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Solving Multiple-Objective Flexible Job Shop
Problems by Evolution and Local Search

Nhu Binh Ho and Joc Cing Tay, Senior Member, IEEE

Abstract—Finding realistic schedules for flexible job shop prob-
lems has attracted many researchers recently due to its nondeter-
ministic polynomial time (NP) hardness. In this paper, we present
an efficient approach for solving the multiple-objective flexible job
shop by combining evolutionary algorithm and guided local search
(GLS). Instead of applying random local search to find neighboring
solutions, we introduce a GLS procedure to accelerate the process
of convergence to Pareto-optimal solutions. The main improvement
of this combination is to help diversify the population toward the
Pareto front. A branch and bound algorithm for finding the lower
bounds of multiple-objective solutions is also proposed. Experi-
mental results indicate that the multiple-objective Pareto-optimal
solutions of our algorithms dominate previous designs for solving
the same benchmarks while incurring less computational time.

Index Terms—Evolutionary algorithm (EA), guided local search
(GLS), multi-objective flexible job shop problems.

I. INTRODUCTION

MANY real-world scheduling problems involve simulta-
neous optimization of a set of conflicting multiple ob-

jectives. In particular, the scheduling task for manufacturing is
concerned with assigning n jobs to m machines so as to min-
imize some conflicting objective functions. When considering
multiple objectives, there may not exist a unique solution that
is the best for all objectives (global minimum or maximum).
Alternatively, a set of solutions that are superior to the rest of
solutions in the search space are the targets to achieve. A popu-
lar model that has been well studied is the job-shop scheduling
problem (JSP). It is one of the hardest scheduling problems
to solve for optimality [1] and is nondeterministic polynomial
time (NP) hard [2]. In the JSP, the route of every job is fixed
and every operation of a job is allocated a unique machine for
processing. However, the limitation of allocating only one job to
one machine can lead to a bottleneck on the most busy machines
on the shop floor. In practice, the machine environment is also
more complex. These busy machines are duplicated to balance
their overall workload and to reduce the flow time of the jobs [3].
This variation is known as the flexible JSP (FJSP). It extends the
definition of the JSP by allowing an operation to be processed
without interruption on one of a set of predefined machines. Mati
and Xie [4] considered the general FJSP where each operation
can be processed by any machine from a given set associated
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with the operation, and its processing time would depend on
the selected machine. They proved that with two machines for
minimizing makespan (the maximum completion time of all op-
erations), the FJSP is NP-hard. In addition, the FJSP with mul-
tiple objectives is also NP-hard [4]. Many techniques have been
considered for solving the FJSP. Enumerative methods such as
branch and bound (B&B) [5] can guarantee optimal solutions,
but are computationally expensive even for small-sized prob-
lems. Other approximation and randomized algorithm methods
such as evolutionary algorithms (EAs) [6]–[10], simulated an-
nealing [11], or tabu search (TS) [12] have demonstrated an
efficacy for solving FJSPs.

The combination of EAs and local search methods (known as
memetic algorithms) for solving scheduling problems has been
increasingly studied by researchers and good solutions [13], [14]
have been obtained. The local search methods by themselves
have also achieved promising results [11], [12]. These ap-
proaches combine the explorative search of EA and the ex-
ploitative search of local search together to find better solutions.
However, issues of time and space complexities need to be ad-
dressed. In order to reduce these complexities, the application of
intelligent heuristics to select promising solutions when apply-
ing local search will need further investigation. Considering both
advantages and limitations of previous approaches, we propose
a multi-objective EA with guided local search (MOEA-GLS)
algorithm to solve multi-objective FJSPs. The algorithm com-
prises three parts: MOEA, GLS, and elitism memory. Instead of
simply using a randomized local search for finding neighbors of
a schedule, the local search part in every generation is intelli-
gently guided by an efficient selection toward promising areas.
These mechanisms guarantee that only the moves that obtain
better solutions are visited. Therefore, more good-quality solu-
tions can be obtained and the computational time is also reduced.
In this paper, three objectives are considered: minimization of
makespan, critical machine workload, and total workload of all
machines. We validate the efficacy of the MOEA-GLS algorithm
to solve common benchmark problems from [6], [7], and [11].
The experimental results indicate that the multi-objective results
of our algorithm dominate the other approaches for solving the
same benchmarks in shorter computational time.

The paper is organized as follows. Section II gives the for-
mal definition of the FJSP. Section III reviews recent related
works for solving the FJSP and classifies current approaches
for solving multi-objective optimization problems using EAs.
Section IV introduces lower bounds for each single or indi-
vidual objective in multi-objective FJSPs. The B&B algorithm
for finding multiset values of multi-objective FJSPs is also pre-
sented. Section V describes GLS and the integration of MOEA
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and GLS. It also provides some theoretical considerations and
the procedure to find the best moves. Section VI analyzes the
performance results of MOEA-GLS when applied to solve com-
mon benchmarks in literature. Finally, Section VII gives some
concluding remarks and directions for future work.

II. PROBLEM DEFINITION

The multi-objective FJSP with availability constraints and
functionally related machines is formulated as follows.

1) Let J = {Ji}1 ≤ i ≤n , indexed i be a set of n jobs to be
scheduled.

2) Each job Ji consists of a predetermined sequence of op-
erations. Let Oi,j be operation j of Ji .

3) Let M = {Mk}1 ≤ k ≤m , indexed k be a set of m machines.
4) Each machine can process only one operation at a time.
5) Each operation Oi,j is processed without interruption on

Mk in a given set µi,j ⊂ M with pi,j,k time units.
Let ri and Ci be the release date and the completion date of

job Ji . Wk is the workload of machine Mk . It is the summation
of processing times of operations that are processed on machine
Mk . Three objectives (which have been used to evaluate the
efficacy of other algorithms in solving multi-objective FJSPs
[6], [7], [11]) are used in this paper, namely:

1) minimization of overall completion time (makespan):
F1 = max {Ci |i = 1, . . . , n};

2) minimization of critical machine workload: F2 =
max {Wk |k = 1, . . . , m};

3) minimization of total workload of all machines: F3 =∑
pi,j,k .

The task is to find a set of solutions that are superior among
all the solutions when all objectives are considered. They are
known as Pareto-optimal solutions [15].

