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Ensemble Artificial Bee Colony Algorithm and Q-Learning for Multi-
Objective Distributed Heterogeneous Flowshop Scheduling

Problems with Sequence-Dependent Setup Time

Fubin Liu, Kaizhou Gao*, Adam Słowik, and Ponnuthurai Nagaratnam Suganthan

Abstract: As the global economy develops and people’s awareness of environmental protection increases, the

efficient scheduling of production lines in workshops has received more and more attention. However, there is

very  little  research  focusing  on  distributed  scheduling  for  heterogeneous  factories.  This  study  addresses  a

multi-objective distributed heterogeneous permutation flow shop scheduling problem with sequence-dependent

setup times (DHPFSP-SDST). The objective is to optimize the trade-off between the maximum completion time

(Makespan)  and  total  energy  consumption.  First,  to  describe  the  concerned  problems,  we  establish  a

mathematical model. Second, we use the artificial bee colony (ABC) algorithm to optimize the two objectives,

incorporating  five  local  search  strategies  tailored  to  the  problem  characteristics  to  enhance  the  algorithm’s

performance.  Third,  to  improve  the  convergence  speed  of  the  algorithm,  a  Q-learning  based  strategy  is

designed  to  select  the  appropriated  local  search  operator  during  iterations.  Finally,  based  on  experiments

conducted on 72 instances, statistical analysis and discussions show that the Q-learning based ABC algorithm

can effectively solve the problems better than its peers.

Key words: artificial bee colony algorithm; Q-learning; flowshop scheduling; sequence-dependent setup time

1    Introduction

With  the  progression  of  global  integration,  distributed
manufacturing  capitalizes  on  its  flexibility  and  rapid
response  capabilities.  By  dispersing  production
resources and capabilities, distributed manufacturing is

better  poised  to  adapt  to  changes  in  market  demand,
reduce  risks  in  the  supply  chain,  and  increase  the
efficiency  of  production  as  well  as  the  quality  of  the
products.  The  distributed  permutation  flow  shop
scheduling  problems  (DPFSP)  present  greater
complexity  compared  to  the  permutation  flow  shop
scheduling  problems  (PFSP),  as  they  involve
optimizing  processes  across  several  factories  at  the
same  time.  This  procedure  encompasses  numerous
machines  and  operations,  leading  to  an  expansive
solution  space,  which  complicates  the  task  of
identifying  the  global  optimal  solution  for  DPFSP.
Also,  because  of  the  high  shipping  costs  among
factories and the restricted number of machines in each
facility,  the  reasonable  allocation  of  work  becomes
crucial  to  solving  DPFSP.  Furthermore,  there  are
certain  constraints  on  factory  job  allocation,  machine
job  allocation,  and  job  processing  sequences,  and  the
scheduling  order  produced  by  the  proposed  methods
needs to be workable. Thus, efficiently obtaining high-
quality  feasible  solutions  in  the  complex  DPFSP
environment  remains  a  significant  challenge.  Rifai  et

 
   Fubin Liu and Kaizhou Gao are with the School of  Computer,
Liaocheng  University,  Liaocheng  252000,  China.  E-mail:
gaokaizh@aliyun.com.

   Kaizhou  Gao  is  also  with  the  Macau  Institute  of  Systems
Engineering,  Macau  University  of  Science  and  Technology,
Macao 999078, China.

   Adam  Słowik  is  with  the  Department  of  Electronics  and
Computer  Science,  Koszalin  University  of  Technology,
Koszalin 999038, Poland.

   Ponnuthurai  Nagaratnam Suganthan  is  with  the KINDI  Center
for  Computing  Research,  College  of  Engineering,  Qatar
University, Doha 999043, Qatar.

 * To whom correspondence should be addressed.
 ※ This  article  was  recommended  by  Executive  Editor-in-Chief
Ling Wang.

    Manuscript  received:  2024-10-14;  revised:  2024-11-12;
accepted: 2024-12-10 

COMPLEX  SYSTEM  MODELING  AND  SIMULATION
ISSN   2096-9929   01/06   pp 221−235
Volume 5, Number 3, September  2025
DOI:   10 .23919 /CSMS.2024 .0040

 

©  The author(s) 2025. The articles published in this open access journal are distributed under the terms of the
Creative Commons Attribution 4.0 International License (http://creativecommons.org/licenses/by/4.0/).



al.[1] proposed a novel distributed scheduling model to
tackle the reentrant DPFSP. Wang et al.[2] introduced a
multi-objective  whale  swarm  algorithm  (MOWSA)  to
address  the  energy-efficient  DPFSP.  An  ABC
algorithm  is  created  to  address  the  multi-objective
distributed fuzzy permutation flow shop problems[3]. A
two-stage evolutionary algorithm is suggested to tackle
the  multi-objective  reentrant  DPFSP  based  on  total
flow  time  and  total  lateness  criteria[4].  Lu  et  al.[5]
proposed  a  Pareto-based  cooperative  algorithm  for
multi-objective  optimization  to  solve  the  DPFSP  with
limited buffers. Mao et al.[6] introduced a mathematical
model  and  a  hash-graph  based  approach  to  tackle  the
DPFSP  with  preventive  maintenance,  focusing  on
reducing total flow time. Mou et al.[7] created a hybrid
collaborative  approach  and  a  joint  search  method  to
address  the  energy-efficient  distributed  permutation
flow  shop  rescheduling  issue,  focusing  on  reducing
both  adjustments  and  energy use.  Pan  et  al.[8]  adopted
an  improved  artificial  bee  colony  (ABC)  algorithm  to
solve the lot-streaming PFSP. Schulz et al.[9] proposed
a mixed-integer programming model to solve the multi-
objective  DPFSP,  aiming  to  minimize  the  average
completion  time  and  carbon  emissions  resulting  from
production  and  transportation.  Three  meta-heuristic
techniques have been put forward to focus on reducing
the maximum makespan and maximum tardiness in the
DPFSP[10].  Fu  et  al.[11]  suggested  a  multi-objective
ABC algorithm that incorporates specific knowledge to
tackle  the  service  resource  routing  and  scheduling
challenge,  focusing  on  a  sharing  strategy  among
various  home  healthcare  centers  for  assigned
customers.
Additionally,  many  researchers  have  studied  the

