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 Among the different tasks in production logistics, job scheduling is one of the most important at 
the operational decision-making level to enable organizations to achieve competiveness. 
Scheduling consists in the allocation of limited resources to activities over time in order to 
achieve one or more optimization objectives. Flow-shop (FS) scheduling problems encompass 
the sequencing processes in environments in which the activities or operations are performed in 
a serial flow. This type of configuration includes assembly lines and the chemical, electronic, 
food, and metallurgical industries, among others. Scheduling has been mostly investigated for 
the deterministic cases, in which all parameters are known in advance and do not vary over time. 
Nevertheless, in real-world situations, events are frequently subject to uncertainties that can 
affect the decision-making process. Thus, it is important to study scheduling and sequencing 
activities under uncertainties since they can cause infeasibilities and disturbances. The purpose 
of this paper is to provide a general overview of the FS scheduling problem under uncertainties 
and its role in production logistics and to draw up opportunities for further research. To this end, 
100 papers about FS and flexible flow-shop scheduling problems published from 2001 to 
October 2016 were analyzed and classified. Trends in the reviewed literature are presented and 
finally some research opportunities in the field are proposed. 

© 2017 Growing Science Ltd.  All rights reserved
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1. Introduction 

 
Logistics and supply chain concepts have evolved over the years, initially involving only transportation 
activities and then expanding to include product flows, information flows, and reverse flows until finally 
reverse flows, integrated chains, and networks were incorporated. Although there is diversity in 
definitions, there is a common understanding that logistics involves three principal stages called supply, 
production, and distribution (Farahani et al., 2014). Despite this taxonomy, many distribution and 
production problems share similar mathematical formulations and solution procedures. Due to the vast 
variety of problems and knowledge that all these stages comprise, we are going to focus on production 
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logistics processes, with a particular view on scheduling of jobs and tasks. Indeed, many product 
distribution problems have been analyzed in the literature as transportation problems, but they can also 
be viewed as scheduling problems. So, scheduling activities are performed in at least two stages of the 
logistics system. 

Generally speaking, scheduling consists in the allocation of limited resources to activities over time in 
order to optimize one or more desired objectives established by decision-makers. Both resources and 
activities can be of different types, so the theory of scheduling has many applications in manufacturing 
and services, playing a crucial role in the competitiveness of organizations and industries (Brucker, 2007; 
Leung et al., 2004; Pinedo, 2012). Scheduling problems can be classified depending on the configuration 
of resources (often called the production environment). Among the principal configurations, single-
machine, parallel-machines, flow-shop (FS), flexible flow-shop (FFS), job-shop, flexible job-shop, and 
open-shop configurations can be found and can be analyzed in a deterministic or a stochastic way 
(Pinedo, 2012). Particularly, FS problems (including FFS) have been extensively studied due to their 
versatility and applicability in the textile, chemical, electronics, automobile manufacturing (Mirsanei et 
al., 2010; Zandieh et al., 2006), iron and steel (Pan et al., 2013), food processing, ceramic tile (Ruiz et 
al., 2008), packaging (Adler et al., 1993), pharmaceutical, and paper (Gholami et al., 2009) industries, 
among others. 

The standard FS problem consists in  machines (resources) in series. There are  jobs (tasks) that have 
to be processed on every machine. All jobs must follow the same processing route on the shop floor; that 
is, jobs are performed initially on the first machine, next on the second machine, and so on, until machine 
m is reached. The decision to be taken is to determine the processing sequence of the n jobs on each 
machine. This results in a solution space of !  (Pinedo, 2012). When the objective function is the 
makespan, the problem has been proved to be strongly NP-complete for three or more machines (Lee, 
Cheng, & Lin, 1993) and for the tardiness objective (Du  et al., 2012). A generalization of the FS and 
parallel-machines environments is the FFS. In this case there are  stages, and at least one stage has two 
or more machines in parallel that process the same kind of operation. Thus, the decision to be made is 
which of the parallel machines each job should be allocated to at each stage. It can be seen that when 
there is only one machine in all stages then the problem is a standard FS one (Pinedo, 2012).  

Most of the studies in FS and FFS scheduling have considered that all information is known, that is, 
deterministic. Nevertheless, within organizations, various parameters are not exactly known and vary 
over time, causing deterministic decisions to be inadequate. That is why scheduling under uncertainties 
is a very important issue that has received more attention from researchers in the last years (Elyasi & 
Salmasi, 2013a; Juan et al., 2014). Particularly in the area of stochastic flow shop (SFS), only one 
literature review has been published, in the year 2000 by (Gourgand et al., 2000a). Nevertheless, 
considering the growing and significance of this field it is important to update the state of the art and give 
some future directions for research. 

This paper provides a general view of the developments in FS and FFS scheduling under uncertainties 
over the last 15 years and how these advances influence the research on production logistics. Section 2 
describes the notation used for the literature review. Section 3 describes the different solution approaches 
presented in the literature and current state of research. Finally, several directions for future research are 
outlined in Section 4.  
 
2. Notation 
 
In order to present the literature review on FS and FFS problems under uncertainties we are going to 
follow the notation originally presented by Graham et al. (1979) and later adapted by Gourgand et al. 
(2000b) for stochastic static FS problems. In order to include (FFS) problems, we extend the notation 
presented by Gourgand et al. (2000b) since it was designed to classify stochastic FS problems only. We 
also adapted the notation to include unknown parameters modeled using both stochastic distribution and 
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fuzzy sets. According to the notation in Graham et al. (1979), scheduling problems can be represented 
using three fields named | | . The  field indicates the shop configurations. For the purpose of this 
review, two symbols are required:  (an FS with  machines) and  (an FFS with  stages). Field 

 denotes the special constraints and assumptions which differ from the standard problem of the specific 
shop. It includes uncertain parameters and the way in which they are modeled. Table 1 presents the basic 
notation of parameters (in the deterministic version) and characteristics of the shop problem. Depending 
on how the uncertain parameters are modeled, let us use the following conventions: 

 When a parameter is modeled using a probability distribution we will denote it as 
~ , where  is the probability function. For example, if the processing times of 

job  on machine   in an FS problem are modeled with a normal distribution with mean  
and variance , then its notation is ~ , .  

 When a general distribution is used, the parameter is denoted as ~  
 If the uncertain parameter is modeled as a fuzzy number, the notation becomes 

, that is, . 
 If the parameter is not modeled with a distribution probability or as a fuzzy number but it can 

take random values in a specific interval, it is denoted as . For example, 
 if the due date of job  varies between the values  and . 

 For inverse scheduling in which a controllable parameter is adjusted, we denote it as 
. 

Table 1  
Notation used in  field  

Type  Notation Meaning 
Parameters  Due date of job  
  Processing time of job  on machine  (in an FS) or processing time of job  in stage  (in an FFS) 
  Release date of job  
  When a machine switches over from one job family to another, 

 denotes the sequence-dependent setup times between family   and job family  
  Sequence-independent setup time of job  on machine  
  Sequence-dependent setup time when job  is going to be processed just after job  on machine  
  Transportation time between machines  and  in an FS or between stages  and  in an FFS 
  Weights of jobs 
Special   Unrelated parallel machines in the case of FFS environments 
characteristics  Breakdown level of the shop. Some researches uses this approach to define the time between failures (TBF)  

(Holthaus, 1999) 
  Time taken for basic preventive maintenance 
  Time taken for minimal preventive maintenance 
  Size of job j. This characteristic can be used when a machine can process batches and jobs have different sizes 
  Machines can process a batch of  jobs simultaneously 
  When the buffer capacities between machines in an FS or between stages in an FFS are limited, the jobs must 

wait in the previous machine (FS) or stage (FFS), blocking it until sufficient space is released in the buffer.  
 ,  Machine breakdowns. The information enclosed in parentheses is:  the time between failures  and  the 

time to repair . 
  Degradation of machines due to shocks. It means that machines have to be subject to preventive maintenance 
  Dynamic arrivals. 
  Families of jobs. When jobs of the same family or group are processed consecutively on the same machine, a 

setup time for each job is not needed. 
  Lot sizing 
  Lot streaming 
  No wait. Jobs are not allowed to wait between machines 
  Precedence. It can take place in parallel machines of a FFS, implying that a job can only be processed after all 

predecessors have been completed. 
  Preemption. The processing of a job on a machine can be interrupted and finished later. Penalties may apply. 
  Permutation. This only happens in FS and indicates that the execution sequence of jobs in all machines is the 

same. 
  Recirculation or reentrant: a job may visit a machine or a stage more than once. 
  Order splitting 

 

Finally, field  corresponds to the decision criteria or optimization objectives. In order to explain the 
possible objectives in the  field, let us define:  
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 , the completion time of job  on machine  for FS or in stage  for an FFS problem 
 , the completion time of job j on the last machine in an FS or in the last stage in an FFS 
 , the flow time of job , calculated as  
 , the lateness of job , calculated as  
 , the tardiness of job , calculated as max , 0  
 , the earliness of job , calculated as max , 0  
 1 if the job  is tardy, that is, if 0, and 0 otherwise. 

The possible objective functions  for the deterministic counterparts of scheduling problems are 
presented in Table 2. It is important to note that the  field is extended to express one of the following 
ways to deal with uncertainty: 

	

. . 													 	 	 	1	 	 	 																																						
																		 	 	 	 	 																																																						
															 	 	 	 	 	 	 	 																															
										 	 	 	 	 	 																																																		

										 	 	 	 	 	 	 	 	 																						
							 	 	 	 	 	 	 	 	 	 		

 

 

Table 2  
Objective functions in deterministic scheduling  

Notation  Formula Meaning 
 max  Makespan or maximum completion time 

 max  Maximum flow time 

 max  Maximum lateness 

 max  Maximum tardiness 

  Total/average completion time 

  Total/average weighted completion time 

  Total/average flow time 

  Total/average weighted flow time 

  Total tardiness 

  Total weighted tardiness 

  Total earliness 

  Total weighted earliness 

  Total number of tardy jobs 

  Work-in-process inventory 
  Throughput time 

 

The complete | |  notation presented is illustrated using five examples: 

 3  corresponds to an FS environment with three machines in which the 
processing times are modeled using fuzzy numbers and the objective function is the makespan. 
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 ~ , 	| ̅ ,  is an FFS with  stages in which the processing times 
follow a lognormal distribution with mean  and standard deviation . The problem analyzes 
a bi-objective function that is solved through a Pareto approach. For this case, the objectives are 
the expected total completion time and the expected total tardiness. 

 ~ , , 	 ∙ ∙  is an FFS with  stages in which machine 
breakdowns are stochastic. The time between failures follows an exponential distribution with 
mean  at each stage. The time to repair follows a lognormal distribution with mean  and 
standard deviation of  at stage . The objective function is the minimization of the flow time 
with probability 1. 

 	 	 	  consists of an FS with  machines that considers deterministic 
release times. The objective function is to minimize the weighted sum of makespan and tardiness, 
but the weights for each function  and  are not known and are thus modeled as fuzzy numbers. 

  corresponds to an FS environment with  machines in which the 
due dates are random variables that can vary in an interval. The objective is to construct a robust 
schedule according to a maximum tardiness criterion. 

3. Literature review 
 
As mentioned previously, FS and FFS under uncertainties have not been well studied as deterministic 
counterparts. Only one literature review presented by (Gourgand et al., 2000a) was found for the static 
version of the stochastic FS. Those authors noticed that the majority of researches considered that either 
processing times or breakdowns of machines were subject to uncertainties. In addition, that review 
revealed that the majority of the revised works analyzed the cases of FS with only two machines. Since 
then, this field has been growing and there are more complex applications nowadays. The nomenclature 
presented in the previous section was used to summarize the type of problem addressed in 100 papers 
published between 2001 and October 2016. The year 2001 was chosen as the starting point in time as it 
corresponds to the time immediately after the publication of the review in (Gourgand et al., 2000a). 

According to Fink (1998) and Badger et al. (2000), from a methodological point of view, a literature 
review is a systematic, explicit, and reproducible approach for identifying, evaluating, and interpreting 
the existing body of documents. This paper follows the principles of systematic literature reviews, in 
contrast to narrative reviews, by being more explicit in the selection of the studies and employing rigorous 
and reproducible evaluation methods (Delbufalo, 2012; Thomé et al., 2016). A set of criteria was defined 
to collect and identify the research papers from the Science Citation Index compiled by Clarivate 
Analytics (formerly the Institute for Scientific Information, ISI) and SCOPUS databases. The inclusion 
and exclusion criteria are explained next:  

 Inclusion criteria: Title–abstract–keywords (flowshop OR "flow shop" OR flowline) AND 
(random OR randomness OR stochastic OR uncertainty OR uncertainties OR robust OR 
robustness OR fuzzy) AND publication year > 2000 

 Exclusion criteria: 
  

o Random elements are part of the solution method but not characteristics of the parameters. 
For example, all parameters and objective function are deterministic but the solution 
method is a random key genetic algorithm.  

o The article is not about scheduling. For example, the main topic of the paper is “subsea 
flowline buckle capacity considering uncertainty”.  

o The paper is written in a language other than English. 
o The paper was published in conference proceedings. 

The list of reviewed papers is presented in Table 3. The first column of the table indicates the 
bibliographical reference (including the publication year), the second one describes the problem 
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addressed in the paper with the proposed notation, and the third column briefly describes the type of 
solution approach and in some cases other details that may be of interest. This table follows a similar 
format to that presented in (Ruiz & Vázquez-Rodríguez, 2010). The fourth to sixth columns indicate 
which approach was used for modeling uncertain parameters. The seventh to eleventh columns indicate 
what kind of solution method was used to deal with uncertainty. Lastly, the twelfth to fourteenth columns 
show what kind of method was employed for optimization. 

As illustrated in the table, there is a trend of an increase in the number of papers published on FS and 
FFS under uncertainties. This is helped by the existence of more rapid computers and advances that allow 
more complex problems to be solved. Fig. 1 shows the evolution of the number of papers separately for 
FS and FFS under uncertainties and the total values. There is a big difference between FS and FFS, with 
FFS representing 25% of the revised works. 