The FJSP can also be considered to be a multipurpose
machine (MPM) job-shop [16]. Using the α|β|γ notation of
Graham et al. [17], the problem that we wish to solve can be
denoted by:

J MPM |prec rj| F1F2F3

where J denotes a job-shop problem, MPM denotes a multi-
purpose machine, prec represents a set of independent chains,
while rj represents the release date given to each job, F1 (or
Cmax ) represents makespan, F2 represents the critical machine
workload, and F3 represents the total workload of all machines.

In this paper, we will assume the following:
1) all machines are available at time 0;
2) each job has its own release date;
3) the order of operations for each job is predefined and

invariant;
4) the machine can execute only one operation at a time.

III. LITERATURE REVIEW

EAs have been used widely to solve multi-objective opti-
mization problems. Generally, they can be classified into three
approaches: population based, aggregation function, and Pareto
based [18].

Population-based approaches, such as VEGA [19], are based
on a division of the current population into s sub-populations,
where s is the number of objectives. At each generation, s
sub-populations are generated by performing proportional se-
lection according to each objective before being shuffled and
recombined into a single population. The crossover and muta-
tion operators are then applied as usual to this new population.
The drawback of this approach is the focus on one objective per
sub-population at a time. Therefore, the results that are good for
more than one objective may be discarded before recombining
together to form a new population.

The aggregation function approaches combine all the ob-
jectives of the optimization problems into a single function [7],
[13]. An example of an aggregation function is min

∑k
i=1 wiFi ,

where wi is the weight of a single objective Fi . This approach
is straightforward to apply to any multi-objective optimization
problem. However, due to the difficulty of setting the weight
vector’s values for exploiting the desired area, it is not sufficient
for solving non-convex objective spaces [18].

Pareto-based approaches [18] use the concept of domination
to find optimal results. A solution X dominates a solution Y if
the solution X has at least one objective that fares better than the
corresponding objective in solution Y , all others being equal.
The family of all non-dominated alternative solutions is denoted
as the Pareto-optimal set, Pareto set for short or Pareto-optimal
front. There are many Pareto-based approaches that have been
developed so far in the literature. The most popular methods are
NSGA-II [20] and SPEA [21] that depend on elitist selection,
fitness sharing, and Pareto ranking. Elitist selection preserves
the elite individuals from the last generation, fitness sharing de-
grades the fitness values of all competing members of a niche as
the niche size increases, while Pareto ranking uses dominance
concepts for selection to eliminate inferior individuals. The chal-
lenge of Pareto-based approaches is to keep the diversity of the
population toward the Pareto front of the problems.

Recently, many researchers have studied the combination
of EA and local search for solving multi-objective scheduling
problems (also known as memetic algorithms [22]–[24]). Some
studies also apply memetic algorithms to solve flowshop and
timetabling problems [13], [14]. Ishibuchi et al. [13] combines
EA and local search for solving the multi-objective flow shop.
The weight vectors are generated randomly in each generation
to combine all objectives. At the end of each generation, all
schedules in the population are improved by local search after a
predefined number of steps. Kacem et al. [7] apply fuzzy logic to
control the way to find weight vectors for solving multi-objective
FJSPs, while Xia and Wu [11] uses simulated annealing inte-
grated with local search. In the latter approach, two randomly
selected nearby operations on each machine are swapped in the
local search. Similar to other aggregation function approaches,
the algorithms described earlier also face issues of finding suit-
able weight vectors to diversify the results toward the Pareto
front. This is computationally expensive when all solutions are
used to evaluate new weight vectors. Furthermore, if random
local search algorithms are applied, they do not guarantee im-
provement in the obtained results. The difference between this
research and previous approaches on solving multi-objective
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FJSPs is that we use a mechanism of GLS to improve only the
best solutions. Furthermore, we have adopted the Pareto-based
approaches for ranking the solutions in each generation. We
will demonstrate the efficacy of the MOEA-GLS algorithm in
comparison to other approaches by using the benchmarks in [7].

IV. LOWER BOUNDS FOR THE MULTI-OBJECTIVE FJSP

In this section, we develop a set of lower bounds that will
be used to analyze the multi-objective FJSPs results obtained
by our algorithms. The lower bounds for single objective,
e.g., makespan, has been investigated widely in literature for
solving classical job-shop problems, especially in B&B algo-
rithms [25], [26]. For parallel machine problems, lower bounds
are investigated in [27]. For FJSPs, to the best of our current
knowledge, only Kacem et al. [7] has introduced lower bounds
for multi-objective FJSPs. However, the limitation of their ap-
proach is the local consideration upon each objective. Each
lower bound value for each objective is evaluated in isolation,
without consideration of other objectives. In multi-objective op-
timization, it is well known that there is often a tradeoff between
objectives (see Section III). Extremization of one objective can
lead to a change in other objective values. In this section, we
propose two approaches to calculate the lower bounds for multi-
objective FJSPs described in Section II. First, we introduce sin-
gle lower bound values that have been derived from the results
of Kacem et al. [7]. Second, we propose a B&B algorithm to
find the multi-lower bound set for multi-objective FJSPs. The
multi-lower bound set is stronger than the single lower bound
values since a set of multi-objective lower bounds is explored at
the same time on a reduced search space during B&B. With this
set of lower bounds, we are able to evaluate how far the current
solution is to the Pareto front.

Before we discuss theoretical works and the B&B algo-
rithm for finding multi-lower bound sets for multi-objective
FJSPs, we introduce notations and definitions that will be
used.

Let ni denote the number of operations of job Ji

U = {Oi,j}1≤i≤n,1≤j≤ni
be the set of all operations;

N =
∑n

i=1 ni= |U| be the total number of operations;
Nk be the predefined maximum number of operations that

can be processed on machine Mk ;
UMk

be the set of possible operations (of size Nk ) that are
processed on machine Mk ;

δi,j = mink{pi,j,k}, 1 ≤ k ≤ m denote the smallest process-
ing time of Oi,j among a set of m machines;

est(Oi,j ) denote the earliest start time of Oi,j ;
ect(Oi,j ) denote the earliest completion time of Oi,j ;
srpt(Oi,j ) denote the smallest remaining processing time of

job Ji after processing Oi,j ;
�x� denotes the smallest integer that is equal or larger than x

(or ceiling of x).
Definition 1: Pareto Dominance (for Minimization): A

vector u = (u1 , u2 , . . . , un ) is said to dominate vector v =
(v1 , v2 , . . . , vn ) (denoted by u � v) if and only if u is partially
less than v, ∀i ∈ {1, 2, . . . , n} ui ≤ vi ∧ ∃k ∈ {1, 2, . . . , n} :
uk < vk .