DPFSP with time windows. Sequence-dependent setup
time (SDST) is an enhancement of DPFSP. Xu et al.[12]
created  a  multi-objective  iterated  local  search  to
address the multi-objective PFSP with SDST, aiming to
reduce  the  makespan  and  the  total  weighted  tardiness
of  all  jobs.  Jiang  and  Wang[13]  introduced  a
decomposition-based  enhanced  multi-objective
evolutionary  algorithm  based  on  decomposition
(MOEA/D)  to  tackle  the  energy-efficient  PFSP  with
SDST.  An  MOWSA  is  presented  to  solve  the  multi-
objective  DPFSP-SDST[14].  An  iterated  greedy  (IG)
algorithm  is  proposed  to  address  the  DPFSP  with
uncertain  processing  time  and  carryover  SDST[15].  A
revised  method  based  on  the  multi-objective  adaptive
large  neighborhood  search  has  been  suggested  for
solving the distributed heterogeneous permutation flow
shop  scheduling  problem  with  sequence-dependent

setup  time  (DHPFSP-SDST),  to  minimize  the
makespan,  production  costs,  and  tardiness[16].  Guo  et
al.[17]  introduced  a  discrete  fruit  fly  optimization
method  that  utilizes  a  differential  flight  strategy  to
solve the DHPFSP-SDST. Karabulut et al.[18] presented
a  novel  mixed-integer  linear  programming  (MILP)
model  along  with  a  fresh  constraint  programming
model  to  address  the  DPFSP-SDST.  To  solving  the
DPFSP-SDST,  a  framework  using  a  constructive
heuristic  grounded  in  lagrangian  relaxation  is
suggested[19].  Sekkal  and  Belkaid[20]  introduced  lower
bounds and an effective solution approach that employs
a  simulated  annealing  metaheuristic,  improved  by  a
local  search  technique,  to  address  the  flow  shop
sequence-dependent group scheduling problems with a
learning effect. To solve the DPFSP-SDST, Yu et al.[21]
introduced  three  constructive  heuristics  along  with  an
efficient  discrete  ABC  method  that  focuses  on
acceleration.  A  cooperative  scatter  search  with  a
learning  mechanism  is  proposed  for  solving  the
DPFSP-SDST[22].
In  most  of  the  previous  studies  on  DPFSP,  the

factories are considered to be homogeneous. However,
in real-life scenarios, heterogeneous factories are more
realistic.  A  knowledge-driven  MOEA/D  is  introduced
to  tackle  energy-efficient  scheduling  in  DPFSP within
heterogeneous  factories,  aiming  to  minimize  both
makespan  and  total  energy  consumption[23].  An  IG
algorithm  with  acceleration  of  job  allocation
probability  is  introduced  to  solve  the  heterogeneous
DPFSP[24].  A  memetic  algorithm  based  on  the
multitasking framework is proposed for the distributed
heterogeneous  welding  shop  scheduling  problems[25].
Luo et al.[26] proposed a Q-learning memetic algorithm
to  solve  the  energy-efficient  distributed  heterogeneous
assembly  permutation  flowshop  scheduling  problems
(DHAPFSP),  taking  into  account  priority  levels.  A
novel  MILP  model  and  a  self-learning,  knowledge-
based  MOEA/D  are  presented  to  solve  the
DHAPFSP[27].
The  Q-learning  algorithm  has  become  increasingly

popular  in  the  field  of  reinforcement  learning  in  the
past few years. Yu et al.[28] designed an improved ABC
algorithm  with  a  deep  Q-network  that  effectively
solves  the  multi-objective  heterogeneous  unmanned
surface  vehicle  scheduling  problems  with  obstacle
avoidance.  A  new  hybrid  algorithm  framework  that
integrates meta-heuristics with Q-learning is introduced
to  address  the  urban  traffic  light  scheduling
problems[29].  Li  et  al.[30]  proposed  an  improved  ABC
algorithm  with-learning  to  solve  the  PFSP.  A
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hyperheuristic with-learning is presented to address the
energy-efficient  distributed  blocking  flow  shop
scheduling  problems[31].  To  address  the  distributed
permutation flowshop problems, a Q-learning enhanced
nondominated  sorting  genetic  algorithm-II  (NSGA-II)
has  been  created[32].  Yu  et  al.[33]  presented  four  meta-
heuristic algorithms to address the distributed assembly
permutation  flowshop  scheduling  problems,
incorporating  Q-learning  to  choose  the  best  local
search  approach  during  the  iterations.  Yüksel  et  al.[34]
offered Q-learning based methods for the bi-criteria no-
wait  flowshop  scheduling  problems.  An  improved  IG
algorithm  has  been  used  to  solve  the  no-idle  DPFSP
aiming  to  reduce  makespan  and  overall  tardiness[35].
Yu  et  al.[36]  applied  an  improved  ABC  algorithm
combined  with  Q-learning  to  effectively  tackle  multi-
objective  dynamic  surgery  scheduling  issues  while
taking  into  account  uncertain  setup  and  processing
time.  Lin  et  al.[37]  proposed  Q-learning-assisted
evolutionary algorithms to address the three objectives
of  urban  traffic  light  scheduling  problems.
Rescheduling  distributed  hybrid  flowshop  scheduling
problems  with  job  merging  and  reworking  is  solved
using  an  IG  algorithm with  reinforcement  learning[38].
A  bi-population  co-evolutionary  algorithm  based  on
adaptive  clustering  and  meta-Lamarckian  learning  has
been created to address the new integrated optimization
issues  of  condition-based  preventive  maintenance  and
production  rescheduling[39].  A  Q-learning-driven  brain
storm  optimization  algorithm  is  developed  to  address
the  multi-constraint  open  shop  and  vehicle  routing
scheduling  problems[40].  Zhao  et  al.[41]  proposed  a  Q-
learning  enhanced  fruit  fly  optimization  algorithm  to
solve  the  DPFSP  with  the  goal  of  minimizing  the
makespan. An improved NSGA-II is proposed to solve
the  integrated  container  scheduling  problems[42].  The
lot-streaming  flowshop  scheduling  problems  with
equal-size  sublots  are  solved  using  an  improved
dynamic  Q-learning  algorithm[43].  The  multi-objective
DHPFSP-SDST  has  been  relatively  under-researched,
yet it holds significant research value.
The  scientific  contributions  of  this  research  are