 

Fig. 1. Number of papers per year on FS and FFS under uncertainties 

 

There are some issues to be highlighted from the literature, so the following subsections summarize the 
findings in terms of four characteristics: 

 Uncertain parameters and methods to describe them (fuzzy, bounded, probability) 
 Approach used to deal with uncertainty (fuzzy, robust, stochastic (not simulation), simulation-

optimization and interval theory) 
 Optimization methods 
 Objective function 

 
 
 

0

2

4

6

8

10

12

14

2001 2002 2003 2004 2005 2006 2007 2008 2009 2010 2011 2012 2013 2014 2015 2016

FFS FS Total



E
. M

. G
on

zá
le

z-
N

ei
ra

 e
t a

l. 
/ I

nt
er

na
ti

on
al

 J
ou

rn
al

 o
f 

In
du

st
ri

al
 E

ng
in

ee
ri

ng
 C

om
pu

ta
ti

on
s 

8 
(2

01
7)

 
40

5

T
ab

le
 3

 
C

la
ss

if
ic

at
io

n 
of

 th
e 

re
vi

ew
ed

 w
or

ks
 

 
 

 
M

od
el

in
g 

of
 

u
n

ce
rt

ai
n 

p
ar

am
et

er
s

 

A
p

p
ro

ac
h

 t
ak

en
 t

o 
d

ea
l w

it
h

 
u

n
ce

rt
ai

n
ty

 
O

pt
im

iz
at

io
n 

m
et

ho
d

 

R
ef

er
en

ce
 

P
ro

b
le

m
 

S
ol

u
ti

on
 a

p
pr

oa
ch

 

Fuzzy  

Bounded  

Probability  

Fuzzy  

Robust  

Stochastic (not 
simulation)  

Simulation-optimization  

Interval theory  

Exact  

Heuristic  

Metaheuristic  

(A
ll

ah
ve

rd
i &

 S
av

sa
r,

 
20

01
)

 
,

,
,

.
.

 

D
om

in
an

ce
 a

na
ly

si
s

 
  

√ 
  

  
  

√ 
  

  
√ 

  
  

(A
lc

ai
de

 e
t a

l.,
 2

00
2)

 
~

,
,

 
D

yn
am

ic
 a

lg
or

it
hm

 to
 c

on
ve

rt
 a

 p
ro

bl
em

 
su

bj
ec

t t
o 

br
ea

kd
ow

ns
 in

to
 a

 p
ro

bl
em

 
w

it
ho

ut
 b

re
ak

do
w

ns
 

  
  

√ 
  

  
√ 

 
  

  
√ 

  

(B
al

as
ub

ra
m

an
ia

n 
&

 
G

ro
ss

m
an

n,
 2

00
2)

 
,

~
	

,
 

B
ra

nc
h 

an
d 

bo
un

d
 

  
  

√ 
  

  
√ 

  
  

√ 
  

  

(A
lla

hv
er

di
 e

t a
l.,

 
20

03
)

 
2

 
2

̅  

D
om

in
an

ce
 a

na
ly

si
s

 
  

√ 
√ 

  
  

  
  

√ 
√ 

  
  

(B
al

as
ub

ra
m

an
ia

n 
&

 
G

ro
ss

m
an

n,
 2

00
3)

 
 

F
uz

zy
 s

et
 th

eo
ry

 w
it

h 
ta

bu
 s

ea
rc

h
 

√ 
  

  
√ 

  
  

  
  

  
  

√ 

(C
el

an
o 

et
 a

l. 
, 2

00
3)

 
,

,
 

G
en

et
ic

 a
lg

or
ith

m
 

√ 
  

  
√ 

  
  

  
  

  
  

√ 
(C

hu
ti

m
a 

&
 

Y
ia

ng
ka

m
ol

si
ng

, 
20

03
)

 

 
F

uz
zy

 g
en

et
ic

 a
lg

or
it

hm
 

√ 
  

  
√ 

  
  

  
  

  
  

√ 

(G
ou

rg
an

d 
 e

t a
l.,

 
20

03
)

 
3

,
~

 
M

ar
ko

v 
op

ti
m

iz
at

io
n 

an
d 

si
m

ul
at

io
n-

op
ti

m
iz

at
io

n 
w

ith
 s

im
ul

at
ed

 a
nn

ea
li

ng
. T

he
 

M
ar

ko
v 

ch
ai

n 
ap

pr
oa

ch
 p

re
se

nt
s 

lo
w

er
 

co
m

pu
ta

ti
on

al
 ti

m
es

 in
 s

m
al

l i
ns

ta
nc

es
, 

w
hi

le
 th

e 
si

m
ul

at
io

n 
ap

pr
oa

ch
 is

 
re

co
m

m
en

de
d 

fo
r 

la
rg

er
 in

st
an

ce
s 

w
ith

 
m

ak
es

pa
n 

m
in

im
iz

at
io

n.
 

  
  

√ 
  

  
  

√ 
  

√ 
  

√ 

(A
ll

ah
ve

rd
i, 

20
04

)
 

3|
,

|
 

D
om

in
an

ce
 a

na
ly

si
s.

 O
pt

im
al

 s
ol

ut
io

ns
 a

re
 

ob
ta

in
ed

 w
he

n 
ce

rt
ai

n 
co

nd
it

io
ns

 a
re

 
sa

tis
fi

ed
.

 

  
√ 

  
  

  
√ 

  
√ 

√ 
  

  

(K
al

cz
yn

sk
i &

 
K

am
bu

ro
w

sk
i, 

20
04

)
 

2
~

,
 

N
ew

 s
ch

ed
ul

in
g 

ru
le

 th
at

 g
en

er
al

iz
es

 
Jo

hn
so

n’
s 

an
d 

T
al

w
ar

’s
 r

ul
es

 
  

  
√ 

  
  

√ 
  

  
  

√ 
  

(S
ot

sk
ov

 e
t a

l.,
 2

00
4)

 
2

̅  
3

̅  

D
om

in
an

ce
 a

na
ly

si
s

 
  

√ 
  

  
  

  
  

√ 
√ 

  
  

(T
em

İz
 &

 E
ro

l, 
20

04
)

 
 

F
uz

zy
 b

ra
nc

h 
an

d 
bo

un
d

 
√ 

  
  

√ 
  

  
  

  
√ 

  
  

       



  

 

40
6

T
ab

le
 3

 
C

la
ss

if
ic

at
io

n 
of

 th
e 

re
vi

ew
ed

 w
or

ks
 (

C
on

tin
ue

d)
 

 
 

 
M

od
el

in
g 

of
 

u
n

ce
rt

ai
n 

p
ar

am
et

er
s

 

A
p

p
ro

ac
h

 t
ak

en
 t

o 
d

ea
l w

it
h

 
u

n
ce

rt
ai

n
ty

 
O

pt
im

iz
at

io
n 

m
et

ho
d

 

R
ef

er
en

ce
 

P
ro

b
le

m
 

S
ol

u
ti

on
 a

p
pr

oa
ch

 

Fuzzy  

Bounded  

Probability  

Fuzzy  

Robust  

Stochastic (not 
simulation)  

Simulation-optimization  

Interval theory  

Exact  

Heuristic  

Metaheuristic  

(Y
an

g 
 e

t 
al

., 
20

04
)

 
,

~
,

,
,

 
S

im
ul

at
io

n-
op

ti
m

iz
at

io
n 

w
it

h 
ta

bu
 s

ea
rc

h
 

  
  

√ 
  

  
  

√ 
  

  
  

√ 
(G

ou
rg

an
d

 e
t 

al
., 

20
05

)
 

,
~

 
~

 

A
 th

eo
re

m
 th

at
 p

ro
vi

de
s 

a 
re

cu
rs

iv
e 

sc
he

m
e 

ba
se

d 
on

 M
ar

ko
v 

ch
ai

ns
 a

nd
 

C
ha

pm
an

–K
ol

m
og

or
ov

 e
qu

at
io

ns
 to

 
co

m
pu

te
 th

e 
ex

pe
ct

ed
 m

ak
es

pa
n.

 T
hi

s 
sc

he
m

e 
is

 c
om

bi
ne

d 
w

it
h 

si
m

ul
at

ed
 

an
ne

al
in

g.
 

  
  

√ 
  

  
√ 

  
  

√ 
  

√ 

(H
on

g 
&

 C
h

u
an

g,
 

20
05

)
 

 
F

uz
zy

 G
up

ta
 a

lg
or

it
hm

 
√ 

  
  

√ 
  

  
  

  
  

  
  

(P
aw

el
 J

an
 

K
al

cz
yn

sk
i &

 
K

am
bu

ro
w

sk
i, 

20
05

)
 

2
,

~
 

A
ss

um
in

g 
th

at
 th

e 
jo

b 
pr

oc
es

si
ng

 ti
m

es
 c

an
 

be
 s

to
ch

as
ti

ca
ll

y 
or

de
re

d 
on

 b
ot

h 
m

ac
hi

ne
s,

 th
e 

au
th

or
s 

sh
ow

 th
at

 th
e 

pr
ob

le
m

 is
 e

qu
iv

al
en

t t
o 

tr
av

el
in

g 
sa

le
sm

an
 

pr
ob

le
m

 o
n 

a 
pe

rm
ut

ed
 M

on
ge

 m
at

ri
x 

an
d 

pr
ov

e 
it

s 
N

P
-h

ar
dn

es
s

 

  
  

√ 
  

  
√ 

  
  

√ 
  

  

(S
or

ou
sh

 &
 

A
ll

ah
ve

rd
i, 

20
05

)
 

2
~

,
̅  

E
xa

ct
 a

pp
ro

ac
he

s
 

  
  

√ 
  

  
√ 

  
  

√ 
  

  

(W
an

g 
et

 a
l.,

 2
00

5a
)

 
~

,
 

H
yp

ot
he

si
s-

te
st

 m
et

ho
d 

in
co

rp
or

at
ed

 in
to

 a
 

ge
ne

ti
c 

al
go

ri
th

m
 

  
  

√ 
  

  
  

√ 
  

  
  

√ 

(W
an

g 
et

 a
l.,

 2
00

5b
)

 
~

,
 

S
im

ul
at

io
n-

op
ti

m
iz

at
io

n 
ap

pr
oa

ch
 th

at
 

hy
br

id
iz

es
 o

rd
in

al
 o

pt
im

iz
at

io
n,

 o
pt

im
al

 
co

m
pu

ti
ng

 b
ud

ge
t a

ll
oc

at
io

n 
an

d 
a 

ge
ne

ti
c 

al
go

ri
th

m
 

  
  

√ 
  

  
  

√ 
  

  
  

√ 

(A
ll

ah
ve

rd
i, 

20
06

)
 

2
,

̅  
D

ev
el

op
m

en
t o

f 
tw

o 
do

m
in

an
ce

 r
el

at
io

ns
 

to
 o

bt
ai

n 
th

e 
se

t o
f 

do
m

in
an

t s
ch

ed
ul

es
 

  
√ 

  
  

  
  

  
√ 

√ 
  

  

(A
ve

rb
ak

h
, 2

00
6)

 
2

,
 

In
te

rv
al

 d
at

a 
m

in
-m

ax
 r

eg
re

t. 
L

in
ea

r-
ti

m
e 

al
go

ri
th

m
 b

as
ed

 o
n 

th
e 

ge
om

et
ri

c 
fo

rm
ul

at
io

n 
of

 th
e 

pr
ob

le
m

 w
it

ho
ut

 
un

ce
rt

ai
nt

y
 

  
√ 

  
  

  
  

  
√ 

  
  

  

(A
za

ro
n

 e
t 

al
., 

20
06

)
 

,
~

,
~

 
M

et
ho

d 
fo

r 
ap

pr
ox

im
at

in
g 

th
e 

di
st

ri
bu

ti
on

 
fu

nc
ti

on
 o

f 
th

e 
lo

ng
es

t p
at

h 
le

ng
th

 in
 th

e 
ne

tw
or

k 
of

 q
ue

ue
s 

by
 c

on
st

ru
ct

in
g 

a 
pr

op
er

 
co

nt
in

uo
us

-t
im

e 
M

ar
ko

v 
ch

ai
n

 

  
  

√ 
  

  
√ 

 
  

  
  

  

(P
aw

el
 J

an
 

K
al

cz
yn

sk
i &

 
K

am
bu

ro
w

sk
i, 

20
06

)
 

2
~

,
 

T
he

 s
am

e 
co

ef
fi

ci
en

t o
f 

va
ri

at
io

n 
fo

r 
al

l 
pr

oc
es

si
ng

 ti
m

es
. E

xt
en

si
on

 o
f 

Jo
hn

so
n’

s 
an

d 
T

al
w

ar
’s

 r
ul

es
.

 

  
  

√ 
  

  
√ 

 
  

√ 
  

  

(P
et

ro
vi

c 
&

 S
on

g,
 

20
06

)
 

2
 

A
lg

or
it

hm
 b

as
ed

 o
n 

th
e 

Jo
hn

so
n 

al
go

ri
th

m
 

an
d 

a 
m

od
if

ic
at

io
n 

of
 M

cC
ah

on
 a

nd
 L

ee
’s

 
ap

pr
oa

ch
.

 

√ 
  

  
√ 

  
  

  
  

  
√ 

  

  



E
. M

. G
on

zá
le

z-
N

ei
ra

 e
t a

l. 
/ I

nt
er

na
ti

on
al

 J
ou

rn
al

 o
f 

In
du

st
ri

al
 E

ng
in

ee
ri

ng
 C

om
pu

ta
ti

on
s 

8 
(2

01
7)

 
40

7

T
ab

le
 3

 
C

la
ss

if
ic

at
io

n 
of

 th
e 

re
vi

ew
ed

 w
or

ks
 (

C
on

tin
ue

d)
 

 
 

 
M

od
el

in
g 

of
 

u
n

ce
rt

ai
n 

p
ar

am
et

er
s

 

A
p

p
ro

ac
h

 t
ak

en
 t

o 
d

ea
l w

it
h

 
u

n
ce

rt
ai

n
ty

 
O

pt
im

iz
at

io
n 

m
et

ho
d

 

R
ef

er
en

ce
 

P
ro

b
le

m
 

S
ol

u
ti

on
 a

p
pr

oa
ch

 

Fuzzy  

Bounded  

Probability  

Fuzzy  

Robust  

Stochastic (not 
simulation)  

Simulation-optimization  

Interval theory  

Exact  

Heuristic  

Metaheuristic  

(S
ch

ul
tm

an
n 

et
 a

l.,
 

20
06

)
 

,
,

,
 

F
uz

zy
 a

pp
ro

ac
h 

th
at

 d
el

iv
er

s 
si

x 
sc

he
du

le
s 

fo
r 

th
e 

cr
is

p 
pr

ob
le

m
s.

 A
lt

ho
ug

h 
th

e 
si

x 
sc

he
du

le
s 

ar
e 

m
os

t p
ro

ba
bl

y 
no

t i
de

nt
ic

al
, 

th
e 

de
ci

si
on

-m
ak

er
 r

ec
ei

ve
s 

op
ti

m
al

 a
nd

 
go

od
 s

ol
ut

io
ns

 f
or

 d
if

fe
re

nt
 m

em
be

rs
hi

p 
le

ve
ls

 

√ 
  

  
√ 

  
  

  
  

  
  

  

(A
lf

ie
ri

, 2
00

7)
 

,
∑
|
|

1
,

∑
|
|

 
S

im
ul

at
io

n-
op

ti
m

iz
at

io
n 

ap
pr

oa
ch

 w
ith

 
di

sp
at

ch
in

g 
ru

le
s

 
  

  
√ 

  
  

√ 
 

  
  

√ 
  

(C
h

en
 &

 S
he

n,
 2

00
7)

 
,

,
,

̅ .
.

