 665.7
RM19 (20,20) 158133.4 159393.4 1003.3 38.34 296.2 141507.4 144207.6 2339.5 25.16 1005.0 120275.5 121577.6 1529.1 5.52 905.9
RM20 (20,30) 231954.5 233093.3 696.0 42.59 588.2 212624.1 214974.4 1363.5 3151 1993.7 176352.9 180034.2 2979.6 10.13 1437.1
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TABLE 1. (Continued.) Comparison with the published algorithms.

RM21 (30,5) 81395.4 82257.6 6114 6.59 73.6 77172.1 777376 497.8 0.73 2364 78913.4 80102.1 7233 3.80 3385

RM22 (30,10) 1357858 140195.5 2282.9 20.84 197.2 1255438 128826.8 2181.9 11.04 676.3 1190304 120992.5 16126 4.29 695.7

RM23 (30,15) 196648.6  198015.2 1166.8 32.14 388.4 174621 179782.5 34169 19.97 1264.5 154007.1  157760.1 27659 527 1073.1

RM24 (30,20 2487955 250921.9 1422.1 36.34 595.6 223404 228851.2 3805.7 2435 1997.2 1929841 1973113 26345 721 1703.2

RM25 (30,30) 3550727 356940.9 1539.2 41.58 11817 3231106 3267424 1619.5 29.61 41315 2790353 2841583 3134 1271 2437.9

Mean - 72599.3 73852.2 7335 32.41 111 62429.7 63554.7 7525 11.84 376.8 56053.6 57199.1 805 4.03 4239
Instance o) BDBA(W-B) BDBA(R-R) BDBA(R-B)