summarized below:
(1)  An  MILP  model  is  developed  to  describe  the

multi-objective DHPFSP-SDST.
(2)  Five  local  search  strategies  are  created  based  on

the  features  of  the  DHPFSP-SDST  to  enhance  the
performance of applied meta-heuristics.
(3)  The  Q-learning  is  combined  with  the  ABC

algorithm  for  choosing  appropriate  local  search

operators during iterations.
The  following  parts  of  this  paper  are  arranged  as

follows:  Section 2  presents  a  mathematical  model  that
aims  to  maximize  the  balance  between  the  makespan
and  the  total  energy  consumption  introduced  for  the
multi-objective  DHPFSP-SDST.  Section  3  represents
the  proposed  meta-heuristics,  along  with  the
combination of problem-specific local search strategies
and the  Q-learning mechanism.  In  Section  4,  we offer
an  examination  of  the  experimental  findings,  along
with comparisons that highlight how well the suggested
algorithms  work.  In  Section  5,  this  paper  is
summarized  highlighting  the  key  findings  and
implications.  Additionally,  Section  5  presents
suggestions for future research directions.

2    Problem Formulation

n
f

The  multi-objective  DHPFSP-SDST  can  be  described
as follows: there are   jobs that need to be assigned to
  factories  for  processing.  Different  factories  have

varying  numbers  of  machines,  but  all  factories  can
complete  all  jobs.  All  jobs  are  processed  sequentially
according  to  the  order  of  machines  in  the  factory.  By
adjusting  the  machine  speeds,  the  actual  processing
time  and  energy  consumption  of  the  jobs  can  be
altered,  balancing  the  makespan  and  total  energy
consumption.  We  have  defined  some  variables,
visualized in Table 1.
To  illustrate  the  multi-objective  DHPFSP-SDST,  an

example is illustrated for further clarification. Six jobs
need  to  be  scheduled  in  two  factories.  Factory  1  has
two machines, while Factory 2 has three machines. The
processing  time  for  six  jobs  in  the  two  factories  are
tabulated  in Table  2.  Additionally,  the  setup  times  for
the jobs on different machines in Factory 1 and Factory
2  are  provided  in  Tables  3  and  4,  respectively.  The
Gantt  chart  in  Fig.  1  demonstrates  the  processing  of
these  six  jobs  in  two  factories.  Specifically,  Factory  1
is  responsible  for  handling  Jobs  1,  3,  and  5,  while
Factory  2  is  responsible  for  Jobs  2,  4,  and  6.  Without
considering  the  energy  consumption  caused  by  jobs
switching and machine startup, we set the idle power of
the  machine  per  unit  time,  the  setup  time  power,  and
the  processing  power  to  0.2,  0.6,  and  1,  respectively.
The  makespan  for  Factory  1  is  41,  with  an  energy
consumption of 53.4. The makespan for Factory 2 is 31
and an energy consumption of 61.2. Consequently, the
overall makespan for the entire schedule is 41, and the
total energy consumption is 114.6.
Objective function: 
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min Cmax (1)
 

min TEC (2)
Subject to:

 

TEC = Eidle+Esetup+Eprocess (3)
 

Eidle = Pidle× tidle, where tidle =

f∑
k=1

mk∑
i=1

tidle
i.k and tidle

i,k =

max
{
C j,i,k
}
−

n∑
j=1

xg, j, f (t j,k,i+S i, j′ , j)

(4)

 

Table 1    Variable definition.
Variable Definition
Pidle Idle energy consumption of machines
Psetup Setup energy consumption of machines
Pp Processing energy consumption of machines
n Quantity of jobs to be processed
mk FkQuantity of machine in factory 
f Quantity of factories
e Quantity of speeds level
c Processing speed index
vc cSpeed of the  -th process
k Factories index
i Machine index
g, j Job position in a sequence
L Infinite large positive number
xg, j, f j f gBinary variable that equals 1, if job   is assigned to factory   right after job  ; and 0, otherwise
yi, j,c j i cBinary variable that equals 1 if job   is processed on machine   at speed level  , and 0 otherwise
z j,i,k,q j mi fkDecision variable equals 1 when job   is the q-th job processed on machine   in factory  ; otherwise, it is 0
P j,k,i j i kStandard processing time for job   on machine   in factory 
Pidle

i iMachine  ’s idle power per time unit
Pp

k,i,c i c kProcessing power of machine   operating at speed   per time unit, based on its idle power in factory 

Psetup
j,i i jSetup power of the  -th machine for job   per time unit, based on its idle power

FSTl,i,q fk miStart time of the q-th job of factory   on machine 
FCTl,i,q fk miCompletion time of the q-th job of factory   on machine 
t j,k,i i j kReal processing time of the  -th machine and job   in factory 
Cmax Total time required to complete the schedule
TEC Total energy consumption required to complete the schedule
C j,i,k j i kFinishing time of job   on the  -th machine in the  -th factory
S i, j′ , j J j mi mi J

′
= JSetup time for job   on machine   occurs when this job is the first to be processed on machine  ; in this case, 

 

Table 2    Processing time of given example.