 
P

ro
ba

bi
lis

tic
 a

sy
m

pt
ot

ic
 a

na
ly

si
s 

of
 th

e 
pr

ob
le

m
, f

in
di

ng
 g

oo
d 

re
su

lt
s 

fo
r 

tw
o 

di
ff

er
en

t n
on

-d
el

ay
 a

lg
or

it
hm

s
 

  
√ 

  
  

  
√ 

 
  

√ 
  

  

(S
w

am
in

at
h

an
 e

t 
al

., 
20

07
)

 
,

~
1

,
,

1
 

S
im

ul
at

io
n-

op
ti

m
iz

at
io

n 
w

it
h 

di
sp

at
ch

in
g 

ru
le

s 
an

d 
ge

ne
ti

c 
al

go
ri

th
m

s.
 T

he
 

ap
pr

oa
ch

es
 s

tu
di

ed
 a

re
 c

at
eg

or
iz

ed
 a

s 
fo

ll
ow

s:
 p

ur
e 

pe
rm

ut
at

io
n 

sc
he

du
li

ng
, 

sh
if

t-
ba

se
d 

sc
he

du
li

ng
, a

nd
 p

ur
e 

di
sp

at
ch

in
g 

fo
r 

no
n-

pe
rm

ut
at

io
n 

se
qu

en
ce

s.
 

  
  

√ 
  

  
  

√ 
  

  
√ 

√ 

(J
av

ad
i e

t 
al

., 
20

08
)

 
|

,
|

̅
,

 
F

uz
zy

 m
ul

ti
-o

bj
ec

ti
ve

 li
ne

ar
 p

ro
gr

am
m

in
g 

m
od

el
.  

Fu
zz

if
ic

at
io

n 
of

 th
e 

as
pi

ra
ti

on
 

le
ve

ls
 o

f 
th

e 
ob

je
ct

iv
es

.
 

√ 
  

  
√ 

  
  

  
  

√ 
  

  

(N
ez

h
ad

 &
 A

ss
ad

i, 
20

08
)

 
 

M
et

ho
d 

th
at

 a
pp

ro
xi

m
at

es
 th

e 
m

ax
im

um
 

op
er

at
or

 a
s 

a 
tr

ia
ng

ul
ar

 f
uz

zy
 n

um
be

r 
w

it
h 

C
D

S 
al

go
ri

th
m

 

√ 
  

  
√ 

  
  

  
  

  
√ 

  

(N
iu

 &
 G

u,
 2

00
8)

 
 

P
ar

ti
cl

e 
sw

ar
m

 o
pt

im
iz

at
io

n
 

√ 
  

  
√ 

  
  

  
  

  
  

√ 
(G

ho
la

m
i e

t 
al

., 
20

09
)

 
,

∑
|
|

1
,

∑
|
|

 
S

im
ul

at
io

n-
op

ti
m

iz
at

io
n 

ap
pr

oa
ch

 w
ith

 
ge

ne
ti

c 
al

go
ri

th
m

 
  

  
√ 

  
  

  
√ 

  
  

  
√ 

(M
at

sv
ei

ch
u

k 
et

 a
l.,

 
20

09
)

 
2
	

 
T

w
o 

ph
as

es
: o

ff
-l

in
e 

an
d 

on
-l

in
e 

sc
he

du
li

ng
. T

hi
s 

se
t o

f 
do

m
in

an
t s

ch
ed

ul
es

 
al

lo
w

s 
an

 o
n-

li
ne

 s
ch

ed
ul

in
g 

de
ci

si
on

 to
 b

e 
m

ad
e 

w
he

ne
ve

r 
ad

di
tio

na
l l

oc
al

 
in

fo
rm

at
io

n 
on

 th
e 

re
al

iz
at

io
n 

of
 a

n 
un

ce
rt

ai
n 

pr
oc

es
si

ng
 ti

m
e 

is
 a

va
il

ab
le

. 
D

om
in

an
ce

.
 

  
  

√ 
  

  
  

√ 
  

  
  

√ 

(N
g 

et
 a

l.,
 2

00
9)

 
2
	

 
D

om
in

an
ce

 r
el

at
io

n.
 M

at
he

m
at

ic
al

 
ap

pr
oa

ch
.

 
  

  
√ 

  
  

  
√ 

  
  

  
√ 

    



  

 

40
8

T
ab

le
 3

 
C

la
ss

if
ic

at
io

n 
of

 th
e 

re
vi

ew
ed

 w
or

ks
 (

C
on

tin
ue

d)
 

 
 

 
M

od
el

in
g 

of
 

u
n

ce
rt

ai
n 

p
ar

am
et

er
s

 

A
p

p
ro

ac
h

 t
ak

en
 t

o 
d

ea
l w

it
h

 
u

n
ce

rt
ai

n
ty

 
O

pt
im

iz
at

io
n 

m
et

ho
d

 

R
ef

er
en

ce
 

P
ro

b
le

m
 

S
ol

u
ti

on
 a

p
pr

oa
ch

 

Fuzzy  

Bounded  

Probability  

Fuzzy  

Robust  

Stochastic (not 
simulation)  

Simulation-optimization  

Interval theory  

Exact  

Heuristic  

Metaheuristic  

(S
af

ar
i e

t 
al

., 
20

09
)

 
|

,
~

,
,

~
,

|
 

S
im

ul
at

io
n-

op
ti

m
iz

at
io

n 
ap

pr
oa

ch
 w

ith
 

N
E

H
 h

eu
ri

st
ic

, s
im

ul
at

ed
 a

nn
ea

lin
g,

 a
nd

 
th

e 
ge

ne
ti

c 
al

go
ri

th
m

 s
ep

ar
at

el
y.

 R
es

ul
ts

 
sh

ow
 th

e 
su

pe
ri

or
it

y 
of

 th
e 

ge
ne

ti
c 

al
go

ri
th

m
.

 

√ 
  

  
  

  
  

  
  

√ 
  

√ 

(S
an

ca
r 

E
di

s 
&

 
O

rn
ek

, 2
00

9)
 

,
~

,
 

S
im

ul
at

io
n-

op
ti

m
iz

at
io

n 
w

it
h 

ta
bu

 s
ea

rc
h

 
  

√ 
  

  
  

  
  

√ 
√ 

  
  

(Y
im

er
 &

 D
em

ir
li,

 
20

09
)

 
,

,
 

M
ix

ed
-i

nt
eg

er
 f

uz
zy

 p
ro

gr
am

m
in

g 
m

od
el

 
an

d 
a 

ge
ne

ti
c 

al
go

ri
th

m
 s

ol
ut

io
n 

ap
pr

oa
ch

 
  

  
√ 

  
  

  
√ 

  
  

  
√ 

(Z
an

di
eh

 &
 

G
h

ol
am

i, 
20

09
)

 
,

∑
|
|

1
,

∑
|
|

 
S

im
ul

at
io

n-
op

ti
m

iz
at

io
n 

ap
pr

oa
ch

 w
ith

 a
n 

im
m

un
e 

al
go

ri
th

m
 

  
√ 

  
  

  
√ 

  
  

√ 
  

  

(A
ll

ah
ve

rd
i &

 
A

yd
ile

k,
 2

01
0b

)
 

2
	

 
F

ou
rt

ee
n 

he
ur

is
ti

cs
 

  
√ 

  
  

  
  

  
√ 

  
√ 

  

(A
ll

ah
ve

rd
i &

 
A

yd
ile

k,
 2

01
0a

)
 

2
	

 
F

iv
e 

he
ur

is
ti

cs
 

  
√ 

  
  

  
  

  
√ 

  
√ 

  

(A
yd

il
ek

 &
 

A
ll

ah
ve

rd
i, 

20
10

)
 

2
	

̅  
E

le
ve

n 
he

ur
is

tic
s 

ba
se

d 
on

 S
PT

 r
ul

e
 

  
√ 

  
  

  
  

  
√ 

  
√ 

  

(A
za

de
h

 e
t 

al
., 

20
10

)
 

,
 

F
le

xi
bl

e 
ar

ti
fi

ci
al

 n
eu

ra
l n

et
w

or
k–

fu
zz

y 
si

m
ul

at
io

n 
al

go
ri

th
m

 w
it

h 
di

sp
at

ch
in

g 
ru

le
s

 
√ 

  
  

√ 
√ 

  
√ 

  
  

  
√ 

(D
ie

p
 e

t 
al

., 
20

10
)

 
2

~
,

,
~

,
 

D
yn

am
ic

 p
ro

gr
am

m
in

g 
an

d 
a 

se
m

i-
M

ar
ko

v 
pr

oc
es

s.
 

  
  

√ 
  

  
√ 

 
  

√ 
  

  

(G
ei

sm
ar

 &
 P

in
ed

o,
 

20
10

)
 

,
	

	
	

|
~

|
 

C
om

m
on

 e
nv

ir
on

m
en

t i
n 

th
e 

m
ic

ro
li

th
og

ra
ph

y 
po

rt
io

n 
of

 s
em

ic
on

du
ct

or
 

m
an

uf
ac

tu
ri

ng
. T

he
 o

bj
ec

ti
ve

 is
 to

 
m

ax
im

iz
e 

th
ro

ug
hp

ut
 q

ua
nt

iti
es

, w
hi

ch
 is

 
eq

ui
va

le
nt

 to
 m

in
im

iz
in

g 
th

e 
th

ro
ug

hp
ut

 
ti

m
es

. M
ar

ko
v 

ch
ai

ns
.

 

  
  

√ 
  

  
√ 

 
  

√ 
  

  

(P
au

l &
 A

ze
em

, 
20

10
)

 
	 

F
uz

zy
 d

ue
 d

at
es

, c
os

t o
ve

r 
ti

m
e,

 a
nd

 p
ro

fi
t 

ra
te

, r
es

ul
ti

ng
 in

 jo
b 

pr
io

ri
ty

. G
ro

up
in

g 
an

d 
se

qu
en

ci
ng

 a
lg

or
it

hm
.

 

√ 
  

  
√ 

  
  

  
  

  
  

  

(W
an

g 
&

 C
h

oi
, 2

01
0)

 
~

,
∗

 
D

ec
om

po
si

tio
n-

ba
se

d 
ap

pr
oa

ch
 to

 
de

co
m

po
se

 th
e 

pr
ob

le
m

 in
to

 s
ev

er
al

 
m

ac
hi

ne
 c

lu
st

er
s.

 A
 n

ei
gh

bo
ri

ng
 K

-m
ea

ns
 

cl
us

te
ri

ng
 a

lg
or

it
hm

 is
 d

es
ig

ne
d 

to
 g

ro
up

 
m

ac
hi

ne
s 

in
 c

lu
st

er
s.

 T
he

n 
a 

ge
ne

ti
c 

al
go

ri
th

m
 o

r 
S

PT
 r

ul
e 

ge
ne

ra
te

s 
th

e 
sc

he
du

le
 f

or
 e

ac
h 

m
ac

hi
ne

 c
lu

st
er

.
 

  
  

√ 
  

  
  

√ 
  

  
  

√ 

   



E
. M

. G
on

zá
le

z-
N

ei
ra

 e
t a

l. 
/ I

nt
er

na
ti

on
al

 J
ou

rn
al

 o
f 

In
du

st
ri

al
 E

ng
in

ee
ri

ng
 C

om
pu

ta
ti

on
s 

8 
(2

01
7)

 
40

9

T
ab

le
 3

 
C

la
ss

if
ic

at
io

n 
of

 th
e 

re
vi

ew
ed

 w
or

ks
 (

C
on

tin
ue

d)
 

 
 

 
M

od
el

in
g 

of
 

u
n

ce
rt

ai
n 

p
ar

am
et

er
s

 

A
p

p
ro

ac
h

 t
ak

en
 t

o 
d

ea
l w

it
h

 
u

n
ce

rt
ai

n
ty

 
O

pt
im

iz
at

io
n 

m
et

ho
d

 

R
ef

er
en

ce
 

P
ro

b
le

m
 

S
ol

u
ti

on
 a

p
pr

oa
ch

 

Fuzzy  

Bounded  

Probability  

Fuzzy  

Robust  

Stochastic (not 
simulation)  

Simulation-optimization  

Interval theory  

Exact  

Heuristic  

Metaheuristic  

(B
ak

er
 &

 T
ri

et
sc

h
, 

20
11

)
 

2
~

 
2

~
,

 
2

~
,

 

T
hr

ee
 d

if
fe

re
nt

 h
eu

ri
st

ic
 p

ro
ce

du
re

s
 

  
  

√ 
  

  
√ 

 
  

  
√ 

  

(C
h

aa
ri

 e
t 

al
., 

20
11

)
 

~
,

 
G

en
et

ic
 a

lg
or

ith
m

 
  

  
√ 

  
√ 

  
 

  
  

  
√ 

(J
ia

o 
et

 a
l.,

 2
01

1)
 

 
M

ax
im

um
 m

em
be

rs
hi

p 
fu

nc
ti

on
 o

f 
m

ea
n 

va
lu

e 
is

 a
pp

li
ed

 to
 c

on
ve

rt
 th

e 
fu

zz
y 

op
ti

m
iz

at
io

n 
pr

ob
le

m
 in

to
 a

 g
en

er
al

 
op

ti
m

iz
at

io
n 

pr
ob

le
m

.
 T

he
 o

pt
im

iz
at

io
n 

pr
ob

le
m

 is
 s

ol
ve

d 
w

it
h 

a 
co

op
er

at
iv

e 
co

-e
vo

lu
ti

on
ar

y 
pa

rt
ic

le
 s

w
ar

m
 

op
ti

m
iz

at
io

n 
al

go
ri

th
m

.
 

√ 
  

  
√ 

  
  

  
  

  
  

√ 

(L
iu

 e
t 

al
., 

20
11

)
 

~
,

 
Im

pr
ov

ed
 g

en
et

ic
 a

lg
or

it
hm

 w
it

h 
a 

ne
w

 
ge

ne
ra

ti
on

 s
ch

em
e,

 w
hi

ch
 c

an
 p

re
se

rv
e 

go
od

 c
ha

ra
ct

er
is

ti
cs

 o
f 

pa
re

nt
s 

in
 th

e 
ne

w
 

ge
ne

ra
ti

on
s.

 R
ob

us
tn

es
s 

is
 a

ch
ie

ve
d 

by
 

m
ax

im
iz

in
g 

̅
 

  
  

√ 
  

√ 
  

  
  

  
  

√ 

(M
at

sv
ei

ch
u

k 
et

 a
l.,

 
20

11
)

 
2
	

 
D

om
in

an
ce

 d
ig

ra
ph

 
  

√ 
  

  
  

  
  

√ 
√ 

  
  

(W
an

g 
&

 C
h

oi
, 2

01
1)

 
|

,
|

 
D

ec
om

po
si

tio
n-

ba
se

d 
ap

pr
oa

ch
 to

 
de

co
m

po
se

 th
e 

pr
ob

le
m

 in
to

 s
ev

er
al

 c
lu

st
er

 
sc

he
du

li
ng

 p
ro

bl
em

s.
 A

 n
ei

gh
bo

ri
ng

 K
-

m
ea

ns
 c

lu
st

er
in

g 
al

go
ri

th
m

 is
 d

es
ig

ne
d 

to
 

gr
ou

p 
m

ac
hi

ne
s 

in
 c

lu
st

er
s.