Lemma 1:

est(Oi,j ) =






ri, if j = 1
j−1∑

k=1

δi,k , otherwise.

Proof: Obvious, earliest start time of one operation is equal
to sum of minimum processing time of its previous operations.

Lemma 2:

ect (Oi,j ) = est (Oi,j ) + δi,j .

Proof: Obvious, earliest completion time of operation Oi,j is
equal to its earliest start time plus the smallest processing time
of Oi,j .

Lemma 3:

srpt(Oi,j ) =






0, if j = ni

ni∑

k=j+1

δi,k , otherwise.

Proof: Obvious, if j is equal to ni , then Oi,j is the last op-
eration of job Ji . Therefore, the smallest remaining processing
time of Ji after processing Oi,j is 0. Otherwise, it is the sum
of smallest processing times δi,k of the remaining operations of
job Ji .

Lemma 4: If Oi,j is an immediate predecessor of operation
Ok,l on machine Mm such that est (Oi,j ) ≤ est (Ok,l), then the
idle time between Oi,j and Ok,l is

∆(Oi,j , Ok,l) = max {0, est (Ok,l) − ect (Oi,j )} .

Proof: If est(Ok,l) ≤ ect (Oi,j ), then Ok,l has to wait until
Oi,j is finished on Mm . Therefore, the idle time between Oi,j

and Ok,l on Mm is 0. Otherwise, the idle time is equal to
est (Ok,l) − ect(Oi,j ). This lemma is justified.

A. Single Lower Bound Values for Multi-objective FJSPs

1) Lower Bound for Total Workload:
Theorem 1:

F ∗
3 ≥




n∑

i=1

ni∑

j=1

δi,j





Proof: Obvious, the total workload cannot exceed the sum
of smallest processing times of each operation. Therefore, the
theorem is justified.

2) Lower Bound for the Critical Machine Workload:
Theorem 2:

LB ≥
⌈∑n

i=1
∑ni

j=1 δi,j

m

⌉

.

Proof: Obvious, at least one machine has processing time
that is greater or equal to the average smallest processing time
of all machines. Since the critical machine workload value is
an integer, the lower bound is at least the ceiling value of the
average minimal processing times of all machines. Therefore,
the theorem is justified.
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The average number of operations that are processed one
machine is

N̄ =
⌈

N

m

⌉

.

Therefore, there exists at least one machine so that its number
of operations is equal or larger than N̄ . We adopt the idea from
Kacem et al. [7] where the set of operations U is divided into
two subsets: a subset PN̄k

where N̄ operations are processed on
Mk and remaining operations U − PN̄k

that are processed on
the remaining m – 1 machines.

Definition 2: Let V be the set of machines where the max-
imum number of operations of each machine in V is at least
N̄

V =
{
Mi : Ni ≥ N̄

}
.

Therefore, ∀Mk ∈ V , the number of possible operation combi-

nations serviced by Mk is given by PN̄k
=

(
Nk

N̄

)

. Let the set

P be the set of all PN̄k
subsets for all machines Mk ∈ V . For

each set PN̄k
:

1) The workload of Mk on processing N̄ operations:

β1,k =
N̄∑

l=1

pil ,jl ,k , where Oi,j ∈ PN̄k
.

2) The average workload of N − N̄ remaining operations in
(m – 1) remaining machines is

β2,k =
⌈∑

i,j δi,j

m − 1

⌉

, where Oi,j ∈
{
U − PN̄k

}
.

Theorem 3: When considering all subsets of set P , the lower
bound for total machine workload is calculated as follows:

LB ≥ min
PN̄ k

∈P
{max (β1,k , β2,k )} .

Proof: We consider a single set PN̄k
∈ P . By definition of

β1,k and β2,k , the lower bound is max(β1,k , β2,k ). Furthermore,
at least one machine satisfies the condition that its number of
operations is equal or larger than N̄ . Therefore, the theorem is
justified.

The time complexity of Theorem 3 is exponential since(
Nk

N̄

)

selections have to be checked. The lower bound ob-

tained by Theorem 4 to be described as follows is weaker than
Theorem 3, but its time complexity is polynomial.

From Definition 2, ∀Mk ∈ V , let Q1,Mk
be a subset of UMk

where N̄ operations with smallest values of pi,j,k are selected,
let Q2,Mk

be a subset of UMk
where N̄ operations with largest

values of δi,j are selected. Then
1) The smallest workload in considering N̄ operations on

Mk is

λ1,k =
N̄∑

l=1

pil ,jl ,k , where Oi,j ∈ Q1,Mk
.

2) The smallest average workload of N − N̄ remaining op-
erations in (m− 1) remaining machines is

λ2,k =
⌈∑

i,j δi,j

m − 1

⌉

, where Oi,j ∈ {U − Q2,Mk
} .

Theorem 4: When considering all machines belonging to V ,
the lower bound for total machine workload is calculated as
follows:

LB ≥ min
Mk ∈V

(
max

(
λ1,k , λ2,k

))
.

Proof: The operations in Q1,Mk
are the N̄ operations that have

smallest pi,j,k values in UMk
. Therefore, λ1,k is the smallest sum

of pi,j,k of N̄ operations in UMk
. Similarly, the sum of δi,j of

N̄ operations in Q2,Mk
is the largest value among N̄ operations

in UMk
. Therefore, λ2,k is the smallest workload of N − N̄

remaining operations in (m− 1) remaining machines. For each
machine Mk ∈ V , the lower bound of critical workload is at
least max(λ1,k , λ2,k ). The theorem is justified.

From Theorems 2 and 4, it follows that the lower bound of
the critical machine workload is

F ∗
2 ≥ max

(⌈∑n
i=1

∑ni

j=1 δi,j

m

⌉

, min
Mk ∈V

(
max

(
λ1,k , λ2,k

))
)

.

3) Lower Bound for Makespan:
Theorem 5:

LB ≥ max
1≤i≤n



ri +
ni∑

j=1

δi,j



 .

Proof: Based on precedent constraints of operations for each
job, the result is justified.

Theorem 2 gives the lower bound of the critical machine
workload by dividing the total smallest processing times by the
number of machines. The sum of the earliest start time of each
operation and the machine’s critical workload gives the lower
bound for makespan. Lemma 5 described later generalizes the
result of [7] for the case where the number of operations is
smaller than the number of machines.

Lemma 5: Given a tuple W of z operations that are ordered
in non-decreasing earliest start time:

W = 〈Oi1 ,j1 , Oi2 ,j2 , . . . , Oiz ,jz
〉

such as est(Oi1 ,j1 ) ≤ est(Oi2 ,j2 ) ≤ · · · ≤ est(Oiz ,jz
).