F
Processing time

N=1 N=2 N=3 N=4 N=5 N=6

1
2 1 9 2 4 3
7 9 2 9 3 8

2
7 2 6 1 1 3
8 2 9 3 9 1
9 3 5 3 2 1

 

Table 4    SDST for Factory 2 given in provided example.

J
′

j

SDST
M1 M2 M3

J1 J2 J3 J4 J5 J6 J1 J2 J3 J4 J5 J6 J1 J2 J3 J4 J5 J6

J
′

1 6 7 8 6 4 7 4 3 1 6 1 2 1 6 8 6 9 2

J
′

2 7 4 3 2 3 2 9 4 7 9 1 3 5 4 7 4 1 3

J
′

3 3 4 9 9 6 2 7 7 3 4 4 7 2 7 9 7 9 9

J
′

4 4 5 9 2 9 8 4 8 8 2 4 6 8 7 5 3 7 7

J
′

5 6 9 8 3 3 4 6 8 3 8 7 9 1 3 7 9 5 6

J
′

6 4 9 3 4 2 1 3 6 5 3 6 5 7 1 7 7 4 5
 

Table 3    SDST for Factory 1 given in provided example.

J
′

j

SDST
M1 M2

J1 J2 J3 J4 J5 J6 J1 J2 J3 J4 J5 J6

J
′

1 6 9 8 5 9 2 4 1 8 3 9 3
J
′

2 8 7 8 6 8 9 4 1 1 7 6 1
J
′

3 5 8 7 6 9 6 3 1 3 1 7 5

J
′

4 9 2 8 4 3 7 3 4 7 3 4 8
J
′

5 3 2 6 6 2 7 4 8 3 4 8 5

J
′

6 5 3 6 7 1 2 5 6 5 5 6 1
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Esetup = Psetup× tsetup, where tsetup =

n∑
j=1

n∑
g=1

f∑
k=1

mk∑
i=1

xg, j,kS i, j′ , j (5)

 

Eprocess = Pprocess× tprocess, where tprocess =

f∑
k=1

n∑
j=1

mk∑
i=1

xg, j,kyi, j,cP j,k,i/vc (6)

 

f∑
k=1

n∑
j=1

xg, j,k = 1 (7)

 

e∑
c=1

yi, j,c = 1 (8)

 

C j,i,k ⩾C j,i−1,k +

n∑
g=1

xg, j,k

P j,k,i

e∑
c=1

yi, j,c

vc
+S i, j′ , j

 (9)

 

C j,i,k ⩾Cg,i,k +

n∑
j=1

xg, j,k

P j,k,i

e∑
c=1

yi, j,c

vc
+S i, j′ , j

 (10)

 

FCTk,i,q = FSTk,i,q+

n∑
j=1

P j,k,iz j,i,k,q (11)

 

FSTk,i,q+1+L
(
1− z j,i,k,q

)
⩾ FCTk,i,q+

n∑
j′=1

S i, j′ , jz j′ ,i,k,q

(12)

Formula  (1)  and  (2)  are  the  optimization  objectives.
Equation  (3)  indicates  that  the  total  energy
consumption  is  the  sum  of  total  idle  energy
consumption, total setup energy consumption, and total
processing energy consumption. Equation (4) indicates
that  the  total  energy  consumption  during  idle  time  is
obtained by multiplying the idle time by the machine’s
energy  consumption  during  idleness.  Equation  (5)
states  that  the  total  energy  consumed  during  setup  is
calculated  by  multiplying  the  setup  time  by  the
machine’s energy usage during that time. Equation (6)

is  the  calculation  formula  for  total  processing  energy
consumption.
The  objective  function  shown  in  Eq.  (7)  represents

each  job  must  be  assigned  to  a  specific  factory,  and
each  job  can  occupy  only  one  sequential  position
within that factory. This rule ensures the exclusivity of
jobs,  contributing  to  improved  scheduling  efficiency.
Constraint (8) states that each machine within a factory
has  a  specific  processing  speed.  This  speed  parameter
affects  the  completion  time  of  jobs  and  overall
production efficiency. Constraint (9) means that for the
same  job,  the  start  time  on  the  subsequent  machine
must  not  be  earlier  than  the  completion  time  on  the
preceding  machine.  This  rule  ensures  an  orderly  flow
of  jobs  across  different  processes,  preventing  timing
conflicts.  Constraint  (10)  denotes  that  the  subsequent
job must wait until the previous job is completed on the
same  machine.  This  requirement  helps  maintain
stability  in  the  production  process  and  ensures  the
continuity  of  job  execution.  According  to  Constraint
(11), job completion time within the factory are clearly
defined, allowing for better control over the scheduling
process  and  ensuring  high  efficiency  in  time
management. Constraint (12) specifies the relationships
and constraints among the preparation time, start time,
and end time of jobs.