 T
he

n 
a 

ge
ne

ti
c 

al
go

ri
th

m
 o

r 
S

PT
 r

ul
e 

ge
ne

ra
te

s 
th

e 
sc

he
du

le
 f

or
 e

ac
h 

m
ac

hi
ne

 c
lu

st
er

.
 

  
  

√ 
  

  
  

√ 
  

  
  

√ 

(A
za

de
h

 e
t 

al
., 

20
12

)
 

,
,

~
,

,
,

1
̅  

2
,

,
~

,
,

,
1

̅  
 

In
te

gr
at

ed
 c

om
pu

te
r 

si
m

ul
at

io
n 

an
d 

ar
tif

ic
ia

l n
eu

ra
l n

et
w

or
k 

al
go

ri
th

m
 

  
  

√ 
  

  
  

√ 
  

  
  

√ 

(B
ak

er
 &

 A
lt

h
ei

m
er

, 
20

12
)

 
~

 
~

,
 

~
,

 

S
im

ul
at

io
n-

op
ti

m
iz

at
io

n 
ap

pr
oa

ch
 w

ith
 

th
re

e 
co

ns
tr

uc
tiv

e 
pr

oc
ed

ur
es

 b
as

ed
 o

n 
ap

pr
oa

ch
es

 th
at

 h
av

e 
be

en
 s

uc
ce

ss
fu

l f
or

 
so

lv
in

g 
th

e 
de

te
rm

in
is

tic
 c

ou
nt

er
pa

rt
.

 

  
  

√ 
  

  
  

√ 
  

  
√ 

  

(C
h

oi
 &

 W
an

g,
 2

01
2)

 
~

,
∗

 
N

ov
el

 d
ec

om
po

si
ti

on
-b

as
ed

 a
pp

ro
ac

h 
co

m
bi

ni
ng

 b
ot

h 
S

PT
 a

nd
 a

 g
en

et
ic

 
al

go
ri

th
m

. S
im

ul
at

io
n 

fo
r 

ev
al

ua
tin

g 
re

su
lts

.
 

  
  

√ 
  

  
  

√ 
  

  
  

√ 

  



  

 

41
0

T
ab

le
 3

 
C

la
ss

if
ic

at
io

n 
of

 th
e 

re
vi

ew
ed

 w
or

ks
 (

C
on

tin
ue

d)
 

 
 

 
M

od
el

in
g 

of
 

u
n

ce
rt

ai
n 

p
ar

am
et

er
s

 

A
p

p
ro

ac
h

 t
ak

en
 t

o 
d

ea
l w

it
h

 
u

n
ce

rt
ai

n
ty

 
O

pt
im

iz
at

io
n 

m
et

ho
d

 

R
ef

er
en

ce
 

P
ro

b
le

m
 

S
ol

u
ti

on
 a

p
p

ro
ac

h
 

Fuzzy  

Bounded  

Probability  

Fuzzy  

Robust  

Stochastic (not 
simulation)  

Simulation-optimization  

Interval theory  

Exact  

Heuristic  

Metaheuristic  

(H
u

an
g 

et
 a

l.,
 2

01
2)

 
,

	
	

 
L

on
ge

st
 c

om
m

on
 s

ub
st

ri
ng

 m
et

ho
d 

co
m

bi
ne

d 
w

it
h 

th
e 

ra
nd

om
 k

ey
 m

et
ho

d.
 T

he
 a

lg
or

ith
m

 is
 

en
ha

nc
ed

 f
or

 s
ol

vi
ng

 la
rg

e-
si

ze
d 

pr
ob

le
m

s 
us

in
g 

nV
id

ia
’s

 p
ar

al
le

l c
om

pu
ti

ng
 a

rc
hi

te
ct

ur
e.

 

√ 
  

  
√ 

  
  

  
  

  
  

√ 

(K
as

pe
rs

ki
 e

t 
al

., 
20

12
)

 
2

 
M

in
-m

ax
 a

nd
 m

in
-m

ax
 r

eg
re

t c
ri

te
ri

a 
w

er
e 

se
le

ct
ed

. T
he

 u
nc

er
ta

in
ty

 o
f 

pr
oc

es
si

ng
 ti

m
es

 is
 

m
od

el
ed

 th
ro

ug
h 

sc
en

ar
io

 s
et

s.
 

 

  
√ 

  
  

√ 
  

  
  

  
  

  

(L
ie

fo
og

h
e 

et
 a

l.,
 

20
12

)
 

2
,

~
,

,
 

2
,

~
,

 
2

,
~

,
,

 

2
,

~
,

,
 

S
im

ul
at

io
n-

op
ti

m
iz

at
io

n 
w

ith
 in

di
ca

to
r-

ba
se

d 
ev

ol
ut

io
na

ry
 a

lg
or

it
hm

 to
 h

an
dl

e 
bo

th
 m

ul
ti

pl
e 

ob
je

ct
iv

es
 a

nd
 u

nc
er

ta
in

 e
nv

ir
on

m
en

t 
si

m
ul

ta
ne

ou
sl

y
 

  
  

√ 
  

√ 
  

√ 
  

  
  

√ 

(A
lm

ed
er

 &
 H

ar
tl

, 
20

13
)

 
,

~
,

0.
5

0.
25

0.
25

 
: u

til
iz

at
io

n 
of

 m
ac

hi
ne

 1
 

: u
til

iz
at

io
n 

of
 th

e 
bu

ff
er

 
 

R
ea

l a
pp

lic
at

io
n 

in
 a

 m
et

al
-w

or
ki

ng
 in

du
st

ry
.

 V
ar

ia
bl

e 
ne

ig
hb

or
ho

od
 s

ea
rc

h
 

  
  

√ 
  

  
  

√ 
  

  
  

√ 

(A
yd

il
ek

 &
 

A
ll

ah
ve

rd
i, 

20
13

)
 

2
,

 
P

ol
yn

om
ia

l t
im

e 
he

ur
is

tic
 a

lg
or

ith
m

. B
ot

h 
th

e 
Jo

hn
so

n 
al

go
ri

th
m

 a
nd

 th
e 

Y
os

hi
da

 a
nd

 H
it

om
i 

al
go

ri
th

m
, d

ev
el

op
ed

 f
or

 th
e 

de
te

rm
in

is
ti

c 
co

un
te

rp
ar

t o
f 

th
e 

pr
ob

le
m

, a
re

 s
pe

ci
al

 c
as

es
 o

f 
th

e 
pr

op
os

ed
 a

lg
or

it
hm

.
 

  
√ 

  
  

  
  

  
√ 

  
√ 

  

(A
yd

il
ek

 e
t 

al
., 

20
13

)
 

2
	

 
P

ol
yn

om
ia

l t
im

e 
al

go
ri

th
m

 th
at

 g
en

er
al

iz
es

 
Y

os
hi

da
 a

nd
 H

it
om

i’
s 

al
go

ri
th

m
 

  
  

√ 
  

  
  

 
√ 

  
√ 

  

(B
ay

at
 e

t 
al

., 
20

13
)

 
2

,
,

~
,

 
H

eu
ri

st
ic

 a
lg

or
it

hm
 

  
  

√ 
  

  
√ 

  
  

  
√ 

  

(E
ly

as
i &

 S
al

m
as

i, 
20

13
a)

 
,

~
,

 
D

yn
am

ic
 m

et
ho

d 
th

at
 d

ec
om

po
se

s 
th

e 
pr

ob
le

m
 

in
to

 m
 s

ub
pr

ob
le

m
s,

 o
ne

 f
or

 e
ac

h 
m

ac
hi

ne
. E

ac
h 

si
ng

le
 m

ac
hi

ne
 s

ub
-p

ro
bl

em
 is

 s
ol

ve
d 

th
ro

ug
h 

a 
m

at
he

m
at

ic
al

 p
ro

gr
am

m
in

g 
m

od
el

.
 

  
  

√ 
  

  
√ 

 
  

√ 
  

  

(E
ly

as
i &

 S
al

m
as

i, 
20

13
b

)
 

2
~

,
,

 

2
~

,
,

 

C
ha

nc
e-

co
ns

tr
ai

ne
d 

pr
og

ra
m

m
in

g
 

  
  

√ 
  

  
√ 

  
  

√ 
  

  

(G
ör

en
 &

 P
ie

rr
ev

al
, 

20
13

)
 

|
,

|
,

 
N

ew
 tw

o-
st

ep
 f

ra
m

ew
or

k.
 T

he
 f

ir
st

 p
ha

se
 

ge
ne

ra
te

s 
di

ff
er

en
t s

ch
ed

ul
es

 u
si

ng
 a

 m
ul

ti
m

od
al

 
op

ti
m

iz
at

io
n 

ap
pr

oa
ch

. I
n 

th
e 

se
co

nd
 p

ha
se

, t
he

 
de

ci
si

on
-m

ak
er

 c
an

 s
el

ec
t t

he
 a

lt
er

na
tiv

es
 

ac
co

rd
in

g 
to

 o
th

er
 c

ri
te

ri
a 

no
t c

on
si

de
re

d 
in

 th
e 

fi
rs

t p
ha

se
.

 G
en

et
ic

 a
lg

or
ith

m
 f

or
 m

ul
ti

m
od

al
 o

pt
im

iz
at

io
n 

to
 m

in
im

iz
e 

C
m

ax
. I

n 
th

e 
se

co
nd

 p
ha

se
, t

he
 id

ea
 

is
 to

 s
el

ec
t a

 r
ob

us
t s

ch
ed

ul
e 

un
de

r 
m

ac
hi

ne
 

br
ea

kd
ow

ns
.

 

  
  

√ 
  

√ 
  

√ 
  

  
  

√ 

 



E
. M

. G
on

zá
le

z-
N

ei
ra

 e
t a

l. 
/ I

nt
er

na
ti

on
al

 J
ou

rn
al

 o
f 

In
du

st
ri

al
 E

ng
in

ee
ri

ng
 C

om
pu

ta
ti

on
s 

8 
(2

01
7)

 
41

1

T
ab

le
 3

 
C

la
ss

if
ic

at
io

n 
of

 th
e 

re
vi

ew
ed

 w
or

ks
 (

C
on

tin
ue

d)
 

 
 

 
M

od
el

in
g 

of
 

u
n

ce
rt

ai
n 

p
ar

am
et

er
s

 

A
p

p
ro

ac
h

 t
ak

en
 t

o 
d

ea
l w

it
h

 
u

n
ce

rt
ai

n
ty

 
O

pt
im

iz
at

io
n 

m
et

ho
d

 

R
ef

er
en

ce
 

P
ro

b
le

m
 

S
ol

u
ti

on
 a

p
pr

oa
ch

 

Fuzzy  

Bounded  

Probability  

Fuzzy  

Robust  

Stochastic (not 
simulation)  

Simulation-optimization  

Interval theory  

Exact  

Heuristic  

Metaheuristic  

(H
ey

d
ar

i e
t 

al
., 

20
13

)
 

2
~

,
 

M
at

he
m

at
ic

al
 m

et
ho

d 
th

at
 u

se
s 

th
e 

pr
op

er
ti

es
 o

f 
th

e 
no

rm
al

 d
is

tr
ib

ut
io

n.
 

  
  

√ 
  

  
√ 

 
  

√ 
  

  

(K
at

ra
gj

in
i e

t 
al

., 
20

13
)

 
,

,
~

,
,

,
,

,
 

 

P
re

di
ct

iv
e-

re
ac

ti
ve

 a
pp

ro
ac

h 
co

ns
is

tin
g 

of
 

tw
o 

st
ep

s:
 g

en
er

at
io

n 
an

d 
co

nt
ro

l. 
T

he
 f

ir
st

 
st

ep
 s

ol
ve

s 
th

e 
de

te
rm

in
is

ti
c 

pr
ob

le
m

 w
ith

 
an

 it
er

at
iv

e 
gr

ee
dy

 a
lg

or
it

hm
. T

he
 s

ec
on

d 
ph

as
e 

is
 r

ea
ct

iv
e:

 it
 u

pd
at

es
 th

e 
pr

io
r 

sc
he

du
le

 in
 r

es
po

ns
e 

to
 u

ne
xp

ec
te

d 
di

sr
up

ti
on

s.
 

  
  

√ 
  

  
  

√ 
  

  
  

√ 

(N
ak

h
ae

in
ej

ad
 &

 
N

ah
av

an
di

, 2
01

3)
 

,
,

	
	

 
In

te
gr

at
io

n 
be

tw
ee

n 
te

ch
ni

qu
e 

fo
r 

or
de

r 
pr

ef
er

en
ce

 b
y 

si
m

il
ar

it
y 

to
 a

n 
id

ea
l s

ol
ut

io
n 

an
d 

in
te

ra
ct

iv
e 

re
so

lu
ti

on
 m

et
ho

d 
to

 o
bt

ai
n 

no
n-

do
m

in
at

ed
 s

ol
ut

io
ns

 

√ 
  

  
√ 

  
  

  
  

  
  

  

(R
am

ez
an

ia
n

 &
 

Sa
id

i-
M

eh
ra

b
ad

, 
20

13
)

 

,
,

~
,

 
C

ha
nc

e-
co

ns
tr

ai
ne

d 
pr

og
ra

m
m

in
g 

fo
r 

tr
an

sf
or

m
in

g 
th

e 
st

oc
ha

st
ic

 p
ro

bl
em

 in
to

 a
 

de
te

rm
in

is
tic

 o
ne

.
 H

yb
ri

d 
si

m
ul

at
ed

 a
nn

ea
li

ng
 a

nd
 M

ix
ed

 
In

te
ge

r 
Pr

og
ra

m
m

in
g-

ba
se

d 
he

ur
is

ti
cs

. 
T

ot
al

 c
os

t o
f 

pr
od

uc
ti

on
 s

ys
te

m
 in

cl
ud

es
 

co
st

s 
of

 p
ro

du
ct

io
n,

 h
ol

di
ng

, b
ac

ko
rd

er
, 

an
d 

se
tu

p-
ti

m
e 

co
st

s.
 

  
  

√ 
  

  
√ 

  
  

  
  

√ 

(K
ai

 W
an

g 
et

 a
l.,

 
20

13
)

 
,

,
~

,
∗

 

C
lu

st
er

-b
as

ed
 s

ch
ed

ul
in

g 
m

od
el

 th
at

 
co

m
bi

ne
s 

th
e 

fe
at

ur
es

 o
f 

th
e 

S
P

T
 r

ul
e 

an
d 

si
m

ul
at

ed
 a

nn
ea

li
ng

.
 

  
  

√ 
  

  
  

√ 
  

  
  

√ 

(B
eh

n
am

ia
n

 &
 

F
at

em
i G

h
om

i, 
20

14
)

 
,

,
 

B
i-

le
ve

l a
lg

or
it

hm
. T

he
 a

ut
ho

rs
 o

bt
ai

n 
th

e 
P

ar
et

o 
fr

on
t. 