The lower bound for the average idle time of r machines that
process these z operations is

I(r,W ) =






∑r
k=1 est (Oik ,jk

)
r

, if z ≥ r

∑z
k=1 est (Oik ,jk

)
z

, otherwise.

Proof: In order to minimize the makespan, we assume that all
r machines are used to process the operations in W . In the case
where z < r, only z machines are used, else (when z ≥ r) all
r machines are applied. For the first machine, the idle time is
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Fig. 1. B&B tree for finding the multi-lower bound set.

est(Oi1 ,j1 ). For the second machine, the idle time is est(Oi2 ,j2 ),
and so on. Therefore, the lower bound of average idle time of r
machines to process z operations in W is I(r,W ).

Theorem 6: The lower bound of makespan is

LB ≥
⌈

I(m,U) +

∑n
i=1

∑ni

j=1 δi,j

m

⌉

.

Proof: From Lemma 5, the lower bound of the average idle
time of m machines on U operations is I(m, U ). In addition,
at least one machine has a processing time that is at least the
average processing time for all m machines. The lower bound
of the makespan is equal to the sum of the average idle time
and the average processing time of m machines. Therefore, the
theorem is justified.

From Theorems 5 and 6, it follows that the lower bound of
the makespan for a FJSP is

F ∗
1 = max



 max
1≤i≤n



ri +
ni∑

j=1

δi,j



,

⌈

I(m,U) +

∑n
i=1

∑ni

j=1 δi,j

m

⌉)

.

B. Multi-lower Bound Set for Multi-objective FJSPs

The B&B for finding the multi-lower bound set is performed
by representing all feasible lower bounds for multiple objectives
in each subtree of the search tree through an assignment of
each operation to an available machine that can process it. The
underlying backtracking mechanism represents each variable
as a machine, and each variable domain as those operations
that can be processed by the machine. The constraints are the
precendence of the assigned operations.

For instance, if Oi1 ,j1 is the first operation that can be pro-
cessed on each machine in the set µi1 ,j1 = {M1 ,M2 , . . . ,Mk}.
We assign Oi1 ,j1 to machine M1 in µi1 ,j1 followed by assign-
ing Oi2 ,j2 to a machine in µi2 ,j2 = {M1 ,M2 , . . . ,Mr} until
the assignment of the last operation OiN ,jN

is reached while
satisfying all constraints (see Fig. 1).

Consider the total FJSP with N operations and m machines,
where each operation can be processed on any of m machines.
The maximum number of nodes to traverse by B&B would be in
O(mN ). In order to reduce this search complexity, upper bounds
are generated from heuristic methods and lower bounds are ob-

tained by the theorems from Section IV-A. The B&B algorithm
to find the multi-lower bound set for an FJSP P is as follows.

Step 1) Using heuristic methods (e.g., dispatching rules) for
solving P , the obtained result is a set of feasible
schedules with a set of multiple-objective values S.
Let S be the initial candidate set of upper bound ob-
jective values.

Step 2) Using the theorems in Section IV-A to evaluate the
lower bounds for single objectives, we set

F1 = F ∗
1 F2 = F ∗

2 F3 = F ∗
3 .

Step 3) Order all N operations of P in non-decreasing earliest
start time and assign them to list L, such that

L = {Oi1 ,j1 Oi2 ,j2 Oi3 ,j3 . . . OiN ,jN
}.

1 2 3 . . . N

Set l = 0.
Step 4) Get operation Ox,y at the next position (l + 1). The

lower bounds before assigning Ox,y to a machine in
µx,y is (F1 , F2 , F3).

Step 5) Branching: for each machine Mk in µx,y :

Assign Ox,y to be processed.
Calculate the current workload:

A = current workload of Mk + pi,j,k .

Calculate stop time:

B = max(stop time of Mk + pi,j,k , ect(Ox,y )).

Calculate the earliest finishing time of job Jx :

C = B + srpt(Ox,y ).

Step 6) Compute the lower bound of the three objectives for
this subtree in the following order:
a) Total workload: F3 = F3 + (px,y ,k − δx,y ).
b) Critical machine workload:

F2 = max
(

F2 ,

⌈
F3

m

⌉

, A

)

.

c) Makespan: F1 = max (F1 , F2 , B,C).
Step 7) Bounding: if (F1 , F2 , F3) is dominated by any solu-

tion in S, go to Step 9.
Step 8) If Ox,y is not the last operation in list L (l < n), go

to Step 4. Otherwise, update list S by removing all
solutions that are Pareto dominated by (F1 , F2 , F3),
then add (F1 , F2 , F3) to S.

Step 9) Stop.
At Step 1, the upper bounds are generated by heuristic algo-

rithms for solving FJSPs. If these solutions are nearby Pareto-
optimal solutions, the number of traveling nodes will be reduced
significantly. The lower bounds for three single objectives are
evaluated at Step 2. Step 5 is the branching step where an oper-
ation Ox,y is assigned to a machine in µx,y . Instead of waiting
for the assignment of the last operation OiN ,jN

to calculate
each objective value, we look ahead to evaluate the objectives
of the current subtree. Therefore, the worst-case results can be
ignored early to reduce computational time. The total workload
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Fig. 2. Overall control flow of the proposed MOEA-GLS algorithm.

in Step 6(a) is estimated by increasing the current processing
time of Oi,j on machine Mk by an amount relative to its smallest
possible processing time: (px,y ,k − δx,y ). The critical machine
workload is the maximum value of the previous critical machine
workload F2 , the average processing time of one machine

⌈
F3
m

⌉

and A, the current workload of machine Mk . In order to esti-
mate the makespan, two more values: B, stop time of machine
Mk and C, the earliest finishing time of job Jx are estimated.
At the root node, all stop times of machines are set to 0. If
the earliest start time of Ox,y is smaller than the current stop
time of Mk before assigning Ox,y , B is set to the stop time of
Mk + pi,j,k . Otherwise, B is set to the earliest completion time
of Ox,y : ect(Ox,y ). C is estimated by B, the stop time of Ox,y

on machine Mk , and the shortest remaining processing time of
job Jx from Ox,y . Therefore, the new makespan is the max-
imum value of the makespan, the critical machine workload,
the stop time of machine Mk , and the earliest finishing time
of job Jx . The obtained results of the B&B algorithm are the
set s that contains the Pareto-optimal lower bound values for a
multi-objective FJSP. They can be used to evaluate the efficacy
of an algorithm for solving a multi-objective FJSP.