e Best Avg SD ARPD Time(s) Best Avg SD ARPD Time(s) Best Avg SD ARPD Time(s)
FT06 (6.6) 1384.7 1413.1 20 312 42.1 1380.7 1421 27.7 3.69 3.9 1395.7 1419.5 17.1 3.58 46.7
FT10 (10,10) 30777.8 313238 393.8 358 129.5 30240.4 309925 586.6 2.49 135.8 30666 314625 4932 4.04 140.5
FT20 (5,20) 33867.1 35049.8 849 376 1334 33778.7 34852 5392 318 1379 34087.9 348114 482.7 3.06 1447
LAOL (5,10) 17699.6 18045.9 178.4 1.96 59.5 18028.4 18460 2834 4.30 62.8 17902 18284.7 247 331 64.8
LA02 (5,10) 17588 17996.8 330.1 233 61.1 17587.8 17971.2 2453 2.18 61.8 17650.4 17939.3 2315 2.00 64.8
LA03 (5,10) 15899.5 16223 220 426 60.1 15559.6 15868.9 192.6 1.99 62.1 15893.6 16102.1 1814 3.49 65.4
LAO4 (5,10) 16003.4 16449.6 3277 279 61.1 16084.1 16393.4 2226 244 60.9 16015.3 16511.1 366.1 317 64.8
LAOS (5,10) 14439.7 14733 165.8 230 60.6 14563.2 14758 141 247 60.3 14590.1 147143 74.4 2.17 64.5
LA06 (5,15) 24610.1 24907.7 198.3 139 95.4 247492 24990.1 182.2 173 95.7 24566 249519 2734 1.57 102.5
LA07 (5,15) 23675 240633 265.8 1.92 95.8 23610.4 243103 5255 2.96 101.2 23870.5 24322.1 3422 3.01 100.9
LA08 (5,15) 23920 243065 374.1 191 94.6 23902.4 24400.3 296.9 230 99.6 23851.7 24369.7 293 2.17 97.1
LA09 (5,15) 26710.4 27075.4 2463 144 94.4 26788 27070.9 2718 1.42 1025 26691.2 26967.7 3074 1.04 96.4
LAL0 (5,15) 24835.6 25286.8 268.9 220 93.2 24823.9 25152.6 258.6 1.66 96.9 247422 25082.1 306.2 137 99.5
LAl (5,20) 331939 33852.1 438.7 240 132.0 33059.1 33733.1 369.4 2.04 136.2 33131 33719 595.7 2.00 131.5
LAI2 (5,20) 29298.3 29732.1 276.8 1.54 130.2 292812 297483 303.1 1.60 139.8 294947 297178 201 149 1314
LAL3 (5,20) 322945 32649.7 379.1 128 1284 322362 32609 2042 116 144.8 32360.7 32789 3875 171 1362
LAL4 (5,20) 330232 33479.6 382.8 177 1325 329575 333523 262.1 1.39 139.4 32896.6 333827 287.1 1.48 1355
LALS (5,20) 34907.6 354272 3403 311 140.9 34585 34917.8 3143 1.63 137.9 348317 35071.4 280.1 2.08 136.5
LAL6 (10,10) 298263 30909.3 678.4 397 124.8 301119 308912 502.9 391 129.9 29728.1 30939 669.2 4.07 1311
LAL7 (10,10) 26773.8 272537 405.8 446 125.6 26089.5 271203 769.1 3.95 129.7 26972.4 27235 173.8 439 1295
LAI8 (10,10) 29692.4 30470.1 789.8 4.87 1244 29108 29954.7 479.7 3.09 131.0 29056 29965 682.6 313 129.7
LAL9 (10,10) 29273.2 302553 451 4.11 127.5 29275.1 303714 6015 4.51 1327 29062.1 301827 839.6 3.86 128.1
LA20 (10,10) 314279 32566.7 854.6 5.19 132.0 30961.3 321272 7583 3.77 1327 31297.1 32218.1 746.2 4.06 127.8
LA21 (10,15) 41098 42236.3 777.9 4.58 201.8 40720.8 42148.1 802.9 436 206.4 403873 41887 893.8 371 201.2
LA22 (10,15) 37359.5 385522 7625 3.19 2013 37657.4 38505.7 748.1 3.07 2073 38385.7 39289.1 629 5.16 196.8
LA23 (10,15) 40500.5 411204 476.9 3.40 200.1 39766.7 40840.1 6243 2.70 206.1 40332.2 41673 719.1 479 199.0
LA24 (10,15) 38549.5 40190.4 1305.8 426 196.7 38595.4 39608.6 669.4 275 208.8 38636.6 39554.4 904.2 261 2159
LA25 (10,15) 38201.6 39458.4 836.5 511 196.7 37538.6 39140 1125.7 4.27 206.0 38051.8 394515 993.9 5.10 2139
LA26 (10,20) 51365 52364.5 7214 237 2783 512724 52096.4 486.4 1.84 296.0 51153.1 52260.5 680.5 2.16 3075