Fi
rs

t l
ev

el
: t

he
 p

op
ul

at
io

n 
is

 
de

co
m

po
se

d 
in

to
 p

ar
al

le
l s

ub
-p

op
ul

at
io

ns
 

an
d 

so
lv

ed
 w

it
h 

a 
ra

nd
om

 k
ey

 g
en

et
ic

 
al

go
ri

th
m

. I
n 

th
e 

se
co

nd
 le

ve
l, 

no
n-

do
m

in
an

t s
ol

ut
io

ns
 o

bt
ai

ne
d 

in
 th

e 
fi

rs
t 

le
ve

l a
re

 u
ni

fi
ed

. T
he

n,
 p

ar
tic

le
 s

w
ar

m
 

op
ti

m
iz

at
io

n 
is

 u
se

d 
to

 im
pr

ov
e 

th
e 

Pa
re

to
 

fr
on

t. 
 

√ 
  

  
√ 

  
  

  
  

  
  

√ 

      



  

 

41
2

T
ab

le
 3

 
C

la
ss

if
ic

at
io

n 
of

 th
e 

re
vi

ew
ed

 w
or

ks
 (

C
on

tin
ue

d)
 

 
 

 
M

od
el

in
g 

of
 

u
n

ce
rt

ai
n 

p
ar

am
et

er
s

 

A
p

p
ro

ac
h

 t
ak

en
 t

o 
d

ea
l w

it
h

 
u

n
ce

rt
ai

n
ty

 
O

pt
im

iz
at

io
n 

m
et

ho
d

 

R
ef

er
en

ce
 

P
ro

b
le

m
 

S
ol

u
ti

on
 a

p
pr

oa
ch

 

Fuzzy  

Bounded  

Probability  

Fuzzy  

Robust  

Stochastic (not 
simulation)  

Simulation-optimization  

Interval theory  

Exact  

Heuristic  

Metaheuristic  

(C
ha

ng
 &

 H
u

an
g,

 
20

14
)

 
|

,
ex
p

,e
xp

|
,
,
,

,
 

E
nh

an
ce

d 
si

m
pl

if
ie

d 
dr

um
-b

uf
fe

r-
ro

pe
 

m
od

el
 to

 c
om

pa
re

 th
re

e 
ap

pr
oa

ch
es

: d
ue

-
da

te
 a

ss
ig

nm
en

t, 
di

sp
at

ch
in

g 
ru

le
, a

nd
 

re
le

as
e 

ru
le

.
 

  
  

√ 
  

  
√ 

 
  

  
√ 

  

(C
u

i &
 G

u,
 2

01
4)

 
,

,
,

 
D

is
cr

et
e 

gr
ou

p 
se

ar
ch

 o
pt

im
iz

er
 a

lg
or

ith
m

. 
T

he
 p

ap
er

 c
on

si
de

rs
 tw

o 
ca

se
s 

af
te

r 
a 

m
ac

hi
ne

 b
re

ak
do

w
n 

oc
cu

rs
: t

he
 jo

b 
co

nt
in

ue
s 

an
d 

th
e 

jo
b 

m
us

t b
e 

re
pe

at
ed

.
 S

im
ul

at
io

n 
fo

r 
co

m
pa

ri
so

ns
 

  
  

√ 
  

  
√ 

 
  

  
  

√ 

(E
br

ah
im

i e
t 

al
., 

20
14

)
 

,
~

,
,

 
T

w
o 

m
et

ah
eu

ri
st

ic
 a

lg
or

it
hm

s 
ba

se
d 

on
 th

e 
ge

ne
ti

c 
al

go
ri

th
m

: n
on

-d
om

in
at

ed
 s

or
ti

ng
 

ge
ne

ti
c 

al
go

ri
th

m
 a

nd
 m

ul
ti

 o
bj

ec
tiv

e 
ge

ne
ti

c 
al

go
ri

th
m

 

  
  

√ 
  

  
√ 

  
  

  
  

√ 

(J
ia

o 
&

 Y
an

, 2
01

4)
 

 
C

oo
pe

ra
ti

ve
 c

o-
ev

ol
ut

io
na

ry
 p

ar
ti

cl
e 

sw
ar

m
 o

pt
im

iz
at

io
n 

al
go

ri
th

m
 b

as
ed

 o
n 

a 
ni

ch
e-

sh
ar

in
g 

sc
he

m
e

 

√ 
  

  
√ 

  
  

  
  

  
  

√ 

(J
u

an
 e

t 
al

., 
20

14
)

 
,

~
,

∗
 

S
im

he
ur

is
ti

c 
(s

im
ul

at
io

n-
op

ti
m

iz
at

io
n)

 
w

it
h 

an
 it

er
at

ed
 g

re
ed

y 
al

go
ri

th
m

. 
 is

 a
 

co
ns

ta
nt

 v
ar

yi
ng

 f
ro

m
 0

.1
 to

 2
.

 

  
  

√ 
  

  
  

√ 
  

  
  

√ 

(R
ah

m
an

i &
 

H
ey

da
ri

, 2
01

4)
 

,
~

,
 

P
ro

ac
tiv

e–
re

ac
ti

ve
 a

pp
ro

ac
h.

 T
he

 p
ro

ac
tiv

e 
ph

as
e 

us
es

 r
ob

us
t o

pt
im

iz
at

io
n.

 T
he

 
re

ac
tiv

e 
on

e 
de

al
s 

w
ith

 th
e 

dy
na

m
ic

 
ar

ri
va

ls
 a

nd
 m

in
im

iz
es

 th
e 

de
te

rm
in

is
ti

c 
m

ak
es

pa
n 

gi
ve

n 
th

e 
or

ig
in

al
 r

ob
us

t 
sc

he
du

le
 o

f 
th

e 
fi

rs
t p

ha
se

.
 

  
  

√ 
  

√ 
  

 
  

  
  

  

(R
ah

m
an

i e
t 

al
., 

20
14

)
 

2
~

,
∗

 
C

ha
nc

e-
co

ns
tr

ai
ne

d 
pr

og
ra

m
m

in
g,

 f
uz

zy
 

go
al

 p
ro

gr
am

m
in

g,
 a

nd
 g

en
et

ic
 a

lg
or

it
hm

 
√ 

  
√ 

√ 
  

√ 
  

  
  

  
√ 

(W
an

g 
&

 C
h

oi
, 2

01
4)

 
~

,
∗

 
D

ec
om

po
si

tio
n-

ba
se

d 
ho

lo
ni

c 
ap

pr
oa

ch
 

w
it

h 
a 

ge
ne

ti
c 

al
go

ri
th

m
 

  
  

√ 
  

  
√ 

 
  

  
  

√ 

(W
an

g 
et

 a
l.,

 2
01

4)
 

~
,

∗
 

T
w

o-
ph

as
e 

si
m

ul
at

io
n-

ba
se

d 
es

ti
m

at
io

n 
of

 
di

st
ri

bu
ti

on
 a

lg
or

it
hm

 
  

  
√ 

  
  

  
√ 

  
  

  
√ 

(A
yd

il
ek

 e
t 

al
., 

20
15

)
 

2
	

,
 

D
om

in
an

ce
 r

el
at

io
n,

 p
ol

yn
om

ia
l t

im
e 

al
go

ri
th

m
 

  
√ 

  
  

  
√ 

 
  

√ 
  

  

      



E
. M

. G
on

zá
le

z-
N

ei
ra

 e
t a

l. 
/ I

nt
er

na
ti

on
al

 J
ou

rn
al

 o
f 

In
du

st
ri

al
 E

ng
in

ee
ri

ng
 C

om
pu

ta
ti

on
s 

8 
(2

01
7)

 
41

3

T
ab

le
 3

 
C

la
ss

if
ic

at
io

n 
of

 th
e 

re
vi

ew
ed

 w
or

ks
 (

C
on

tin
ue

d)
 

 
 

 
M

od
el

in
g 

of
 

u
n

ce
rt

ai
n 

p
ar

am
et

er
s

 

A
p

p
ro

ac
h

 t
ak

en
 t

o 
d

ea
l w

it
h

 
u

n
ce

rt
ai

n
ty

 
O

pt
im

iz
at

io
n 

m
et

ho
d

 

R
ef

er
en

ce
 

P
ro

b
le

m
 

S
ol

u
ti

on
 a

p
pr

oa
ch

 

Fuzzy  

Bounded  

Probability  

Fuzzy  

Robust  

Stochastic (not 
simulation)  

Simulation-optimization  

Interval theory  

Exact  

Heuristic  

Metaheuristic  

(Ć
w

ik
 &

 J
óz

ef
cz

yk
, 

20
15

)
 

,
 

M
in

m
ax

 r
eg

re
t w

it
h 

an
 e

vo
lu

ti
on

ar
y 

he
ur

is
ti

c
 

  
√ 

  
  

  
  

 
√ 

  
  

√ 

(F
ra

m
in

an
 &

 P
er

ez
-

G
on

za
le

z,
 2

01
5)

 
~

,
∗

 
: c

oe
ff

ic
ie

nt
 o

f 
va

ri
at

io
n,

 n
ew

 N
E

H
-

ba
se

d 
he

ur
is

ti
cs

 
 

  
  

√ 
  

  
  

√ 
  

  
√ 

  

(L
in

 &
 C

h
en

, 2
01

5)
 

,
,

,
~

	
,

 
R

ea
l a

pp
lic

at
io

n 
in

 a
 s

em
ic

on
du

ct
or

 b
ac

k-
en

d 
as

se
m

bl
y 

fa
ci

li
ty

.
 S

im
ul

at
io

n-
op

ti
m

iz
at

io
n 

ap
pr

oa
ch

 (
ge

ne
ti

c 
al

go
ri

th
m

 a
nd

 o
pt

im
al

 c
om

pu
ti

ng
 b

ud
ge

t 
al

lo
ca

ti
on

).
 T

he
 p

ro
ba

bi
li

ty
 d

is
tr

ib
ut

io
ns

 o
f 

pr
oc

es
si

ng
 

ti
m

es
 a

re
 n

ot
 s

pe
ci

fi
ed

 

  
  

√ 
  

  
  

√ 
  

  
  

√ 

(M
ou

 e
t 

al
., 

20
15

)
 

,
∆

	∆
 

: H
am

m
in

g 
di

st
an

ce
, ∆

: a
dj

us
tm

en
t o

f 
to

ta
l c

om
pl

et
io

n 
ti

m
es

, ∆
: a

dj
us

tm
en

t o
f 

pr
oc

es
si

ng
 ti

m
es

.
 

 

In
ve

rs
e 

sc
he

du
li

ng
, m

ul
ti

-o
bj

ec
ti

ve
 

ev
ol

ut
io

na
ry

 a
lg

or
it

hm
 

  
  

  
  

  
  

 
  

  
  

√ 

(N
ag

as
aw

a 
et

 a
l.,

 
20

15
)

 
,

	
1

 
R

ob
us

t p
ro

du
ct

io
n 

sc
he

du
li

ng
 m

od
el

 th
at

 
co

ns
id

er
s 

ra
nd

om
 p

ro
ce

ss
in

g 
ti

m
es

 a
nd

 th
e 

pe
ak

 p
ow

er
 c

on
su

m
pt

io
n.

 

  
√ 

  
  

  
  

√ 
  

  
  

  

(N
or

oo
zi

 &
 

M
ok

ht
ar

i, 
20

15
)

 
,

~
,

 
P

ra
ct

ic
al

 a
pp

lic
at

io
n 

of
 p

ri
nt

ed
 c

ir
cu

it 
bo

ar
ds

 a
ss

em
bl

y 
li

ne
 S

im
ul

at
io

n-
op

ti
m

iz
at

io
n 

(M
on

te
 C

ar
lo

 +
 

ge
ne

ti
c 

al
go

ri
th

m
) 

 

  
  

√ 
  

  
  

√ 
  

  
  

√ 

(Q
in

 e
t 

al
., 

20
15

)
 

,
,

,
~

,
 

R
es

ch
ed

ul
in

g,
 a

nt
 c

ol
on

y 
op

ti
m

iz
at

io
n

 
  

  
√ 

  
  

√ 
  

  
  

  
√ 

(W
an

g 
et

 a
l.,

 2
01

5)
 

~
,

 
O

rd
er

-b
as

ed
 e

st
im

at
io

n 
of

 d
is

tr
ib

ut
io

n 
al

go
ri

th
m

. R
ob

us
tn

es
s 

w
it

h 
1

  
  

√ 
  

√ 
  

√ 
  

  
  

√ 

(Y
in

g,
 2

01
5)

 
2

 
S

im
ul

at
ed

 a
nn

ea
lin

g 
an

d 
it

er
at

ed
 g

re
ed

y 
al

go
ri

th
m

s 
se

pa
ra

te
ly

. T
he

 I
te

ra
te

d 
gr

ee
dy

 
ap

pr
oa

ch
 is

 m
or

e 
ef

fe
ct

iv
e 

in
 s

m
al

l 
in

st
an

ce
s 

w
hi

le
 s

im
ul

at
ed

 a
nn

ea
lin

g 
is

 
m

or
e 

ef
fe

ct
iv

e 
in

 la
rg

e 
in

st
an

ce
s.

 

  
√ 

  
  

√ 
  

  
  

  
  

√ 

(Z
an

di
eh

 &
 

H
as

h
em

i, 
20

15
)

 
|

,
|

̅  
S

im
ul

at
io

n-
op

ti
m

iz
at

io
n 

ap
pr

oa
ch

 w
ith

 
ge

ne
ti

c 
al

go
ri

th
m

 
  

  
√ 

  
  

  
√ 

  
  

  
√ 

(A
d

re
ss

i e
t 

al
., 

20
16

)
 

|
,

,
,

,
|

 
G

en
et

ic
 a

lg
or

ith
m

 a
nd

 s
im

ul
at

ed
 a

nn
ea

li
ng

 
se

pa
ra

te
ly

 
  

  
√ 

  
  

√ 
  

  
  

  
√ 

(F
az

ay
el

i  
et

 a
l.,

 
20

16
)

 
|

,
|

 
-r

ob
us

tn
es

s 
cr

ite
ri

on
. T

he
 o

bj
ec

tiv
e 

is
 

 
Si

m
ul

at
io

n-
op

ti
m

iz
at

io
n 

ap
pr

oa
ch

 w
it

h 
a 

hy
br

id
iz

at
io

n 
of

 g
en

et
ic

 a
lg

or
it

hm
 a

nd
 

si
m

ul
at

ed
 a

nn
ea

li
ng

 

  
  

√ 
  

√ 
  

√ 
  

  
  

√ 

  



  

 

41
4

T
ab

le
 3

 
C

la
ss

if
ic

at
io

n 
of

 th
e 

re
vi

ew
ed

 w
or

ks
 (

C
on

tin
ue

d)
 

 
 

 
M

od
el

in
g 

of
 

u
n

ce
rt

ai
n 

p
ar

am
et

er
s

 

A
p

p
ro

ac
h

 t
ak

en
 t

o 
d

ea
l w

it
h

 
u

n
ce

rt
ai

n
ty

 
O

pt
im

iz
at

io
n 

m
et

ho
d

 

R
ef

er
en

ce
 

P
ro

b
le

m
 

S
ol

u
ti

on
 a

p
pr

oa
ch

 

Fuzzy  

Bounded  

Probability  

Fuzzy  

Robust  

Stochastic (not 
simulation)  

Simulation-optimization  

Interval theory  

Exact  

Heuristic  

Metaheuristic  

(F
en

g 
et

 a
l.,

 2
01

6)
 

2
	

 
R

ob
us

t m
in

-m
ax

 r
eg

re
t s

ch
ed

ul
in

g 
m

od
el

. 
F

ir
st

ly
 th

e 
au

th
or

s 
de

ri
ve

 s
om

e 
pr

op
er

ti
es

 
of

 th
e 

w
or

st
-c

as
e 

sc
en

ar
io

 f
or

 a
 g

iv
en

 
sc

he
du

le
. T

he
n,

 b
ot

h 
ex

ac
t a

nd
 h

eu
ri

st
ic

 
al

go
ri

th
m

s 
ar

e 
pr

op
os

ed
.