V. MOEA-GLS ALGORITHM

The overall control flow of the MOEA-GLS algorithm is
summarized in Fig. 2. To generate a good and diversified initial
population, we employ composite dispatching rules [8] for con-
structing the initial population. These rules perform two tasks
simultaneously: balancing the workload of each machine and
ordering the operations in the waiting list of each machine so
that good solutions can be obtained. The GLS module uses the
procedure described in Section IV-A. Coello [18] mentions that
the second generation of MOEAs have introduced the use of
an elitism selection strategy. Similar to previous research in
MOEA [13], [21], [28], we adopt an elitism memory to keep all
non-dominated solutions that have been found after each gen-
eration. This elitism memory is then used to update the current
population to enhance its quality of solutions.

Section V-A gives common definitions that will be used. The-
oretical considerations for GLS in Fig. 2 are also discussed. Sec-
tion V-B then presents detail description of our MOEA-GLS
algorithm and the selection of designed parameters to reduce
computational time.

A. Finding Neighbors Using Guided Local Search

For a given schedule of the FJSP, a neighbor can be ob-
tained by moving an operation from one machine to another

Fig. 3. Example of critical path and critical blocks.

machine. However, not all moves improve the current results
and a complete enumeration of the neighbors will be expensive.
The challenge is how to find the best move to improve multiple
objectives simultaneously. Before presenting theorems that are
used to guide the local search, some definitions are necessary.

Definition 3: The critical path of a schedule is a list of
operations whose total process time is the minimum time that
all jobs take to complete. One schedule can have more than one
critical path.

Definition 4: A critical block is a set of consecutive operations
on the critical path processed by the same machine. One machine
can be associated with more than one critical block on a given
critical path.

Fig. 3 gives an example of a critical path and critical blocks.
Definition 5: The machine Mk in a schedule is termed the

most loaded machine if its workload (WL) is equal to the crit-
ical machine workload (MW), which we denote as a function,
WL(Mk ) = MW . One schedule can have more than one most
loaded machine.

Definition 6: The precedence earliest start time of an op-
eration [pest(Oi,j )] is equal to the stop time of its immediate
precedence operator Oi,j−1 . If it is the first operation, pest(Oi,j )
is equal to the release date of the corresponding job.

Theorem 7 (minimizing the total workload): When moving an
operation Oi,j from machine Mk to another machine Mk ′ , the
new total workload is minimal (i.e., at most the previous total
workload) if the processing time of Oi,j on machine Mk ′ is at
most the processing time of Oi,j on machine Mk .

Proof: Let pi,j,k be processing time of Oi,j on machine Mk ,
the total workload of all machines is

TW =
n∑

i=1

ni∑

j=1

pi,j,k = p1,1,l + · · · + pi,j,k + · · · + pn,p,q

where n is number of jobs, ni is number of operations of job i
and k is the index of the machine that processes operation Oi,j .

When moving Oi,j from machine Mk to machine Mk ′ , the
new processing time of this operation on machine Mk ′ is pi,j,k ′ .
The new total workload of all machines is

TW′ =
n∑

i=1

ni∑

j=1

pi,j,k = p1,1,l + · · · + pi,j,k ′ + · · · + pn,p,q .

Since pi,j,k ′ ≤ pi,j,k , we obtain TW′ ≤ TW. Therefore, the
total workload is minimal.
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Theorem 8 (Minimizing the Critical Machine Workload):
When moving an operation Oi,j from one of the most loaded
machines (e.g., Mk ) to another machine Mk ′ on a schedule, the
critical machine workload is minimal (i.e., at most the critical
machine workload MW) if the workload on machine Mk ′ plus
the processing time of Oi,j on machine Mk ′ is at most MW.

Proof: Let Mk be one of the most loaded machines, then by
Definition 5

MW = WL (Mk ) =
∑

Mk

pi,j,k

where pi,j,k is processing time of Oi,j on machine Mk . Simi-
larly, the workload of machine Mk ′ is

WL(Mk ′) =
∑

Mk ′

p′i,j,k ′ .

When moving an operation Oi,j from machine Mk (with pro-
cessing time pi,j,k ) to machine Mk ′ (with processing time
pi,j,k ′ ), the workload on machine Mk decreases to

WL′(Mk ) = WL(Mk ) − pi,j,k

while the workload on machine Mk ′ increases to

WL′(Mk ′) = WL(Mk ′) + pi,j,k ′ .

If WL′(Mk ′) ≤ WL(Mk ) or WL(Mk ′) + pi,j,k ′ ≤ MW, then
the new critical machine workload is minimal. Otherwise, the
new critical machine workload (that is equal to the workload on
machine Mk ′) will be larger than MW.

Theorem 9 (Makespan Invariance): The makespan of a sched-
ule is invariant when moving operations that are not on critical
paths to other machines.

Proof: The makespan is the total processing time of all oper-
ations of a given critical path. If moving any operation that does
not belong to the critical path to another machine (not on this
path), the current makespan remains unchanged. Therefore, the
makespan cannot be reduced by such an action.

Theorem 10 (Minimizing the Makespan): When moving an
operation Oi,j belonging to machine Mk (with processing time
pi,j,k ) on a critical path CP to machine Mk ′ (with processing
time pi,j,k ′). If its immediate precedence and successor opera-
tions are also on the same critical path CP, the makespan cannot
be reduced if pi,j,k ′ is equal or larger than pi,j,k .

Proof: Let Cmax be the makespan of the schedule before
moving Oi,j from machine Mk to machine Mk ′ . Let Oi,j−1
and Oi,j+1 be precedence and successor operations of Oi,j ,
respectively. Oi,j cannot start before the stop time of Oi,j−1 .
Similarly, Oi,j+1 cannot start before the stop time of Oi,j . Since
Oi,j−1 and Oi,j+1 are both on the critical path CP, the lower
bound of the new makespan, C ′

max is

C ′
max = (Cmax − pi,j,k ) + pi,j,k ′ .