LA27 (10,20) 53390.4 543473 7704 327 295.8 52863.3 54048.6 718.1 2.70 303.0 52625.1 53931 7574 2.48 298.0
LA28 (10,20) 51880.9 53586.2 8843 418 2803 51433.7 52884.9 1051.9 2.82 3154 51769.7 53287.9 978 3.61 2913
LA29 (10,20) 49241.1 50571.7 816.8 332 2817 49668.7 50795.9 604.2 3.78 3072 48946 50246.9 1100.1 2.66 287.7
LA30 (10,20) 53389.4 545782 5953 4.00 2840 52479.4 54560 1132.1 3.96 3093 528649 541148 7462 312 2914
LA31 (10,30) 71882.2 74361.4 1004.3 345 506.9 71992.8 742634 13215 331 506.8 725152 742465 1086.2 3.29 460.0
LA32 (10,30) 77109 78419.9 909.3 2.82 4835 76266.7 78602.1 1445.8 3.06 499.1 774314 78389.4 1025.8 2.78 4743
LA33 (10,30) 70708.7 724147 1073.6 241 505.7 71146.1 720145 585.2 1.85 502.5 70787.8 721713 1125.1 2.07 4589
LA34 (10,30) 72389.6 74257.7 1042.4 258 483.9 73090.8 73784.6 8422 1.93 5116 737409 74678.7 7813 3.16 460.4
LA3S (10,30) 73366.4 74818.7 1021 235 500.0 73250.8 751072 1352.9 2.74 5209 73103.8 75245.4 1435 2.93 4595
LA36 (15,15) 61013.9 62268.3 1085.8 2.06 336.6 611153 62737.8 1233.1 2.83 3453 61676.1 63148.1 1007.5 3.50 3226
LA37 (15,15) 664474 67533.4 6315 2.80 3310 65694.4 676279 1442.1 294 3417 66177.6 67738 936.2 311 3234
LA38 (15,15) 59380.8 60939.8 1226 2.86 345.8 59244.7 60235.2 647.7 1.67 3489 59392.1 60535.9 1069.6 218 3257
LA39 (15,15) 60044.3 61683.3 1047.7 273 3450 60362.9 61386.9 821.1 224 3344 60497 618672 1107.3 3.04 3575
LA40 (15,15) 60367.8 61940.6 900.9 2.61 336.1 60740.8 61926.9 1106.1 2.58 3352 60855.1 62094.7 1048.2 2.86 360.6
RMO1 (5.5 11424 11689.9 2184 5.64 273 113185 11579.5 2134 4.64 29.9 11307.5 11787.8 3108 6.52 29.9
RMO02 (5,10) 17084.5 17305.6 154 2.66 57.6 17030.7 17360.9 182.1 2.99 61.5 16864.5 17332.6 2934 2.82 63.9
RMO3 (5,15) 25931.8 261222 139.1 115 89.4 25825.9 26126.3 158 116 1033 25880.7 262239 226.6 1.54 100.5
RMO04 (5,20) 360227 365432 282.8 1.62 126.3 361714 36630.6 3845 1.87 1374 35958.9 36494.9 3674 149 145.5
RMOS (5,30) 55986.5 56369.4 388.8 171 2110 55419.2 56206.6 591 142 226.0 55865.4 56509.3 595 1.97 2333
RMO6 (10,5) 18300.8 18733.3 361.5 444 61.6 18522.4 18862.9 309.9 5.16 63.1 18602.3 19049.2 3393 6.20 66.7
RMO7 (10,10) 320334 32839.6 655.5 436 1322 32078.4 328943 639.6 4.53 128.9 31467.9 32768 876.7 413 131.8
RMO8 (10,15) 44828.3 467579 9023 430 2072 45760.1 46700.1 9347 4.18 209.7 45356.3 464813 578.6 3.69 2113
RMO09 (10,20) 57086.9 58617.5 1000.3 3.96 309.7 56598 57961 1196.7 2.80 296.9 56835.4 57856.3 7272 2.61 296.4
RM10 (10,30) 851912 87042 1426 344 527.8 84150.6 85990.4 1153.6 2.19 506.7 857305 864323 704 271 4837
RMI11 (155) 303445 314485 912.1 448 105.8 303003 312722 6717 3.89 1024 30100.6 311489 705.7 3.48 100.4
RMI2 (15,10) 50999.7 52860.9 1276.6 3.65 2247 51795.1 52634.4 6653 321 2143 515318 527246 938.6 338 2145
RMI3 (15,15) 67505.9 68624.2 8174 1.66 356.4 676133 686753 665.4 173 3525 681325 69807.4 789.1 341 339.0
RM14 (15,20) 88302.6 89535.8 1044.8 2.60 503.6 87269.4 89470.2 1283 252 503.8 87635.4 89635.5 17273 271 4757
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TABLE 1. (Continued.) Comparison with the published algorithms.