 

  
√ 

  
  

√ 
  

  
  

√ 
√ 

  

(G
en

g 
et

 a
l.,

 2
01

6)
 

 
B

y 
us

in
g 

th
e 

m
et

ho
d 

of
 m

ax
im

iz
in

g 
th

e 
m

em
be

rs
hi

p 
fu

nc
ti

on
 o

f 
th

e 
m

id
dl

e 
va

lu
e,

 a
 

fu
zz

y 
sc

he
du

li
ng

 m
od

el
 is

 tr
an

sf
or

m
ed

 in
to

 
a 

de
te

rm
in

is
ti

c 
on

e.
 T

he
n,

 a
 s

ca
tte

r 
se

ar
ch

 
ba

se
d 

pa
rt

ic
le

 s
w

ar
m

 o
pt

im
iz

at
io

n 
al

go
ri

th
m

 is
 p

ro
po

se
d.

 

√ 
  

  
√ 

  
  

 
  

  
  

√ 

(G
ho

la
m

i-
Z

an
ja

ni
 e

t 
al

., 
20

16
)

 
	

,
 

,
 

F
ir

st
, a

 d
et

er
m

in
is

tic
 m

ix
ed

-i
nt

eg
er

 li
ne

ar
 

pr
og

ra
m

m
in

g 
m

od
el

 is
 p

re
se

nt
ed

 f
or

 th
e 

de
te

rm
in

is
tic

 p
ro

bl
em

. T
he

n,
 th

e 
ro

bu
st

 
co

un
te

rp
ar

t o
f 

th
e 

pr
op

os
ed

 m
od

el
 is

 
so

lv
ed

. F
in

al
ly

, t
he

 f
uz

zy
 f

lo
w

 s
ho

p 
m

od
el

 
is

 a
na

ly
ze

d.
 T

he
 a

ut
ho

rs
 c

om
pa

re
 th

re
e 

ap
pr

oa
ch

es
.

 

√ 
  

  
√ 

  
  

  
  

  
  

  

(G
on

zá
le

z-
N

ei
ra

 e
t 

al
., 

20
16

)
 

~
,

,
 

S
im

ul
at

io
n-

op
ti

m
iz

at
io

n 
w

it
h 

G
R

A
S

P 
m

et
ah

eu
ri

st
ic

 f
or

 th
e 

qu
an

ti
ta

ti
ve

 p
ha

se
 a

nd
 

th
e 

in
te

gr
al

 a
na

ly
si

s 
m

et
ho

d 
fo

r 
qu

al
ita

ti
ve

 
an

d 
in

te
gr

al
 a

na
ly

si
s.

 

  
  

√ 
  

√ 
  

√ 
  

  
  

√ 

(H
an

 e
t 

al
., 

20
16

)
 

,
,

 
E

vo
lu

ti
on

ar
y 

m
ul

ti
-o

bj
ec

ti
ve

 a
lg

or
it

hm
. 

F
ir

st
ly

, t
he

 m
et

ho
d 

ca
lc

ul
at

es
 th

e 
ob

je
ct

iv
e 

in
te

rv
al

 b
as

ed
 o

n 
in

te
rv

al
 p

ro
ce

ss
in

g 
ti

m
es

. 
T

he
n 

it 
co

nv
er

ts
 th

e 
ob

je
ct

iv
e 

in
te

rv
al

 in
to

 
a 

de
te

rm
in

is
ti

c 
va

lu
e 

w
it

h 
dy

na
m

ic
al

 
w

ei
gh

ts
.

 

  
√ 

  
  

  
  

 
√ 

  
  

√ 

(S
ha

hn
ag

hi
 e

t 
al

., 
20

16
)

 
,

,
 

P
ar

ti
cl

e 
sw

ar
m

 o
pt

im
iz

at
io

n 
w

it
h 

B
er

ts
im

as
 a

nd
 B

en
-T

al
 r

ob
us

t m
od

el
s

 
  

√ 
  

  
√ 

  
√ 

  
  

  
√ 

(K
ai

 W
an

g,
 H

ua
ng

, 
&

 Q
in

, 2
01

6)
 

	
|

,
,

|
 

F
uz

zy
 lo

gi
c-

ba
se

d 
hy

br
id

 e
st

im
at

io
n 

of
 

di
st

ri
bu

ti
on

 a
lg

or
it

hm
 

  
  

√ 
  

  
  

√ 
  

  
  

√ 

   



E. M. González-Neira et al. / International Journal of Industrial Engineering Computations 8 (2017) 415

3.1. Uncertain parameters and methods to describe them 
 
According to Li and Ierapetritou (2008), in scheduling under uncertainties, several methods have been 
used to describe the uncertain parameters: bounded form, probability description, and fuzzy description. 
The bounded or interval form is when there is insufficient information to describe the data with a 
probability function but information about the lower and upper bounds in which the parameter can vary 
exists. In the probabilistic approach, the uncertainties are modeled with a probability distribution 
function. This method is used when there is enough information (historical data) to estimate these 
probabilities. Finally, fuzzy sets are also useful when there is no available historical data to determine 
the probability distribution. Fig. 2 presents the distribution of reviewed papers according to the ways in 
which uncertain parameters are modeled. A probability distribution is the most frequently used approach 
to model uncertainties. It is very practical in situations where organizations have sufficient information 
to estimate the distribution functions of the parameter. 

 

 

Fig. 2. Distribution of methods for modeling uncertain parameters 

 

Fig. 3 presents the distribution of the parameters under uncertainty. It can be seen that 79% of the 
analyzed papers deal with only one stochastic parameter, 19% deal with two parameters, and only 2% 
deal with three parameters. The processing times are the most frequently studied parameter subject to 
uncertainty, representing 74% of shortlisted works, while the second most frequently used parameter is 
the breakdowns. Nevertheless, the consideration of breakdowns is still far from the use of processing 
times.  
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Fig. 3. Distribution of parameters under uncertainty 

3.2 Approach to deal with uncertainty  

Many approaches exist to deal with uncertain data: sensitivity analysis, fuzzy logic, stochastic 
optimization, and robust optimization (Behnamian, 2016; Elyasi & Salmasi, 2013a; Li & Ierapetritou, 
2008). Sensitivity analysis is used to determine how a given model result can change with changes in the 
input parameters. This method has not been used much in scheduling due to the complex nature of this 
problem, which makes it impractical. The fuzzy programming method consists in the uncertain 
parameters being modeled as fuzzy numbers and constraints being modeled as fuzzy sets. In stochastic 
scheduling, discrete or continuous probability distributions are used to model random parameters. This 
approach is divided into three categories: two-stage or multi-stage stochastic programming, chance 
constraint programing, and simulation-optimization. Finally, robust optimization focuses on obtaining 
preventive schedules that minimize the effects of disruptions so the initial schedule does not change 
drastically after the disruption. Another approach to deal with uncertainty is the use of interval number 
theory, which is directly related with the representation of uncertain parameters through a bounded form. 
Interval number theory, or interval arithmetic, was pioneered by (Moore & Bierbaum, 1979). This 
method was originally used for bounding and rounding errors in computer programs. Since then, it has 
been generalized in order to extended its applications for dealing with numerical uncertainty in other 
fields (Lei, 2012).  

Fig. 4 shows the approaches used in the reviewed literature. The stochastic approach has been employed 
the most, representing 60% of papers. It is important to note that among the papers using the stochastic 
approach, half used the simulation-optimization method, which has shown very good results in 
comparison with other methods. We highlight that few papers (9%) used a combination of two 
approaches. 
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Fig. 4. Distribution of solution approach to deal with uncertainty 

 

3.3.Optimization methods 

Looking closer at the optimization approach to deal with these complex problems, 25% of reviewed 
papers employed exact approaches such as dominance analysis, Markov chains, mixed-integer linear 
programming, fuzzy linear programming models, and chance-constraint programming. Heuristic 
algorithms, including dispatching rules and more sophisticated heuristics, were applied in 17% of the 
works. Finally, 53% of articles used metaheuristics, with genetic algorithms, which were used in 24% of 
the total reviewed papers, standing out. Fig. 5 shows the distribution of metaheuristics among the 53 
papers that implemented them as part of the solution approach.  

 

Fig. 5. Distribution of metaheuristics 
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3.4 Objective functions (decision criteria) 
 

Most (81%) of the reviewed works deal with a single objective, 8% considers two objectives, and the 
others deal with three objective functions. Makespan, as in many other scheduling problems, is the most 
frequently evaluated metric, being considered by 64% of single-objective and 73% of multi-objective 
papers  (see Table 4). It is important to note that the work of (González-Neira et al., 2016) is the only one 
in the reviewed literature that addressed qualitative decision criteria. These authors included the 
importance of customers independently of the weight of jobs to represent the cost, in monetary terms, of 
tardy deliveries. 

Table 4 
Distribution of revised literature according objective function 
Decision criteria Single objective With other objectives Total 

 64% 9% 73% 

 0% 1% 1% 

 1% 0% 1% 

 1% 0% 1% 
̅ 5% 2% 7% 
̅  0% 1% 1% 

 1% 3% 4% 

 1% 0% 1% 

 1% 5% 6% 

 1% 2% 3% 

 0% 2% 2% 

 0% 2% 2% 

 3% 1% 4% 

 1% 0% 1% 

 1% 1% 2% 
Cost of inventory 1% 0% 1% 
Utilization of machines 0% 1% 1% 
Cost of production system 0% 1% 1% 

Total 81%   

 

4. Conclusions and research opportunities 

We have surveyed 100 papers on FS and FFS scheduling under uncertainties published between 2001 
and 2016. The amount of scientific work in this field has increased over the years. It is clear that with the 
growth of technology providing faster execution times, more complex problems can be solved. The vast 
majority of the reviewed works use probability distributions to model uncertainties, with the processing 
times followed by machine breakdowns being the most frequently analyzed uncertain parameters. This 
outcome of the current review represents an opportunity for researchers to deal with other parameters 
that in the real world are subject to uncertainties such as setup times, release dates, job weights, and so 
on. In fact, few studies take into account more than one uncertain parameter simultaneously, which is 
another opportunity for future work. 

Regarding the objective function, most of the surveyed papers addressed the makespan as a single 
objective. Moreover, there is limited research in this field with multiple objectives. Therefore, future 
research might focus on other criteria such as flow time, lateness, completion time, tardiness, and their 
weighted counterparts, as well as the study of at least two objectives with different existing multi-
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objective methodologies. In addition, new research can be done to include qualitative decision criteria, 
since only one paper published during the period under study considered this type of objective. 

With regard to the approaches to deal with uncertainties, stochastic methods, including simulation-
optimization, have been employed most often. Robust methods have not been used as much as stochastic 
approaches and they present the problem that a possibility exists that an uncertainty with low probability 
may lead to elimination of good solutions. So, hybridization of stochastic approaches such as simulation-
optimization with robust methods can overcome the conservativeness of robust approaches. 

Finally, in reference to the optimization methods, metaheuristics present an increasing trend and cover 
more than 50% of reviewed research. Hybridization of metaheuristics combined with any of the four 
methods to deal with uncertainties and multi-criteria approaches is another line for future research. 

 
References 

Adler, L., Fraiman, N., Kobacker, E., Pinedo, M., Plotnicoff, J. C., & Wu, T. P. (1993). BPSS: A 
Scheduling Support System for the Packaging Industry. Operations Research, 41(4), 641–648. 
https://doi.org/10.1287/ opre.41.4.641 

Adressi,  a., Tasouji Hassanpour, S., & Azizi, V. (2016). Solving group scheduling problem in no-wait 
flexible flowshop with random machine breakdown. Decision Science Letters, 5(JANUARY), 157–
168. https://doi.org/10.5267/j.dsl.2015.7.001 

Alcaide, D., Rodriguez-Gonzalez, A., & Sicilia, J. (2002). An approach to solve the minimum expected 
makespan flow-shop problem subject to breakdowns. European Journal of Operational Research, 
140(2), 384–398. https://doi.org/10.1016/S0377-2217(02)00077-2 

Alfieri, A. (2007). Due date quoting and scheduling interaction in production lines. International Journal 
of Computer Integrated Manufacturing, 20(6), 579–587. 
https://doi.org/10.1080/09511920601079363 

Allahverdi, A. (2004). Stochastically minimizing makespan on a three-machine flowshop. International 
Journal of Industrial Engineering : Theory Applications and Practice, 11(2), 124–131. Retrieved 
from http://www.scopus.com/inward/record.url?eid=2-s2.0-3943102113&partnerID=tZOtx3y1 

Allahverdi, A. (2006). Two-machine flowshop scheduling problem to minimize total completion time 
with bounded setup and processing times. International Journal of Production Economics, 103(1), 
386–400. https://doi.org/10.1016/j.ijpe.2005.10.002 

Allahverdi, A., Aldowaisan, T., & Sotskov, Y. N. (2003). Two-machine flowshop scheduling problem 
to minimize makespan or total completion time with random and bounded setup times. International 
Journal of Mathematics and Mathematical Sciences, 2003(39), 2475–2486. 
https://doi.org/10.1155/S016117120321019X 

Allahverdi, A., & Aydilek, H. (2010a). Heuristics for the two-machine flowshop scheduling problem to 
minimise makespan with bounded processing times. International Journal of Production Research, 
48(21), 6367–6385. https://doi.org/10.1080/00207540903321657 

Allahverdi, A., & Aydilek, H. (2010b). Heuristics for the two-machine flowshop scheduling problem to 
minimize maximum lateness with bounded processing times. Computers & Mathematics with 
Applications, 60(5), 1374–1384. https://doi.org/10.1016/j.camwa.2010.06.019 

Allahverdi, A., & Savsar, M. (2001). Stochastic proportionate flowshop scheduling with setups. 
Computers & Industrial Engineering, 39(3–4), 357–369. https://doi.org/10.1016/S0360-
8352(01)00011-0 