Since pi,j,k ′ ≥ pi,j,k , C ′
max ≥ Cmax , the makespan cannot be

reduced.
When moving an operation Oi,j on machine Mk (with pro-

cessing time pi,j,k ) of a schedule to new machine Mk ′ (with
processing time pi,j,k ′), the operation Oi,j can only be pro-
cessed after the completion of its immediate precedence opera-

Fig. 4. Finding a suitable time to process Oi,j on machine Mk ′ .

tion Oi,j−1 [pest(Oi,j )]. Using the constraint of pest(Oi,j ), we
identify the operation Op,q in machine Mk ′ , which has a stop
time that is smaller or equal to pest(Oi,j ), Oi,j can then be pro-
cessed after Op,q . However, it may increase the current value of
makespan if both Oi,j+1 and the immediate next operation Or,s

of Op,q on machine Mk ′ are on critical paths. This situation is
presented in Fig. 4 later.

In Fig. 4, both the immediate successor operation Oi,j+1
and Or,s are on critical paths. Let set B be the critical block
that contains Or,s on machine Mk ′ and Cmax be the makespan
before moving. We need to find the temporal position of Oi,j

on machine Mk ′ so that Cmax is minimized. There are two
possibilities

1) Insert Oi,j before Or,s : this can violate the critical path
that contains Or,s . If the stop time of Oi,j on Mk ′ is larger
than the start time of Oi,j+1 , it will also violate the critical
path containing Oi,j+1 .

2) Insert Oi,j after critical block B: this only violates the
critical path that contains Oi,j+1 .

Let st(Oi,j ) be the start time of Oi,j on machine Mk ′ . It is
equal to the maximum value of pest(Oi,j ) and the completion
time of Op,q . Let stop(B) be the stop time of critical block B.
We introduce two values: positionValue1 and positionValue2 to
evaluate the increasing amounts of Cmax for the two positions
described before, where

positionValue1 = max(st(Or,s) − (st(Oi,j ) + pi,j,k ′),

st(Oi,j+1) − (st(Oi,j ) + pi,j,k ′))

positionValue2 = stop(B) + pi,j,k ′ − st(Oi,j+1).

Theorem 11 (Reducing New Makespan Value): If positionVa-
lue1≤ positionValue2, inserting Oi,j before Or,s can reduce the
amount of increase in Cmax than by inserting Oi,j after critical
block B. Otherwise, inserting Oi,j after critical block B can
reduce the amount of increase in Cmax .

Proof: When inserting Oi,j before Or,s , the lower bound
of the new makespan is C1 = Cmax + positionValue1. When
inserting Oi,j after critical block B, the lower bound of new
makespan is C2 = Cmax + positionValue2.

If positionValue1 ≤ positionValue2, then C1 ≤ C2 : we
choose to insert Oi,j before Or,s instead of inserting Oi,j after
critical block B. Otherwise, inserting of Oi,j after critical block
B is selected instead of inserting Oi,j before Or,s .

From the results of Theorems 7–11, it is seen that the best
moves of GLS can be found in two steps.
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First, we identify a set of promising operations S so that when
moving each operation in S to another machine, one or more
objectives described in Section II can be minimized. Next, when
moving Oi,j in set S to a new machine Mk ′ , we find a suitable
position in an array of ordered operations on Mk ′ to insert Oi,j so
that the makespan of the new schedule is minimized. Theorems
9 and 10 have shown that the improvement of makespan can
only be obtained by moving operations on the critical paths of a
schedule. Therefore, in order to reduce the computational cost,
only operations that belong to the critical paths are selected to be
moved.

The GLS procedure for finding promising operations of the
current schedule is described as follows.

Step 1) Find all operations on critical paths to insert to set U .
Step 2) For each operation Oi,j in U with processing time

pi,j,k on machine Mk , identify all other machines that
can process Oi,j . Insert Oi,j and an alternative ma-
chine Mk ′ to set V if one of the following conditions
is satisfied.
a) The new processing time of Oi,j on Mk ′ , pi,j,k ′ is

smaller than pi,j,k (to improve total tardiness).
b) Mk is a machine whose workload is equal to

the critical machine workload value MW and the
new workload on machine Mk ′ where Oi,j is in-
serted is smaller than MW (to improve critical
workload).

c) There is only one critical path. The new processing
time is pi,j,k , and pest(Oi,j ) is smaller than the
start time of Oi,j on machine Mk (critical machine
workload and total workload are unchanged but
the makespan can be improved).

For each operation Oi,j and its corresponding machine Mk ′

in set V , the procedure to find its suitable position on machine
Mk ′ is described as follows.

Step 3) Remove operation Oi,j with its corresponding ma-
chine Mk ′ from set V .

Step 4) If there are no operations in machine Mk ′ , insert Oi,j

to Mk ′ . Otherwise, find a position of an operation Op,q

in Mk ′ so that pest(Oi,j ) is smaller than the current
start time of Op,q .

Step 5) If pest(Oi,j ) plus the processing time of Oi,j on ma-
chine Mk ′ (pi,j,k ′) is at most the start time of the next
operation of Op,q (that is Or,s) on machine Mk ′ , then
insert Oi,j after Op,q .

Step 6) If Or,s is not on a critical path, insert Oi,j after Op,q .
Otherwise, if Oi,j+ 1

is not on critical path, insert Oi,j

after critical block B. If both Oi,j+ 1
and Or,s are on

critical paths, apply Theorem 11 to find the best move.
Step 7) Stop if there are no operations left in set v, else go to

Step 3.
At the end of Step 7, we will obtain a set of neighboring sched-

ules of the current schedule. The encodings of these schedules
are used to update the current population.

B. Descriptions of MOEA-GLS

We adopt the operation order machine selection (OOMS)
chromosomes for FJSPs from [8]. This chromosome has two

parts: the operation order part is integer-based encoded, whereas
the machine selection part is binary encoded for identifying
selected machines. Please refer to [8] for the decoding method
to evaluate its makespan, critical machine workload and the total
workload. We also use the elitism memory introduced in [13]
and [21] to keep non-dominated solutions. The MOEA-GLS
algorithm (see Fig. 2) is described in detail as follows.

Step 1) Initialization: generate an initial population using
composite dispatching rules.

Step 2) Evaluation: combine the current generation with so-
lutions from the elitism memory. Applying fast non-
domination and crowding distance from [20] to eval-
uate the results. Then, only n best solutions are used
to update the current population.

Step 3) Selection: apply ranking selection to generate the off-
spring population. Randomly select two operations A
and B from the solutions of Step 2. If A dominates
B, copy A to offspring population and vice versa. If
A and B are non-dominated, their bigger crowding
value is used to select the best one to insert to the
offspring population.

Step 4) Crossover: apply two-point crossover for OOMS
chromosomes [8] with crossover probability pc in off-
spring population.

Step 5) Mutation: apply mutation for OOMS chromosomes
[8] with crossover probability pm in offspring
population.