RM15 (15,30) 121361.2 125028.6 2391.6 3.02 859.6 122471

RM16 (20,5) 43681.7 444952 409.7 278 144.0 435332
RM17 (20,10) 67687.9 69453.8 838.7 3.42 310.5 67158.7
RM18 (20,15) 93794.2 95978.2 1531.7 4.08 490.0 92214.6
RM19 (20,20) 115455 118883.9 2100.3 3.18 679.8 115743.6
RM20 (20,30) 165973.4 167777.1 1350.4 2.63 1108.6 163644.2
RM21 (30.,5) 79321 81011.4 1090.7 4.97 2482 78649.3
RM22 (30,10) 116020 119203.9 19703 274 533.0 117495.7
RM23 (30,15) 152673.6 156058.3 3429.7 4.14 7975 150642.8
RM24 (30,20) 184137.3 188172 2147.7 225 1089.4 187029

RM25 (30,30) 252105.9 259468.9 3541.8 2.92 1723.8 254209.8
Mean 54736.2 56016.7 839.8 311 292.6 54651.6

124946.8
44473.6
69588.4
94409.3
117463.9
166007.5
80782.2
119332.5
154625.8
189903.3
259267.5
558375

1509.7 2.95 803.4 122239.7 125081.8 1495.8 3.07 782.0
665.8 2.73 159.0 44135.7 45121.1 988.9 4.22 148.7
1832 3.62 3485 67339.6 69806.6 1357.6 3.94 312.8

1412.6 238 533.7 92529.9 95542.4 24945 3.61 497.1

1097.7 1.95 728.6 1152213 117625.8 1602 2.09 688.0
1446.6 1.55 1164.6 163472.2 166905 2196.5 2.10 1089.7
982.9 4.68 420.8 78601 79900.3 839.8 3.54 2419
1667.3 2.86 5395 116776.2 119539.4 1695.7 3.03 504.2

2385 3.18 804.4 149858.1 154263.8 2215.8 2.94 807.9
1650.1 3.19 11245 184040 188761.3 2576.3 2.57 1136.0
2500.6 2.84 1829.9 256424.9 260897.8 33474 3.49 1839.8
783.8 282 304.1 547352 55965.7 845.5 3.06 2929

algorithm obtains the lowest mean value of Avg among all the
compared algorithms. (3) In comparisons of the ‘SD’ value,
the IWOA algorithm yields 27 optimal values, which is more
than the other compared algorithms. According to the last row
of Table 1, the GA algorithm obtains the lowest mean value
of SD among all the compared algorithms. For the proposed
BDBAs, BDBA(R-R) outperforms the other two algorithms.
(4) In comparisons of the ‘ARPD’ value, the BDBA(R-R)
algorithm yields 25 optimal values, which is more than the
other compared algorithms. According to the last row of
Table 1, the BDBA(R-R) algorithm obtains the lowest mean
value of ARPD among all the compared algorithms. (5) In
comparisons of the ‘Time’ value, GA spends the shortest
time among the compared algorithms. The proposed BDBAs
spend the shorter time than SDBA and IWOA.

An analysis of variance (ANOVA) test is performed
in Table 2, where the compared algorithms are viewed as
levels and ARPD is taken as the response variable. The
results show that there are significant differences among the
algorithms because p-value is equal to zero.

TABLE 2. ANOVA for ARPD of the compared algorithms.

Sum of

Source DF Squares Mean Square F p-value
Factor 5 46732.8611 9346.57222 229.48409 0
Error 402 16372.90849 40.72863

Total 407 63105.76959

VI. CONCLUSIONS
In this paper, a kind of bi-population based discrete bat
algorithm (BDBA) is developed to solve the low-carbon job
shop scheduling problem with the consideration of energy
consumption. The main contribution of this study are shown
as follows: (1) a parallel searching mechanism is proposed
to divide the population into two sub-popualtions, which can
exchange their information to implement the cooperation dur-
ing the evolutionary process; (2) a modified discrete updating
approaches are proposed to make the algorithm work directly
in a discrete domain.

Extensive experiments are carried out to test the per-
formance of the proposed BDBA. The comparison data
show that: (1) the parallel search mechanism is effective for
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improving the performance of the algorithm. (2) the proposed
BDBA(R-R) algorithm can obtain better results for most of
the considered indicators, such as Best, Avg and ARPD. (3)
For the three different BDBAs, the BDBA(R-R) performs
better than the other two algorithms with a little longer com-
putational time.