Almeder, C., & Hartl, R. F. (2013). A metaheuristic optimization approach for a real-world stochastic 
flexible flow shop problem with limited buffer. International Journal of Production Economics, 
145(1), 88–95. https://doi.org/10.1016/j.ijpe.2012.09.014 

Averbakh, I. (2006). The minmax regret permutation flow-shop problem with two jobs. European 
Journal of Operational Research, 169(3), 761–766. https://doi.org/10.1016/j.ejor.2004.07.073 

Aydilek, A., Aydilek, H., & Allahverdi, A. (2013). Increasing the profitability and competitiveness in a 



  

 

420

production environment with random and bounded setup times. International Journal of Production 
Research, 51(1), 106–117. https://doi.org/10.1080/00207543.2011.652263 

Aydilek, A., Aydilek, H., & Allahverdi, A. (2015). Production in a two-machine flowshop scheduling 
environment with uncertain processing and setup times to minimize makespan. International Journal 
of Production Research, 53(9), 2803–2819. https://doi.org/10.1080/00207543.2014.997403 

Aydilek, H., & Allahverdi, A. (2010). Two-machine flowshop scheduling problem with bounded 
processing times to minimize total completion time. Computers & Mathematics with Applications, 
59(2), 684–693. https://doi.org/10.1016/j.camwa.2009.10.025 

Aydilek, H., & Allahverdi, A. (2013). A polynomial time heuristic for the two-machine flowshop 
scheduling problem with setup times and random processing times. Applied Mathematical Modelling, 
37(12–13), 7164–7173. https://doi.org/10.1016/j.apm.2013.02.003 

Azadeh, A., Jeihoonian, M., Shoja, B. M., & Seyedmahmoudi, S. H. (2012). An integrated neural 
network–simulation algorithm for performance optimisation of the bi-criteria two-stage assembly 
flow-shop scheduling problem with stochastic activities. International Journal of Production 
Research, 50(24), 7271–7284. https://doi.org/10.1080/00207543.2011.645511 

Azadeh, A., Moghaddam, M., Geranmayeh, P., & Naghavi, A. (2010). A flexible artificial neural 
network–fuzzy simulation algorithm for scheduling a flow shop with multiple processors. The 
International Journal of Advanced Manufacturing Technology, 50(5–8), 699–715. 
https://doi.org/10.1007/s00170-010-2533-6 

Azaron, A., Katagiri, H., Kato, K., & Sakawa, M. (2006). Longest path analysis in networks of queues: 
Dynamic scheduling problems. European Journal of Operational Research, 174(1), 132–149. 
https://doi.org/10.1016/j.ejor.2005.02.018 

Badger, D., Nursten, J., Williams, P., & Woodward, M. (2000). Should All Literature Reviews be 
Systematic? Evaluation & Research in Education, 14(3–4), 220–230. 
https://doi.org/10.1080/09500790008666974 

Baker, K. R., & Altheimer, D. (2012). Heuristic solution methods for the stochastic flow shop problem. 
European Journal of Operational Research, 216(1), 172–177. 
https://doi.org/10.1016/j.ejor.2011.07.021 

Baker, K. R., & Trietsch, D. (2011). Three heuristic procedures for the stochastic, two-machine flow 
shop problem. Journal of Scheduling, 14(5), 445–454. https://doi.org/10.1007/s10951-010-0219-4 

Balasubramanian, J., & Grossmann, I. E. (2002). A novel branch and bound algorithm for scheduling 
flowshop plants with uncertain processing times. Computers & Chemical Engineering, 26(1), 41–57. 
https://doi.org/10.1016/S0098-1354(01)00735-9 

Balasubramanian, J., & Grossmann, I. E. (2003). Scheduling optimization under uncertainty—an 
alternative approach. Computers & Chemical Engineering, 27(4), 469–490. 
https://doi.org/10.1016/S0098-1354(02)00221-1 

Bayat, M., Heydari, M., & Mahdavi Mazdeh, M. (2013). Heuristic for stochastic online flowshop 
problem with preemption penalties. Discrete Dynamics in Nature and Society, 2013, 1–10. 
https://doi.org/10.1155/2013/916978 

Behnamian, J. (2016). Survey on fuzzy shop scheduling. Fuzzy Optimization and Decision Making, 
15(3), 331–366. https://doi.org/10.1007/s10700-015-9225-5 

Behnamian, J., & Fatemi Ghomi, S. M. T. (2014). Multi-objective fuzzy multiprocessor flowshop 
scheduling. Applied Soft Computing, 21, 139–148. https://doi.org/10.1016/j.asoc.2014.03.031 

Brucker, P. (2007). Scheduling Algorithms (5th ed.). Berlin, Heidelberg: Springer Berlin Heidelberg. 
https://doi.org/10.1007/978-3-540-69516-5 

CELANO, G., COSTA, A., & FICHERA, S. (2003). An evolutionary algorithm for pure fuzzy flowshop 
scheduling problems. International Journal of Uncertainty, Fuzziness and Knowledge-Based Systems, 
11(6), 655–669. https://doi.org/10.1142/S0218488503002466 

Chaari, T., Chaabane, S., Loukil, T., & Trentesaux, D. (2011). A genetic algorithm for robust hybrid flow 
shop scheduling. International Journal of Computer Integrated Manufacturing, 24(9), 821–833. 
https://doi.org/10.1080/0951192X.2011.575181 

Chang, Y.-C., & Huang, W.-T. (2014). An enhanced model for SDBR in a random reentrant flow shop 



E. M. González-Neira et al. / International Journal of Industrial Engineering Computations 8 (2017) 421

environment. International Journal of Production Research, 52(6), 1808–1826. 
https://doi.org/10.1080/00207543.2013.848491 

Chen, G., & Shen, Z.-J. M. (2007). Probabilistic asymptotic analysis of stochastic online scheduling 
problems. IIE Transactions, 39(5), 525–538. https://doi.org/10.1080/07408170600941623 

Choi, S. H., & Wang, K. (2012). Flexible flow shop scheduling with stochastic processing times: A 
decomposition-based approach. Computers & Industrial Engineering, 63(2), 362–373. 
https://doi.org/10.1016/j.cie.2012.04.001 

Chutima, P., & Yiangkamolsing, C. (2003). Application of fuzzy genetic algorithm for sequencing in 
mixed-model assembly line with processing time. International Journal of Industrial Engineering : 
Theory Applications and Practice, 10(4), 325–331. Retrieved from 
http://www.scopus.com/inward/record.url?eid=2-s2.0-1942422550&partnerID=tZOtx3y1 

Cui, Z., & Gu, X. (2014). A Discrete Group Search Optimizer for Hybrid Flowshop Scheduling Problem 
with Random Breakdown. Mathematical Problems in Engineering, 2014, 1–11. 
https://doi.org/10.1155/2014/621393 

Ćwik, M., & Józefczyk, J. (2015). Evolutionary Algorithm for Minmax Regret Flow-Shop Problem. 
Management and Production Engineering Review, 6(3), 3–9. https://doi.org/10.1515/mper-2015-
0021 

Delbufalo, E. (2012). Outcomes of inter‐organizational trust in supply chain relationships: a systematic 
literature review and a meta‐analysis of the empirical evidence. Supply Chain Management: An 
International Journal, 17(4), 377–402. https://doi.org/10.1108/13598541211246549 

Diep, T., Kenné, J.-P., & Dao, T.-M. (2010). Feedback optimal control of dynamic stochastic two-
machine flowshop with a finite buffer. International Journal of Industrial Engineering Computations, 
1(2), 95–120. https://doi.org/10.5267/j.ijiec.2010.02.001 

Du, J., & Leung, J. Y.-T. (1990). Minimizing Total Tardiness on One Machine Is NP-Hard. Mathematics 
of Operations Research, 15(3), 483–495. https://doi.org/10.2307/3689992 

Ebrahimi, M., Fatemi Ghomi, S. M. T. M. T., & Karimi, B. (2014). Hybrid flow shop scheduling with 
sequence dependent family setup time and uncertain due dates. Applied Mathematical Modelling, 
38(9–10), 2490–2504. https://doi.org/10.1016/j.apm.2013.10.061 

Elyasi, A., & Salmasi, N. (2013a). Stochastic flow-shop scheduling with minimizing the expected 
number of tardy jobs. International Journal of Advanced Manufacturing Technology, 66(1–4), 337–
346. https://doi.org/10.1007/s00170-012-4328-4 

Elyasi, A., & Salmasi, N. (2013b). Stochastic scheduling with minimizing the number of tardy jobs using 
chance constrained programming. Mathematical and Computer Modelling, 57(5–6), 1154–1164. 
https://doi.org/10.1016/j.mcm.2012.10.017 

Farahani, R. Z., Rezapour, S., Drezner, T., & Fallah, S. (2014). Competitive supply chain network design: 
An overview of classifications, models, solution techniques and applications. Omega, 45, 92–118. 
https://doi.org/10.1016/j.omega.2013.08.006 

Fazayeli, M., Aleagha, M.-R., Bashirzadeh, R., & Shafaei, R. (2016). A hybrid meta-heuristic algorithm 
for flowshop robust scheduling under machine breakdown uncertainty. International Journal of 
Computer Integrated Manufacturing, 29(7), 709–719. 
https://doi.org/10.1080/0951192X.2015.1067907 

Feng, X., Zheng, F., & Xu, Y. (2016). Robust scheduling of a two-stage hybrid flow shop with uncertain 
interval processing times. International Journal of Production Research, 54(12), 3706–3717. 
https://doi.org/10.1080/00207543.2016.1162341 

Fink, A. (1998). Conducting Research Literature Reviews: From Paper to the Internet. (A. Fink, Ed.), 
BMS: Bulletin of Sociological Methodology / Bulletin de Méthodologie Sociologique (Vol. 60). 
Thousand Oaks, CA, USA: Sage Publications, Ltd. https://doi.org/10.2307/24359723 

Framinan, J. M., & Perez-Gonzalez, P. (2015). On heuristic solutions for the stochastic flowshop 
scheduling problem. European Journal of Operational Research, 246(2), 413–420. 
https://doi.org/10.1016/j.ejor.2015.05.006 

Geismar, H. N., & Pinedo, M. (2010). Robotic cells with stochastic processing times. IIE Transactions, 
42(12), 897–914. https://doi.org/10.1080/0740817X.2010.491505 



  

 

422

Geng, J.-C., Cui, Z., & Gu, X.-S. (2016). Scatter search based particle swarm optimization algorithm for 
earliness/tardiness flowshop scheduling with uncertainty. International Journal of Automation and 
Computing, 13(3), 285–295. https://doi.org/10.1007/s11633-016-0964-8 

Gholami-Zanjani, S. M., Hakimifar, M., Nazemi, N., & Jolai, F. (2016). Robust and Fuzzy Optimisation 
Models for a Flow shop Scheduling Problem with Sequence Dependent Setup Times: A real case 
study on a PCB assembly company. International Journal of Computer Integrated Manufacturing, 1–
12. https://doi.org/10.1080/0951192X.2016.1187293 

Gholami, M., Zandieh, M., & Alem-Tabriz, A. (2009). Scheduling hybrid flow shop with sequence-
dependent setup times and machines with random breakdowns. The International Journal of Advanced 
Manufacturing Technology, 42(1–2), 189–201. https://doi.org/10.1007/s00170-008-1577-3 

González-Neira, E. M., García-Cáceres, R. G., Caballero-Villalobos, J. P., Molina-Sánchez, L. P., & 
Montoya-Torres, J. R. (2016). Stochastic flexible flow shop scheduling problem under quantitative 
and qualitative decision criteria. Computers & Industrial Engineering, 101, 128–144. 
https://doi.org/10.1016/j.cie.2016.08.026 

Gören, S., & Pierreval, H. (2013). Taking advantage of a diverse set of efficient production schedules: A 
two-step approach for scheduling with side concerns. Computers & Operations Research, 40(8), 
1979–1990. https://doi.org/10.1016/j.cor.2013.02.016 

Gourgand, M., Grangeon, N., & Norre, S. (2000a). A review of the static stochastic flow-shop scheduling 
problem. Journal of Decision Systems, 9(2), 1–31. https://doi.org/10.1080/12460125.2000.9736710 

Gourgand, M., Grangeon, N., & Norre, S. (2000b). Meta-heuristics for the deterministic hybrid flow shop 
problem. Journal Europeen Des Systemes Automatises, 34(9), 1107–1135. Retrieved from 
http://www.scopus.com/inward/record.url?eid=2-s2.0-0041780055&partnerID=tZOtx3y1 

Gourgand, M., Grangeon, N., & Norre, S. (2003). A contribution to the stochastic flow shop scheduling 
problem. European Journal of Operational Research, 151(2), 415–433. 
https://doi.org/10.1016/S0377-2217(02)00835-4 

Gourgand, M., Grangeon, N., & Norre, S. (2005). Markovian analysis for performance evaluation and 
scheduling in m machine stochastic flow-shop with buffers of any capacity. European Journal of 
Operational Research, 161(1), 126–147. https://doi.org/10.1016/j.ejor.2003.08.032 

Graham, R. L., Lawler, E. L., Lenstra, J. K., & Kan, A. H. G. R. (1979). Optimization and Approximation 
in Deterministic Sequencing and Scheduling: a Survey. In Annals of Discrete Mathematics (Vol. 5, 
pp. 287–326). Elsevier. https://doi.org/10.1016/S0167-5060(08)70356-X 

Han, Y., Gong, D., Jin, Y., & Pan, Q. (2016). Evolutionary multi-objective blocking lot-streaming flow 
shop scheduling with interval processing time. Applied Soft Computing, 42, 229–245. 
https://doi.org/10.1016/j.asoc.2016.01.033 

Heydari, M., Mahdavi Mazdeh, M., & Bayat, M. (2013). Scheduling stochastic two-machine flow shop 
problems to minimize expected makespan. Decision Science Letters, 2(3), 163–174. 
https://doi.org/10.5267/j.dsl.2013.04.005 

Holthaus, O. (1999). Scheduling in job shops with machine breakdowns: An experimental study. 
Computers and Industrial Engineering, 36(1), 137–162. https://doi.org/10.1016/S0360-
8352(99)00006-6 

Hong, T. P., & Chuang, T. N. (2005). Fuzzy Gupta scheduling for flow shops with more than two 
machines. International Journal of Computers and Applications. Retrieved from 
http://www.scopus.com/inward/record.url?eid=2-s2.0-23444452878&partnerID=tZOtx3y1 

Huang, C.-S., Huang, Y.-C., & Lai, P.-J. (2012). Modified genetic algorithms for solving fuzzy flow 
shop scheduling problems and their implementation with CUDA. Expert Systems with Applications, 
39(5), 4999–5005. https://doi.org/10.1016/j.eswa.2011.10.013 