Step 6) Guided local search:
a) Decode offspring population, apply fast nondom-

ination in [20] to rank the offspring population,
select x% of best solutions of offspring population
for performing GLS as described in Section IV-A.

b) Decode the solutions of GLS, apply fast nondomi-
nation in [20] to rank them, replace maximum y%
number of the worst solutions in offspring popu-
lation by the best solutions of GLS.

Step 7) Update the elitism memory: select the solutions with
rank 1 in offspring population to update the elitism
memory. If a solution C dominates any results in
elitism memory, delete these results and copy C to
elitism memory. If C is non-dominated by all results
in the elitism memory, C is also copied to elitism
memory.

Step 8) Return to Step 2.

This algorithm terminates when it reaches a predefined num-
ber of populations. In order to reduce the computational time
for MOEA-GLS, in the local search at Step 6(a), only x% of the
best solutions of offspring population are selected for GLS. To
keep the diversity of the next population, we do not replace all
solutions of offspring population by the results of GLS. Only
a maximum of y% of the number of the worst solutions in
the offspring population are replaced by the best solutions in
Step 6(b). x and y are two predefined parameters. Note that x
can be determined using predefined numbers of chromosomes
in one population, while y is an upper limit. In this paper, the
values of x and y were estimated based on preliminary computa-
tional experiments as x = 33.3% and y = 50% (see Section V).
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Fig. 5. Selection of the best solutions in the offspring population for GLS.

An illustration of the selection of x% of the best solutions in
offspring population for GLS is given in Fig. 5.

In this algorithm, all non-dominated solutions are stored in
a separate elitism memory. For some MOEA algorithms (e.g.,
SPEA [21]), the size of the elitism memory has been restricted
due to the memory storage and computational time. In our algo-
rithm, we did not find many non-dominated solutions for FJSP
(see Section V). Therefore, the restriction on the size of elitism
memory was not necessary.

VI. EXPERIMENTAL RESULTS

In order to evaluate the efficacy and performance of the
MOEA-GLS algorithm proposed in this paper, six popular
benchmarks [6], [7], [11] are used (represented by n jobs ×
m machines). In order to evaluate single lower bound values
and multi-lower bound set for each benchmark, the algorithms
described in Section IV are applied.

Our problem sets were distinguished as follows: Test sample I
for the small- and medium-sized instances without release dates
(all release dates of jobs are 0), Test sample II for the small-
and medium-sized instances with release dates, Test sample III
for the large-sized instances without release dates. The analysis
of the obtained results will be presented in Section VI-C. The
system was implemented using C++, running on a 2-GHz PC
with 512-MB RAM. The best results and average processing
time of MOEA-GLS after 30 runs were reported.

Through experimentation, suitable parameter values were
chosen; namely, population size 200, crossover probability
0.8, mutation probability 0.3, number of generations 200,
percentage of best results were used for GLS: 33.3%, maximum
percentage of best results of GLS that are used to update current
generation: 50%.

For each instance, the obtained results are reported in two ta-
bles. The first table presents single lower bound values of three
objectives: F ∗

1 (makespan), F ∗
2 (critical machine workload), F ∗

3
(total workload), and multiset lower bounds from the B&B al-
gorithm described in Section IV. The second table compares the
results obtained by our algorithm MOEA-GLS with the results
of approach by localization and controlled genetic algorithms
(AL-CGA) by Kacem et al. [6], [7], the results of particle swarm
optimization and simulated annealing (PSO-SA) from Xia and
Wu [11], and the results of TS from [29] for solving the same
instance. In the same table, the results shown in boldfaced font
dominates the results in italic font. The results of MOEA-GLS
for each instance are then used to initialize the B&B algorithm
described in Section IV-B. The multi-lower bound set is then
reported.

TABLE I
LOWER BOUNDS FOR 8 JOBS × 8 MACHINES

TABLE II
COMPARISON OF RESULTS ON 8 JOBS × 8 MACHINES

TABLE III
LOWER BOUNDS FOR 10 JOBS × 10 MACHINES

TABLE IV
COMPARISON OF RESULTS ON 10 JOBS × 10 MACHINES

A. Test Sample I

This test sample compares the performances of MOEA-
GLS, AL-CGA [6], [7], and PSO-SA [11] on three small- and
medium-sized FJSPs without release dates (or that the release
dates are set to 0 for all jobs). These FJSPs were presented by
Kacem et al. [6], [7].

1) Problem 8 × 8: Number of nodes explored by B&B:
1.637.084 (see Table I).

Average processing time of MOEA-GLS: 9.097 s (see
Table II).

2) Problem 10 × 10: Number of nodes explored by B&B:
449.460 (see Table III).

Average processing time of MOEA-GLS: 16.647 s (see
Table IV).
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TABLE V
LOWER BOUNDS FOR 15 JOBS × 10 MACHINES

TABLE VI
COMPARISON OF RESULTS ON 15 JOBS × 10 MACHINES

TABLE VII
LOWER BOUNDS FOR 4 JOBS × 5 MACHINES

TABLE VIII
COMPARISON OF RESULTS ON 4 JOBS × 5 MACHINES

3) Problem 15 × 10: Number of nodes explored by B&B:
695.342.910 (see Table V).

Average processing time of MOEA-GLS: 24.149 s (see
Table VI).

B. Test Sample II

This test sample compares the performances of MOEA-
GLS, AL-CGA [6], [7], and PSO-SA [11] on three small-
and medium-sized FJSPs with release dates for each job. These
FJSPS were presented by Kacem et al. [6], [7].

1) Problem 4 × 5: Release dates: r1 = 3, r2 = 5, r3 = 1,
r4 = 6.

Number of nodes explored by B&B: 115 (see Table VII).
Average processing time of MOEA-GLS: 9.314 s (see

Table VIII).
2) Problem 10 × 7: Release dates: r1 = 2, r2 = 4, r3 = 9,

r4 = 6, r5 = 7, r6 = 5, r7 = 7, r8 = 4, r9 = 1, r10 = 0.
Number of nodes explored by B&B: 83.538 (see Table IX).
Average processing time of MOEA-GLS: 13.564 s (see

Table X).
3) Problem 15 × 10: Release dates: r1 = 5, r2 = 3, r3 = 6,

r4 = 4, r5 = 9, r6 = 7, r7 = 1, r8 = 2, r9 = 9, r10 = 0, r11 =
14, r12 = 13, r13 = 11, r14 = 12, r15 = 5.