3    Proposed Algorithm

3.1    Basic algorithm

Meta-heuristic  methods  have  been  proven  effective  in
solving  challenging  optimization  and  scheduling
problems.  In  this  study,  the  ABC algorithm is  applied
to  address  the  multi-objective  DHPFSP-SDST.  The
ABC  algorithm  starts  from  the  initial  population  and
updates  using  algorithm-specific  strategies.  The
algorithm is outlined below:

Step 1: Randomly generate an initial set of potential
solutions.
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Fig. 1    Gantt chart of the provided example.
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Step  2:  Determine  the  fitness  value  (or  objective
function  value)  for  every  candidate  solution  in  the
population.

Step  3:  Select  a  subset  from  the  best  candidate
solutions for the next generation of parents.

Step  4:  Use  strategies  that  are  specific  to  the
algorithm to create new solutions.

Step  5:  Calculate  the  fitness  value  of  the  new
solution.

Step 6: Use a certain strategy to replace the original
solution  with  a  subset,  forming  the  next  generation
solution.

Step  7:  Check  if  the  stopping  conditions  are
satisfied,  such  as  the  time  elapsed  beyond  a  specified
threshold  or  the  maximum  number  of  functional
evaluations. Otherwise, repeat Steps 3 to 6.

Step 8: Return the Pareto solution set as the obtained
optimization result.

3.2    Solution representation

The  multi-objective  DHPFSP-SDST  can  be  divided
into  two  subproblems:  job  scheduling  and  factory
allocation.  The  representation  technique  used  is  based
on Naderi and Ruiz[44].  This problem can be described
using a set of f-lists, where each list represents the job
sequence  for  a  specific  factory.  The  job  sequence
determines the order in which jobs are processed within
each  factory.  To  illustrate  the  encoding  method,
consider a scenario with 6 jobs and 2 factories. In this
case,  Factory  1  is  responsible  for  Jobs  1,  3,  and  5,
while  Factory  2  handles  Jobs  2,  4,  and  6.  The  job
sequence for Factory 1 is {1, 3, 5}, while Factory 2 has
a  job  sequence  of  {2,  4,  6}.  This  encoding  method
effectively  captures  the  assignment  and  sequence  of

jobs  in  the  factories.  Figure  2  displays  candidate
solutions for the example in Fig. 1.

3.3    Local search strategy

Classical  metaheuristic  algorithms  often  face  the
challenge  of  slow  convergence  speed.  To  address  this
issue, five strategies for local search have been tailored
to  the  specific  characteristics  of  the  problems.  The
following  details  the  procedures  for  the  five  local
search operators.
Optimization of the makespan:
(1)  Local  Search  1  (LS1): Swap  operation  changes

the  positions  of  two  randomly  selected  jobs  in  the
critical factory within a solution, as shown in Fig. 3a.

(2)  Local  Search  2  (LS2):  Perform  the  swap
operation twice within the critical factory, according to
the illustration in Fig. 3b.

(3)  Local  Search  3  (LS3):  Randomly  remove  a
certain number of jobs from the critical factory. These
removed  jobs  are  sequentially  inserted  into  the  main
sequence  one  by  one,  minimizing  the  makespan  by
selecting the appropriate insertion position, referring to
the diagram depicted in Fig. 3c.
Optimization of the total energy consumption:

 

Jobs 1

1 3 5

2 3 4 5 6

1 2

2 4 6

1 2 1 2Factory

Factory 1
sequence

Factory 2
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Fig. 2    Composition of a solution candidate.
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Fig. 3    Local search strategies proposed in this study.
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(4)  Local  Search  4  (LS4):  Increase  the  processing
speed  of  the  machines  in  the  factory  with  the  longest
processing time.

(5)  Local  Search  5  (LS5):  Reduce  the  processing
speed  of  the  machines  in  the  factory  with  the  highest
energy consumption.

3.4    Local search strategies based on Q-learning

Q-learning  serves  as  a  reinforcement  learning
algorithm that does not rely on a predefined model and
learns the optimal policy through interactions with the
environment.  Its  primary  objective  is  to  develop  a  Q-
value  function  that  estimates  the  anticipated  total
rewards for various actions in a specific state. Through
the  continuous  updating  of  Q-values,  Q-learning
improves  the  policy  and  ultimately  finds  the  optimal
scheduling solution. The core concept of Q-learning is
based  on  the  Bellman  equation,  which  continuously
adjusts  the  Q-values  to  converge  toward  the  best
outcomes.  After  an  action  is  taken,  the  Q-value  found
in  the  Q-table  is  updated  using  a  specific  formula  to
adjust its value.
 

Q(S t,at) = (1−α )Q(S t,at
)
+α(R+γmaxQ(S t+1,at+1))

(13)
S t at

R
S t+1 at+1

α

γ

where   and   represent the current state and action,
respectively,  and    denotes  the  immediate  reward
obtained.    denotes  the  next  state,  and 
represents the next action.   denotes the learning rate,
which  determines  the  magnitude  of  the  update’s  step
size,  and    is  the  discount  factor  used  to  regulate  the
extent of future rewards.
In the Q-learning method being implemented, actions

are  chosen  according  to  specific  states,  with  the
outcomes of  these actions being returned to the states.
This process creates a mapping between the agent and
the  environment  model.  Figure  4  provides  a  further
observation and analysis of this mapping.
Table  5  illustrates  a  clear  correspondence  between

individuals  and  specific  states.  The  actions  seen  in
Table  5  represent  the  neighborhood  structure  of  the
solutions.  The  rows  and  columns  of  Table  5  denote

individuals  with  varying  fitness  levels  and  optional
neighborhood structures. The Q-table has initial values
before the iteration starts, and each updates the Q-table
by performing a neighborhood search strategy. The Q-
table is revised by the reward of executing the selected
action.