In the future work, some constraints will be considered
in the low-carbon JSP, such as flexible processing routing,
variable energy prices, and renewable energy, and so on. In
addition, the low-carbon scheduling problem will be extended
to some complex workshops, such as flexible job shop and
assembly job shop, and so on.

REFERENCES

[1] IEA. (2008). Worldwide Trends in Energy Use and Efficiency: Key Insights
From IEA Indicator Analysis. Accessed: Jun. 29,2013. [Online]. Available:
http://www.iea.org/Textbase/Papers/2008/indicators_2008.pdf

[2] G.May, B. Stahl, and M. Taisch, “Energy management in manufacturing:
Toward eco-factories of the future—A focus group study,” Appl. Energ.,
vol. 164, pp. 628-638, Feb. 2016.

[3] T. Peng and X. Xu, “Energy-efficient machining systems: A critical
review,” Int. J. Adv. Manuf. Technol., vol. 72, nos. 9—-12, pp. 1389-1406,
Jun. 2014.

[4] Y. Liu, H. B. Dong, N. Lohse, S. Petrovic, and N. Gindy, “An inves-
tigation into minimising total energy consumption and total weighted
tardiness in job shops,” J. Cleaner Prod., vol. 65, pp. 87-96,
Feb. 2014.

[5] T. Jiang, C. Zhang, H. Q. Zhu, J. Gu, and G. Deng, “Energy-efficient
scheduling for a job shop using an improved whale optimization algo-
rithm,” Mathematics, vol. 6, no. 11, pp. 220-239, Nov. 2018.

[6] T. Jiang and G. Deng, “Optimizing the low-carbon flexible job shop
scheduling problem considering energy consumption,” [EEE Access,
vol. 6, pp. 46346-46355, Aug. 2018.

[7]1 G. Mouzon and M. B. Yildirim, “A framework to minimise total energy
consumption and total tardiness on a single machine,” Int. J. Sustain. Eng.,
vol. 1, no. 2, pp. 105-116, Aug. 2008.

[8] C. Liu, J. Yang, J. Lian, W. Li, S. Evans, and Y. Yin, “Sustainable
performance oriented operational decision-making of single machine sys-
tems with deterministic product arrival time,” J. Cleaner Prod., vol. 85,
pp. 318-330, Dec. 2014.

[9]1 E. Shrouf, J. Ordieres-Meré, and A. Garcia-Sdnchez, “Optimizing

the production scheduling of a single machine to minimize total

energy consumption costs,” J. Cleaner Prod., vol. 67, pp. 197-207,

Mar. 2014.

A. Che, Y. Zeng, and K. Lyu, “An efficient greedy insertion heuristic for

energy-conscious single machine scheduling problem under time-of-use

electricity tariffs,” J. Cleaner Prod., vol. 129, pp. 565-577, Aug. 2016.

S. Rubaiee, S. Cinar, and M. B. Yildirim, “An energy-aware multiobjective

optimization framework to minimize total tardiness and energy cost on a

single-machine nonpreemptive scheduling,” IEEE Trans. Eng. Manage.,

to be published, doi: 10.1109/TEM.2018.2846627.

[10]

(11]

14521


http://dx.doi.org/10.1109/TEM.2018.2846627

IEEE Access

Y. Ly, T. Jiang: BDBA for the Low-Carbon JSP

[12]

[13]

[14]

[15]

[16]

[17]

[18]

[19]

[20]

[21]

[22]

[23]

[24]

[25]

[26]

[27]

[28]

[29]

M. Dai, D. B. Tang, A. Giret, M. A. Salido, and W. D. Li, “Energy-
efficient scheduling for a flexible flow shop using an improved genetic-
simulated annealing algorithm,” Robot. Comput.-Integr. Manuf., vol. 29,
no. 5, pp. 418429, Oct. 2013.