TABLE IX
LOWER BOUNDS OF 10 JOBS × 7 MACHINES

TABLE X
COMPARISON OF RESULTS ON 10 JOBS × 7 MACHINES

TABLE XI
LOWER BOUNDS OF 15 JOBS × 10 MACHINES

TABLE XII
COMPARISON OF RESULTS ON 15 JOBS × 10 MACHINES

Number of nodes explored by B&B: 374.344.900 (see
Table XI).

Average processing time of MOEA-GLS: 17.509 s (see
Table XII).

C. Test Sample III

In this test sample, we randomly select three large-sized FJSPs
from [29] where the number of operations is up to 300. Note that
in these instances, the probabilities of machines that can process
one operation are from (1/2)m to (4/5)m where m is number of
machines [29]. The best makespan results of TS from [29] are
also reported.

1) Problem 20 × 10 (la30): Average processing time of
MOEA-GLS: 35.18 min (see Tables XIII and XIV).

2) Problem 30 × 10 (la35): Average processing time of
MOEA-GLS: 5.92 min (see Tables XV and XVI).

3) Problem 15 × 15 (la40): Average processing time of
MOEA-GLS: 15.48 min (see Tables XVII and XVIII).



HO AND TAY: SOLVING MULTIPLE-OBJECTIVE FLEXIBLE JOB SHOP PROBLEMS 11

TABLE XIII
LOWER BOUNDS FOR 20 JOBS × 20 MACHINES

TABLE XIV
UPPER BOUNDS OF RESULTS ON 20 JOBS × 10 MACHINES

TABLE XV
LOWER BOUNDS OF 30 JOBS × 10 MACHINES

TABLE XVI
UPPER BOUNDS OF RESULTS ON 30 JOBS × 10 MACHINES

TABLE XVII
LOWER BOUNDS OF 15 JOBS × 15 MACHINES

D. Analysis of Experimental Results

The results of the three test samples indicate that the MOEA-
GLS algorithm can obtain good solutions in short computational
time. All of the results of MOEA-GLS are very close to the single
lower bound provided for each objective. In many solutions,
two out of three objectives reach the single lower bounds. The
number of nodes explored by B&B is also small due to high-
quality upper bound solutions and single lower bound values.

In instances of test sample I, for 8 jobs × 8 machines, al-
though the MOEA-GLS fails to obtain solutions that dominate
the solutions of AL-CGA and PSO-SA, it achieves a wider range
of non-dominated solutions. For 10 jobs × 10 machines, two
new results of MOEA-GLS dominate the results from AL-CGA
and PSO-SA. The multi-lower bound set described in Table III
indicates that the results from MOEA-GLS are Pareto-optimal
solutions. Xia and Wu [11] applied the PSO-SA to solve the 15
jobs × 10 machines without release date. The solution obtained
by MOEA-GLS (11 11 91) dominates the solution from PSO-
SA (12 11 91). In these two new results of MOEA-GLS, two
objectives have already reached the lower bounds.

TABLE XVIII
UPPER BOUNDS OF RESULTS ON 15 JOBS × 15 MACHINES

In instances of test sample II, for 4 jobs × 5 machines, two re-
sults from MOEA-GLS dominate all the results from AL-CGA.
For 10 jobs × 7 machines, one new result from MOEA-GLS (15
10 62) dominates three solutions from AL-CGA. Similarly, for
15 jobs × 10 machines, two results from MOEA-GLS dominate
all the results from AL-CGA. More importantly, the multi-lower
bound sets in Tables VII, IX, and XI indicate that the solutions
obtained by MOEA-GLS are Pareto optimal.

In test sample III, for each instance, we reported the best
makespan results of [29]. Note that in [29], Hurink et al. ap-
plied TS to minimize only a single objective (makespan), the
remaining objectives were not reported. MOEA-GLS outper-
forms TS in solving the instance of 30 jobs × 10 machines. It
obtains the same optimal makespan with TS in the instance of
15 jobs × 15 machines, while TS obtains a better result than
MOEA-GLS in the instance of 20 jobs × 10 machines.

Besides the good solutions discovered by MOEA-GLS, its
processing time is also acceptable. The maximum computa-
tional time for 15 jobs × 10 machines in test sample I is around
25 s. Although MOEA-GLS is worst than TS in solving hard
problems such as 20 jobs × 10 machines, it gets the result near
to the result from TS in shorter computational time (35.18 min),
while TS requires 38.18 h to finish computing the same instance
on a sun 4/20 workstation. Ishibuchi et al. [13] mentions that
expensive computational time is a significant issue in the inte-
gration of local search to EAs. However, as presented in test
samples I, II, and III, this problem can be solved in our algo-
rithm using guidance for local search. GLS explores the areas
where new solutions dominate or are of the same rank (non-
dominated) with selected solutions. Therefore, better solutions
can be achieved by GLS. Furthermore, the restriction of select-
ing only the best results for applying GLS also helps reduce
the computational cost. In each generation, only a predefined
number of the best solutions are selected for applying GLS. It
provides more diversity toward Pareto-optimal solutions.

VII. CONCLUSION AND FUTURE WORKS

In this paper, we have proposed an efficient algorithm for
solving multi-objective FJSPs. Instead of applying random local
search methods to improve the results in each generation (e.g.,
[11] and [13]), we introduced a GLS procedure to accelerate
the process of convergence to Pareto-optimal solutions. It not
only searches unexplored space to find better solutions, but
also reduces the computational time due to the selection of the
best moves. Lower bounds for evaluating the efficacy of the
algorithms for solving FJSPs are also introduced. Empirical
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studies show that the gaps between the obtained results and
single lower bounds are very small. Furthermore, the results
obtained by MOEA-GLS frequently dominate the results of
previous researchers in solving the same benchmarks. From
the multi-lower bound set generated by the B&B algorithm, it
indicates that many results obtained by MOEA-GLS are Pareto-
optimal solutions. It is shown to be capable of obtaining high
quality, wide range of Pareto-optimal solutions, and efficient
performance on overall benchmark problems.

More comprehensive studies can be applied to extend the
MOEA-GLS. Different FJSP data with bigger sizes will be in-
vestigated. Other possible criteria in multi-objective optimiza-
tion will be considered. Furthermore, more local search methods
will be analyzed to integrate to the MOEA-GLS algorithm.

APPENDIX

Detailed processing times of all operations of the instances as
well as their Gantt charts that were presented in Section VI
are available at: http://www.ntu.edu.sg/home/asjctay/doc/
MOEA_GLS.pdf.
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