at+1 S n+1

R

The value in the Q-table (see Table 5) may increase
or  decrease.  If  the  fitness  of  the  individual  increases,
i.e.,  the  makespan  or  the  total  energy  consumption
decreases after the iteration, the corresponding Q-value
for  the  local  search of  that  individual  will  increase.  In
the  next  iteration,  the  probability  of  choosing  this
neighborhood search is also increased, aiming to enable
each  individual  to  find  a  more  suitable  neighborhood
search  strategy  to  obtain  better  solutions.  In  order  to
choose  the  action    in  state    using  a  roulette
wheel  approach,  the  Q-value  is  utilized.  The  formula
for   can be expressed given in the following equation:
 

R =



(Ĉ− Ĉ∗)×2+ (TEC−TEC∗)×2,

Ĉ∗ < Ĉ && TEC∗ < TEC;

1,Ĉ∗ = Ĉ && TEC∗ = TEC;

(Ĉ− Ĉ∗)×2,Ĉ∗ < Ĉ && TEC∗ > TEC;

(TEC−TEC∗)×2,Ĉ∗ > Ĉ && TEC∗ < TEC;

0,Ĉ∗ > Ĉ && TEC∗ > TEC

(14)

Ĉ∗

Ĉ TEC∗

TEC

where   represents the makespan of the new solution,
and   denotes the makespan of the existing one. 
refers  to  the  total  energy  consumption  of  the  new
solution,  whereas    indicates  the  total  energy
consumption  of  the  current  solution.  When  the
makespan and overall energy usage of the new solution
are  less  than  those  of  the  current  solution,  a  positive
reward  will  be  earned  through  Eq.  (14).  Then,  using
Eq. (13), a certain learning rate (α) and discount rate (γ)
will be used to modify the Q-value in the Q-table.

3.5    Framework of proposed algorithms

The  proposed  algorithms  follow  a  four-step
methodology.  Initially,  the  initialization  process
involves  setting  up  the  parameters,  Q-table,  and

 

Agent

Environment

Action atReward RState St

Rt+1

St+1

 
Fig. 4    Relationship between state and action used in the Q-
learning approach.

 

Table  5    Mapping  between  the  solutions  and  local  search
strategies in Q-table.

State LS1 LS2 … LSt

S 1 Q(S 1,LS1) Q(S 1,LS2) … Q(S 1,LSt)

S 2 Q(S 2,LS1) Q(S 2,LS2) … Q(S 2,LSt)
...

...
...

...
...

S n Q(S n,LS1) Q(S n,LS2) … Q(S n,LSt)
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population.  Subsequently,  the  initial  solution  is
generated  for  job  sequence  and  factory  allocation.
During  the  iteration  process,  specific  algorithmic
strategies  are  executed.  Furthermore,  local  search
utilizing  Q-learning  is  integrated  into  the  proposed
algorithms.
In Q-learning, the individuals in the current iteration

are  represented  as  states,  and  the  next  iteration  of  the
local  search strategy is  determined and represented by
actions.  In  a  state,  Q-learning  employs  a  roulette
selection  strategy  that  favors  actions  with  higher  Q-
values while minimizing the possibility of getting stuck
in  local  optima.  This  approach  can  enhance  the
convergence  of  the  algorithm.  The  process  continues
until  the  stopping  criterion  is  fulfilled,  and  the
outcomes are produced accordingly. Figure 5 illustrates
the flowchart of the optimizer proposed in this study.

4    Numerical Result and Discussion

4.1    Experimental setup

F = {2,3,4,5,6,7}

Experimental instances are created from the established
benchmarks in the research[45]. The numbers of factories
are  expressed  as  .  The  quantity

N ×M = {{20,50,100}×
{5,10,20}, {200}× {10,20}, {500}× {20}}
of  jobs  and  machines  are 

.  All  algorithms
are implemented in C++ using Visual Studio 2022 and
executed on a PC with an Intel 3.60 GHz processor and
32 GB RAM. Each algorithm is  independently carried
out 20 times for solving each instance. For having fair
comparisons,  the  runtime  of  all  algorithms  is  set  to
60×f×m×n  ms,  where  f, m,  and  n  represent  factories,
machines,  and  jobs,  respectively.  The  inverted
generational  distance  (IGD)  is  used  to  assess  the
effectiveness  of  all  compared  algorithms  in  this  paper
calculated given as follows:
 

IGD(P,Q) =
∑

v∈P d(v,Q)
|P| (15)

P Qwhere    denotes  the  actual  Pareto  front,  while 
signifies the population derived from the solution.

ρ

ρ

The    represents  a  measure  for  evaluating  the
effectiveness  of  solutions,  it  is  used  as  a  performance
metric  when  compared  with  reference  algorithms,
where  a  larger    value  indicates  better  algorithm
performance.
 

ρ =
{x ∈ F|x ∈ F∗}

|F∗| (16)
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Fig. 5    Flowchart illustrating the algorithms proposed for optimal solving of multi-objective DHPFSP-SDST.
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{x ∈ F|x ∈ F∗}where    represents  the  solution  in  the
common part between the two sets.