H. Luo, B. Du, G. Q. Huang, H. Chen, and X. Li, “Hybrid flow shop
scheduling considering machine electricity consumption cost,” Int. J.
Prod. Econ., vol. 146, no. 2, pp. 423-439, Dec. 2013.

H. Zhang, F. Zhao, K. Fang, and J. W. Sutherland, ‘‘Energy-conscious flow
shop scheduling under time-of-use electricity tariffs,” CIRP Ann., vol. 63,
no. 1, pp. 3740, Apr. 2014.

W. Lin et al., “A multi-objective teaching—learning-based optimization
algorithm to scheduling in turning processes for minimizing makespan and
carbon footprint,” J. Cleaner Prod., vol. 101, pp. 337-347, Aug. 2015.
D. Tang, M. Dai, M. A. Salido, and A. Giret, “Energy-efficient dynamic
scheduling for a flexible flow shop using an improved particle swarm
optimization,” Comput. Ind., vol. 81, pp. 82-95, Sep. 2016.

C. Lu, L. Gao, X. Li, Q. Pan, and Q. Wang, “Energy-efficient permutation
flow shop scheduling problem using a hybrid multi-objective backtracking
search algorithm,” J. Cleaner Prod., vol. 144, pp. 228-238, Feb. 2017.
J.-J. Wang and L. Wang, “A knowledge-based cooperative algorithm for
energy-efficient scheduling of distributed flow-shop,” IEEE Trans. Syst.,
Man, Cybern., Syst., to be published, doi: 10.1109/TSMC.2017.2788879.
D. Lei, L. Gao, and Y. Zheng, ‘A novel teaching-learning-based optimiza-
tion algorithm for energy-efficient scheduling in hybrid flow shop,” IEEE
Trans. Eng. Manage., vol. 65, no. 2, pp. 330-340, May 2018.

T. Jiang, C. Zhang, H. Zhu, and G. Deng, “‘Energy-efficient scheduling for
a job shop using grey wolf optimization algorithm with double-searching
mode,” Math. Problems Eng., vol. 2018, pp. 1-12, Oct. 2018.

G. May, B. Stahl, M. Taisch, and V. Prabhu, ‘“Multi-objective genetic
algorithm for energy-efficient job shop scheduling,” Int. J. Prod. Res.,
vol. 53, no. 23, pp. 7071-7089, Jan. 2015.

S. Kawaguchi and Y. Fukuyama, “Improved parallel reactive tabu search
based job-shop scheduling considering minimization of secondary energy
costs in factories,” in Proc. 57th Annu. Conf. Soc. Instrum. Control Eng.
Jpn. (SICE), 2018, pp. 765-770.

J. Escamilla, M. A. Salido, A. Giret, and F. Barber, “A metaheuristic
technique for energy-efficiency in job-shop scheduling,” Knowl. Eng. Rev.,
vol. 31, pp. 475-485, Nov. 2016.

T. Jiang and C. Zhang, “Application of grey wolf optimization for solving
combinatorial problems: Job shop and flexible job shop scheduling cases,”
IEEE Access, vol. 6, pp. 26231-26240, May 2018.

X.-S. Yang, “A new metaheuristic bat-inspired algorithm,” in Nature
Inspired Cooperative Strategies for Optimization. Berlin, Germany:
Springer, 2010, pp. 65-74.

X.-S. Yang and A. H. Gandomi, “Bat algorithm: A novel approach
for global engineering optimization,” Eng. Comput., vol. 29, no. 5,
pp. 464483, 2012.

D. Rodrigues et al., ““A wrapper approach for feature selection based on
bat algorithm and optimum-path forest,” Expert Syst. Appl., vol. 41, no. 5,
pp. 2250-2258, Apr. 2014.