4.2    Parameter setting

SN ∈ {5,10,15,20} Limit ∈ {10,20,
30,40}

This  section  focuses  on  instance  “200_10_7”  selected
to  evaluate  the  performance  of  various  parameter
combinations.  This  instance  consists  of  200  jobs,  10
machines, and 7 factories. For the ABC_QL algorithm,
two  crucial  parameters  are  considered:  the  population
size (SN) and the maximum number of iterations for a
new  solution  (Limit).  The  ratios  are  set  for  these
parameters:    and 

. By analyzing the trends of the parameter levels
depicted  in Figs.  6a  and 6b,  the  grouping  of  SN =  10
and  Limit  =  20  is  selected  as  the  optimal  choice  for
tunning initial parameters.

α ∈ {0.6,0.7,0.8,0.9} γ ∈ {0.1,0.2,
0.3,0.4}

The  Q-learning  algorithm  also  includes  two
additional user parameters, as follows: the learning rate
(α)  and  the  discount  factor  (γ).  The  ratios  are  set  for
these parameters:   and 

.  The IGD value obtained through ABC_QL is
used  to  adjust  the  values  of α  and γ  in  the  Q-learning
strategy.  As  shown  in  Figs.  6c  and  6d,  the  optimal
values  for  α  and  γ  are  determined  to  be  0.7  and  0.4,
respectively.

4.3    Efficacy of the suggested strategies

ρ

To  assess  the  efficacy  of  the  proposed  local  search
strategy  and  the  Q-learning  based  local  search
strategies,  we  use  the  IGD values  and   values  as  the
performance  metric  to  assess  the  performance
differences  among  the  ABC  algorithm,  ABC_LS,  and
ABC_QL.  Here,  the  ABC algorithm is  the  basic  ABC
algorithm,  ABC_LS  represents  the  strategy  that
randomly  selects  local  search,  and  ABC_QL  utilizes
the  Q-learning  strategy  to  select  local  search.  The
results  of all  algorithms on 72 test  cases are presented

in Tables 6 and 7.

ρ

ρ

From Tables  6 and 7,  it  can be seen that  among the
72  instances,  the  ABC_QL  algorithm  achieved  the
minimum  IGD  values  for  45  instances,  which  is
significantly  more than that  of  the ABC_LS and ABC
algorithms.  The  ABC_QL  algorithm  achieved  the
absolute maximum   values for 30 instances, while the
ABC_LS  and  ABC  algorithms  achieved  the  absolute
maximum    values  for  13  and  15  instances,
respectively.  In summary,  it  can be concluded that  the
ABC_QL  algorithm  shows  better  performance
compared to the ABC_LS and ABC algorithms.

4.4    Comparative analysis with other algorithms

In  this  part,  the  ABC_QL,  NSGA-Ⅱ,  and  MOEA/D
are  compared with  the  recently  published paper  in  the
literature  so-called  enhanced  MOEAD  (K/MOEAD)
for solving similar problems.

ρThe  Friedman  test  on  the  IGD  values  and    values
has  been  conducted  on  obtained  optimization  results.
The  attained  test  statistics  indicated  a  significant
performance  difference  among  the  four  optimizers,
with  an  asymptotic  significance  value  well  below  the
threshold of 0.05 (i.e., 0.000), the data are presented in
Table 8.

ρ

For  the  sake  of  ranking  the  considered  algorithms,
the  Nemenyi  post-hoc  test  has  been  examined  where
the  results  are  displayed  in  Figs.  7  and  8.  The
numerical optimization results reveal that the ABC_QL
algorithm  outperforms  the  other  four  algorithms.  For
the performance metric IGD, it  has the lowest average
rank value (i.e., 1.4861) among all reported optimizers.
When it comes to the performance metric  ,  it  has the
highest average rank value (i.e., 3.0000).
Additionally, to visualize the rank distribution of the

applied  algorithms  across  all  instances,  Friedman’s
second-order analysis of variance has been carried out,
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as  depicted  in  Figs.  9  and  10.  It  further  confirms  the
superior  performance  of  the  ABC_QL algorithm,  as  it
achieves the most instances ranked in the first position.
In  summary,  the  ABC_QL  algorithm  outperforms  its
peers  for  optimal  solving of  multi-objective  DHPFSP-
SDST.
We present the Pareto front display of medium-sized

instances,  selecting  instances  50_5_5  and  50_20_7.  It
can  be  observed  that  the  ABC_QL  algorithm  has  a
broader  and  superior  set  of  Pareto  solutions  compared
to other algorithms, as shown in Fig. 11.

5    Summary and Outlook

In  this  study,  a  mathematical  model  is  developed  to
describe  the  multi-objective  DHPFSP-SDST.  A  Q-
learning based ABC algorithm is proposed to optimize
this  problem,  and five  local  search operators  based on
problem  characteristics  are  designed.  Finally,
experiments are conducted on 72 instances, comparing
the  proposed  algorithm  with  the  latest  comparative
algorithms  and  two  classical  multi-objective
algorithms.  Through  statistical  experiments,  the  Q-
learning  based  ABC  algorithm  demonstrates  the  best

 

Table 6    IGD values of ABC and its variants.

F N M
IGD value

ABC ABC_LS ABC_QL

2

20
5 0.31 0.18 0.02
10 0.19 0.06 0.08
20 0.26 0.07 0.07

50
5 0.24 0.10 0.02
10 0.36 0.07 0.07
20 0.33 0.11 0.10

100
5 0.53 0.06 0.04
10 0.16 0.17 0.22
20 0.25 0.03 0.10

200
10 0.38 0.10 0.04
20 0.40 0.04 0.06

500 20 0.40 0.01 0.09

3

20
5 0.17 0.08 0.15
10 0.27 0.11 0.05
20 0.13 0.12 0.12

50
5 0.26 0.10 0.02
10 0.36 0.08 0.06
20 0.35 0.06 0.05

100
5 0.41 0.09 0.12

0.31 0.07 0.04
20 0.31 0.18 0.12

200
10 0.27 0.11 0.15
20 0.40 0.07 0.03

500 20 0.60 0.09 0.04

4

20
5 0.21 0.15 0.04
10 0.38 0.16 0.03
20 0.25 0.12 0.14

50
5 0.13 0.10 0.16
10 0.19 0.07 0.08
20 0.16 0.14 0.09

100
5 0.48 0.04 0.10
10 0.38 0.12 0.05
20 0.42 0.10 0.11

200
10 0.41 0.06 0.11
20 0.41 0.07 0.07

500 20 0.40 0.10 0.08

5

20
5 0.19 0.14 0.11
10 0.16 0.13 0.09
20 0.28 0.10 0.14

50
5 0.27 0.13 0.08
10 0.29 0.10 0.11
20 0.28 0.09 0.11

100
5 0.25 0.11 0.05
10 0.22 0.14 0.02
20 0.33 0.05 0.08

200
10 0.35 0.08 0.03
20 0.41 0.11 0.11

500 20 0.64 0.06 0.08
(to be continued)

Table 6    IGD values of ABC and its variants.
(continued)

F N M
IGD value

ABC ABC_LS ABC_QL

6

20
5 0.22 0.09 0.10
10 0.23 0.08 0.13
20 0.33 0.13 0.07

50
5 0.23 0.08 0.07
10 0.23 0.12 0.04
20 0.21 0.07 0.08

100
5 0.23 0.12 0.06
10 0.26 0.07 0.07
20 0.45 0.08 0.10

200
10 0.14 0.09 0.07
20 0.25 0.11 0.13

500 20 0.33 0.09 0.05

7

20
5 0.16 0.16 0.08
10 0.27 0.13 0.20
20 0.14 0.15 0.11

50
5 0.15 0.23 0.05
10 0.19 0.13 0.08
20 0.19 0.14 0.17

100
5 0.22 0.11 0.10
10 0.13 0.12 0.08
20 0.24 0.15 0.05

200
10 0.36 0.12 0.12
20 0.33 0.05 0.09

500 20 0.53 0.20 0.02
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performance,  indicating  that  the  proposed  algorithm
can  effectively  solve  the  multi-objective  DHPFSP-
SDST.
Moving forward, there are several avenues for future

research given as follows: (1) using deep reinforcement
learning  to  solve  the  multi-objective  DHPFSP;  (2)
adding  more  realistic  constraints  to  the  distributed

 

ρTable 7     values of ABC and its variants.

F N M
ρ value

ABC ABC_LS ABC_QL

2

20
5 0.10 0.40 0.50
10 0.31 0.44 0.25
20 0.17 0.33 0.50

50
5 0.00 0.25 0.75
10 0.29 0.43 0.29
20 0.36 0.55 0.09

100
5 0.00 0.44 0.56
10 0.63 0.13 0.25
20 0.08 0.54 0.38

200
10 0.11 0.22 0.67
20 0.27 0.53 0.20

500 20 0.00 0.67 0.33

3

20
5 0.50 0.30 0.20
10 0.36 0.09 0.55
20 0.56 0.11 0.33

50
5 0.00 0.21 0.79
10 0.38 0.25 0.38
20 0.18 0.35 0.47

100
5 0.33 0.33 0.33

0.27 0.18 0.55
20 0.50 0.10 0.40

200
10 0.50 0.43 0.07
20 0.00 0.30 0.70

500 20 0.25 0.00 0.75

4

20
5 0.09 0.27 0.64
10 0.00 0.17 0.83
20 0.33 0.44 0.22

50
5 0.50 0.50 0.00
10 0.33 0.40 0.27
20 0.50 0.29 0.21

100
5 0.00 0.64 0.36
10 0.00 0.44 0.56
20 0.25 0.42 0.33

200
10 0.11 0.67 0.22
20 0.17 0.42 0.42

500 20 0.33 0.33 0.33

5

20
5 0.38 0.38 0.25
10 0.38 0.31 0.31
20 0.33 0.33 0.33

50
5 0.33 0.11 0.56
10 0.41 0.35 0.24
20 0.33 0.33 0.33

100
5 0.36 0.21 0.43
10 0.25 0.00 0.75
20 0.18 0.36 0.45

200
10 0.08 0.42 0.50
20 0.13 0.25 0.63

500 20 0.00 0.57 0.43
(to be continued)

ρTable 7     values of ABC and its variants.
(continued)

F N M
ρ value

ABC ABC_LS ABC_QL

6

20
5 0.40 0.40 0.20
10 0.43 0.29 0.29
20 0.17 0.33 0.50

50
5 0.00 0.50 0.50
10 0.20 0.07 0.73
20 0.29 0.21 0.50

100
5 0.45 0.18 0.36
10 0.21 0.29 0.50
20 0.11 0.67 0.22

200
10 0.62 0.15 0.23
20 0.55 0.27 0.18

500 20 0.29 0.14 0.57

7

20
5 0.38 0.13 0.50
10 0.38 0.38 0.25
20 0.58 0.17 0.25

50
5 0.25 0.00 0.75
10 0.38 0.23 0.38
20 0.56 0.22 0.22

100
5 0.45 0.40 0.15
10 0.42 0.42 0.17
20 0.27 0.07 0.67

200
10 0.40 0.40 0.20
20 0.38 0.15 0.46

500 20 0.00 0.22 0.78

 

Table 8    Test statistics of four applied algorithms.

Test statistics N Chi-square df Asymptotic significance
IGD 72 101.233 3 0.000
ρ 72 22.409 3 0.000
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heterogeneous  issues;  and  (3)  investigating  the  tri-
objective DHPFSP.
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