E. Osaba, X.-S. Yang, F. Diaz, P. Lopez-Garcia, and R. Carballedo, “An
improved discrete bat algorithm for symmetric and asymmetric traveling
Salesman problems,” Eng. Appl. Artif. Intel., vol. 48, pp. 59-71, Feb. 2016.
M. Seyedmahmoudian et al., “Maximum power point tracking for pho-
tovoltaic systems under partial shading conditions using bat algorithm,”
Sustainability, vol. 10, no. 5, pp. 1347-1363, May 2018.

14522

(30]

(31]

(32]

(33]

(34]

H. Xu and B. Cheng, “Hybrid genetic bat algorithm for the single-objective
flexible job shop scheduling problem,” J. Chin. Comput. Syst., vol. 39,
no. 5, pp. 1010-1015, May 2018.

L. Wang, S. Wang, Y. Xu, G. Zhou, and M. Liu, “A bi-population based
estimation of distribution algorithm for the flexible job-shop scheduling
problem,” Comput. Ind. Eng., vol. 62., no. 4, pp. 917-926, May 2012.

Q. Luo, Y. Zhou, J. Xie, M. Ma, and L. Li, “Discrete bat algorithm for
optimal problem of permutation flow shop scheduling,” Sci. World J.,
vol. 2014, pp. 1-15, Aug. 2014.

H. Fisher and G. L. Thompson, ‘‘Probabilistic learning combinations of
local job-shop scheduling rules,” Ind. Scheduling, vol. 3, pp. 225-251,
Mar. 1963.

S. Lawrence, “Resource constrained project scheduling: An experimental
investigation of heuristic scheduling techniques,” Graduate School Ind.
Admin., Carnegie Mellon Univ., Pittsburgh, PA, USA, Tech. Rep. 12, 1984.

Yl LU was born in Honggqi, Xinxiang, China,
in 1987. She received the B.A. degree in ecological
planning from Hainan University, Haikou, China,
in 2009, and the M.T.A. degree in tourism man-
agement from Guangxi Normal University, Guilin,
China, in 2018.

From 2010 to 2016, she was a Teaching Assis-
tant with the Henan Institute of Technology, Xinx-
iang, China, where she has been a Lecturer since
2016. She has authored two books and more than

10 articles. Her research interests include ecotourism, production scheduling,
and intelligence algorithm.

TIANHUA JIANG was born in Weihai, China,
in 1983. He received the B.S. degree in automa-
tion from Jinan University, Jinan, China, in 2007,
the M..S. degree in control science and engineering

. y from the Sichuan University of Science and Engi-
< neering, Zigong, China, in 2010, and the Ph.D.
1 S 7 degree from the MOE Key Laboratory of Measure-

ment and Control of Complex Systems of Engi-
neering, School of Automation, Southeast Univer-
sity, China, in 2015.

Since 2015, he has been a Lecturer with the School of Transportation,
Ludong University, Yantai, China. His research interests include production
scheduling and intelligent algorithm. His recent publications have appeared
in some peer-reviewed journals, such as the International Journal of Bio-
Inspired Computation, the IEEE Access, the Journal of Intelligent and
Fuzzy Systems, the International Journal of Industrial Engineering: Theory,
Applications and Practice, Proceedings of the Institution of Mechanical
Engineers, Part B: Journal of Engineering Manufacture, Mathematics, and
Mathematical Problems in Engineering.

VOLUME 7, 2019


http://dx.doi.org/10.1109/TSMC.2017.2788879

	INTRODUCTION
	PROBLEM DESCRIPTION
	OVERVIEW OF ORIGINAL BAT ALGORITHM
	IMPLEMENTATION OF THE PROPOSED BDBA
	ENCODING AND DECODING APPROACH
	PARALLEL SEARCHING MECHANISM
	DISCRETE INDIVIDUAL UPDATING METHOD
	NEIGHBORHOOD STRUCTHRE
	UPDATING APPROACH OF PULSE EMISSION RATE AND LOUDNESS
	STEPS OF THE PROPOSED BDBA

	RESULTS AND DISCUSSION
	CONCLUSIONS
	REFERENCES
	Biographies
	YI LU
	TIANHUA JIANG