Javadi, B., Saidi-Mehrabad, M., Haji, A., Mahdavi, I., Jolai, F., & Mahdavi-Amiri, N. (2008). No-wait 
flow shop scheduling using fuzzy multi-objective linear programming. Journal of the Franklin 
Institute, 345(5), 452–467. https://doi.org/10.1016/j.jfranklin.2007.12.003 

Jiao, B., Chen, Q., & Yan, S. (2011). A Cooperative Co-evolution PSO for Flow Shop Scheduling 
Problem with Uncertainty. Journal of Computers, 6(9), 1955–1961. 
https://doi.org/10.4304/jcp.6.9.1955-1961 



E. M. González-Neira et al. / International Journal of Industrial Engineering Computations 8 (2017) 423

Jiao, B., & Yan, S. (2014). A cooperative co-evolutionary particle swarm optimiser based on a niche 
sharing scheme for the flow shop scheduling problem under uncertainty. Mathematical Structures in 
Computer Science, 24(5), e240502. https://doi.org/10.1017/S0960129512000461 

Juan, A. A., Barrios, B. B., Vallada, E., Riera, D., & Jorba, J. (2014). A simheuristic algorithm for solving 
the permutation flow shop problem with stochastic processing times. Simulation Modelling Practice 
and Theory, 46, 101–117. https://doi.org/10.1016/j.simpat.2014.02.005 

Kalczynski, P. J., & Kamburowski, J. (2004). Generalization of Johnson’s and Talwar’s scheduling rules 
in two-machine stochastic flow shops. Journal of the Operational Research Society, 55(12), 1358–
1362. https://doi.org/10.1057/palgrave.jors.2601802 

Kalczynski, P. J., & Kamburowski, J. (2005). Two-Machine Stochastic Flow Shops With Blocking and 
the Traveling Salesman Problem. Journal of Scheduling, 8(6), 529–536. 
https://doi.org/10.1007/s10951-005-4782-z 

Kalczynski, P. J., & Kamburowski, J. (2006). A heuristic for minimizing the expected makespan in two-
machine flow shops with consistent coefficients of variation. European Journal of Operational 
Research, 169(3), 742–750. https://doi.org/10.1016/j.ejor.2004.08.045 

Kasperski, A., Kurpisz, A., & Zieliński, P. (2012). Approximating a two-machine flow shop scheduling 
under discrete scenario uncertainty. European Journal of Operational Research, 217(1), 36–43. 
https://doi.org/10.1016/j.ejor.2011.08.029 

Katragjini, K., Vallada, E., & Ruiz, R. (2013). Flow shop rescheduling under different types of 
disruption. International Journal of Production Research, 51(3), 780–797. 
https://doi.org/10.1080/00207543.2012.666856 

Lee, C.-Y., Cheng, T. C. E., & Lin, B. M. T. (1993). Minimizing the Makespan in the 3-Machine 
Assembly-Type Flowshop Scheduling Problem. Management Science, 39(5), 616–625. 
https://doi.org/10.1287/mnsc.39.5.616 

Lei, D. (2012). Interval job shop scheduling problems. The International Journal of Advanced 
Manufacturing Technology, 60(1–4), 291–301. https://doi.org/10.1007/s00170-011-3600-3 

Leung, J., Kelly, L., & Anderson, J. H. (2004). Handbook of Scheduling: Algorithms, Models, and 
Performance Analysis. Boca Raton, FL, USA: CRC Press, Inc. 

Li, Z., & Ierapetritou, M. (2008). Process scheduling under uncertainty: Review and challenges. 
Computers & Chemical Engineering, 32(4–5), 715–727. 
https://doi.org/10.1016/j.compchemeng.2007.03.001 

Liefooghe, A., Basseur, M., Humeau, J., Jourdan, L., & Talbi, E.-G. (2012). On optimizing a bi-objective 
flowshop scheduling problem in an uncertain environment. Computers & Mathematics with 
Applications, 64(12), 3747–3762. https://doi.org/10.1016/j.camwa.2012.02.051 

Lin, J. T., & Chen, C.-M. (2015). Simulation optimization approach for hybrid flow shop scheduling 
problem in semiconductor back-end manufacturing. Simulation Modelling Practice and Theory, 51, 
100–114. https://doi.org/10.1016/j.simpat.2014.10.008 

Liu, Q., Ullah, S., & Zhang, C. (2011). An improved genetic algorithm for robust permutation flowshop 
scheduling. The International Journal of Advanced Manufacturing Technology, 56(1–4), 345–354. 
https://doi.org/10.1007/s00170-010-3149-6 

Matsveichuk, N. M., Sotskov, Y. N., Egorova, N. G., & Lai, T.-C. (2009). Schedule execution for two-
machine flow-shop with interval processing times. Mathematical and Computer Modelling, 49(5–6), 
991–1011. https://doi.org/10.1016/j.mcm.2008.02.004 

Matsveichuk, N. M., Sotskov, Y. N., & Werner, F. (2011). The dominance digraph as a solution to the 
two-machine flow-shop problem with interval processing times. Optimization, 60(12), 1493–1517. 
https://doi.org/10.1080/02331931003657691 

Mirsanei, H. S., Zandieh, M., Moayed, M. J., & Khabbazi, M. R. (2010). A simulated annealing algorithm 
approach to hybrid flow shop scheduling with sequence-dependent setup times. Journal of Intelligent 
Manufacturing, 22(6), 965–978. https://doi.org/10.1007/s10845-009-0373-8 

Moore, R. E., & Bierbaum, F. (1979). Methods and applications of interval analysis (Vol. 2). 
Philadelphia: Siam. 

Mou, J., Li, X., Gao, L., & Yi, W. (2015). An effective L-MONG algorithm for solving multi-objective 



  

 

424

flow-shop inverse scheduling problems. Journal of Intelligent Manufacturing. 
https://doi.org/10.1007/s10845-015-1129-2 

Nagasawa, K., Ikeda, Y., & Irohara, T. (2015). Robust flow shop scheduling with random processing 
times for reduction of peak power consumption. Simulation Modelling Practice and Theory. 
https://doi.org/10.1016/j.simpat.2015.08.001 

Nakhaeinejad, M., & Nahavandi, N. (2013). An interactive algorithm for multi-objective flow shop 
scheduling with fuzzy processing time through resolution method and TOPSIS. The International 
Journal of Advanced Manufacturing Technology, 66(5–8), 1047–1064. 
https://doi.org/10.1007/s00170-012-4388-5 

Nezhad, S. S., & Assadi, R. G. (2008). Preference ratio-based maximum operator approximation and its 
application in fuzzy flow shop scheduling. Applied Soft Computing, 8(1), 759–766. 
https://doi.org/10.1016/j.asoc.2007.06.004 

NG, C. T., MATSVEICHUK, N. M., SOTSKOV, Y. N., & CHENG, T. C. E. (2009). TWO-MACHINE 
FLOW-SHOP MINIMUM-LENGTH SCHEDULING WITH INTERVAL PROCESSING TIMES. 
Asia-Pacific Journal of Operational Research, 26(6), 715–734. 
https://doi.org/10.1142/S0217595909002432 

Niu, Q., & Gu, X. S. (2008). A novel particle swarm optimization for flow shop scheduling with fuzzy 
processing time. Journal of Donghua University (English Edition), 25(2), 115–122. Retrieved from 
http://www.scopus.com/inward/record.url?eid=2-s2.0-54849420518&partnerID=tZOtx3y1 

Noroozi, A., & Mokhtari, H. (2015). Scheduling of printed circuit board (PCB) assembly systems with 
heterogeneous processors using simulation-based intelligent optimization methods. Neural 
Computing and Applications, 26(4), 857–873. https://doi.org/10.1007/s00521-014-1765-z 

Pan, Q.-K., Wang, L., Mao, K., Zhao, J.-H., & Zhang, M. (2013). An Effective Artificial Bee Colony 
Algorithm for a Real-World Hybrid Flowshop Problem in Steelmaking Process. IEEE Transactions 
on Automation Science and Engineering, 10(2), 307–322. 
https://doi.org/10.1109/TASE.2012.2204874 

Paul, S. K., & Azeem, A. (2010). Minimization of work-in-process inventory in hybrid flow shop 
scheduling using fuzzy logic. International Journal of Industrial Engineering : Theory Applications 
and Practice, 17(2), 115–127. Retrieved from http://www.scopus.com/inward/record.url?eid=2-s2.0-
77955062869&partnerID=tZOtx3y1 

Petrovic, S., & Song, X. (2006). A new approach to two-machine flow shop problem with uncertain 
processing times. Optimization and Engineering, 7(3), 329–342. https://doi.org/10.1007/s11081-006-
9975-6 

Pinedo, M. L. (2012). Scheduling: Theory, algorithms and systems. Springer (4th ed., Vol. 4). New York: 
Springer Science & Business Media. https://doi.org/10.1007/978-1-4614-2361-4 

Qin, W., Zhang, · J, Song, · D, Zhang, J., & Song, D. (2015). An improved ant colony algorithm for 
dynamic hybrid flow shop scheduling with uncertain processing time. Journal of Intelligent 
Manufacturing. https://doi.org/10.1007/s10845-015-1144-3 

Rahmani, D., & Heydari, M. (2014). Robust and stable flow shop scheduling with unexpected arrivals 
of new jobs and uncertain processing times. Journal of Manufacturing Systems, 33(1), 84–92. 
https://doi.org/10.1016/j.jmsy.2013.03.004 

Rahmani, D., Ramezanian, R., & Mehrabad, M. S. (2014). Multi-objective flow shop scheduling problem 
with stochastic parameters: fuzzy goal programming approach. International Journal of Operational 
Research, 21(3), 322–340. https://doi.org/10.1504/IJOR.2014.065411 

Ramezanian, R., & Saidi-Mehrabad, M. (2013). Hybrid simulated annealing and MIP-based heuristics 
for stochastic lot-sizing and scheduling problem in capacitated multi-stage production system. Applied 
Mathematical Modelling, 37(7), 5134–5147. https://doi.org/10.1016/j.apm.2012.10.024 

Ruiz, R., Şerifoğlu, F. S., & Urlings, T. (2008). Modeling realistic hybrid flexible flowshop scheduling 
problems. Computers & Operations Research, 35(4), 1151–1175. 
https://doi.org/10.1016/j.cor.2006.07.014 

Ruiz, R., & Vázquez-Rodríguez, J. A. (2010). The hybrid flow shop scheduling problem. European 
Journal of Operational Research, 205(1), 1–18. https://doi.org/10.1016/j.ejor.2009.09.024 



E. M. González-Neira et al. / International Journal of Industrial Engineering Computations 8 (2017) 425

Safari, E., Sadjadi, S. J., & Shahanaghi, K. (2009). Minimizing expected makespan in flowshop with on 
condition based maintenance constraint by integrating heuristics and simulation. World Journal of 
Modelling and Simulation, 5(4), 261–271. Retrieved from 
http://www.scopus.com/inward/record.url?eid=2-s2.0-78649455491&partnerID=tZOtx3y1 

Sancar Edis, R., & Ornek, M. A. (2009). A tabu search-based heuristic for single-product lot streaming 
problems in flow shops. The International Journal of Advanced Manufacturing Technology, 43(11–
12), 1202–1213. https://doi.org/10.1007/s00170-008-1798-5 

Schultmann, F., Fröhling, M., & Rentz, O. (2006). Fuzzy approach for production planning and detailed 
scheduling in paints manufacturing. International Journal of Production Research, 44(8), 1589–1612. 
https://doi.org/10.1080/00207540500353939 

Shahnaghi, K., Shahmoradi-Moghadam, H., Noroozi, A., & Mokhtari, H. (2016). A robust modelling 
and optimisation framework for a batch processing flow shop production system in the presence of 
uncertainties. International Journal of Computer Integrated Manufacturing, 29(1), 92–106. 
https://doi.org/10.1080/0951192X.2014.1002814 

Soroush, H. M., & Allahverdi, A. (2005). Stochastic two-machine flowshop scheduling problem with 
total completion time criterion. International Journal of Industrial Engineering : Theory Applications 
and Practice, 12(2), 159–171. Retrieved from http://www.scopus.com/inward/record.url?eid=2-s2.0-
33746598230&partnerID=tZOtx3y1 

Sotskov, Y. N., Allahverdi, A., & Lai, T.-C. (2004). Flowshop scheduling problem to minimize total 
completion time with random and bounded processing times. Journal of the Operational Research 
Society, 55(3), 277–286. https://doi.org/10.1057/palgrave.jors.2601682 

Swaminathan, R., Pfund, M. E., Fowler, J. W., Mason, S. J., & Keha, A. (2007). Impact of permutation 
enforcement when minimizing total weighted tardiness in dynamic flowshops with uncertain 
processing times. Computers & Operations Research, 34(10), 3055–3068. 
https://doi.org/10.1016/j.cor.2005.11.014 

Temİz, İ., & Erol, S. (2004). Fuzzy branch-and-bound algorithm for flow shop scheduling. Journal of 
Intelligent Manufacturing, 15(4), 449–454. https://doi.org/10.1023/B:JIMS.0000034107.72423.b6 

Thomé, A. M. T., Scavarda, L. F., & Scavarda, A. J. (2016). Conducting systematic literature review in 
operations management. Production Planning & Control, 27(5), 408–420. 
https://doi.org/10.1080/09537287.2015.1129464 

Wang, K., & Choi, S. H. (2010). Decomposition-based scheduling for makespan minimisation of flexible 
flow shop with stochastic processing times. Engineering Letters, 18(1). Retrieved from 
http://www.scopus.com/inward/record.url?eid=2-s2.0-76549084080&partnerID=tZOtx3y1 

Wang, K., & Choi, S. H. (2011). A decomposition-based approach to flexible flow shop scheduling under 
machine breakdown. International Journal of Production Research, 50(1), 215–234. 
https://doi.org/10.1080/00207543.2011.571456 

Wang, K., & Choi, S. H. (2014). A holonic approach to flexible flow shop scheduling under stochastic 
processing times. Computers & Operations Research, 43(1), 157–168. 
https://doi.org/10.1016/j.cor.2013.09.013 

Wang, K., Choi, S. H., & Qin, H. (2014). An estimation of distribution algorithm for hybrid flow shop 
scheduling under stochastic processing times. International Journal of Production Research, 52(24), 
7360–7376. https://doi.org/10.1080/00207543.2014.930535 

Wang, K., Choi, S. H., Qin, H., & Huang, Y. (2013). A cluster-based scheduling model using SPT and 
SA for dynamic hybrid flow shop problems. The International Journal of Advanced Manufacturing 
Technology, 67(9–12), 2243–2258. https://doi.org/10.1007/s00170-012-4645-7 

Wang, K., Huang, Y., & Qin, H. (2016). A fuzzy logic-based hybrid estimation of distribution algorithm 
for distributed permutation flowshop scheduling problems under machine breakdown. Journal of the 
Operational Research Society, 67(1), 68–82. https://doi.org/10.1057/jors.2015.50 

Wang, L., Zhang, L., & Zheng, D.-Z. Z. (2005a). A class of hypothesis-test-based genetic algorithms for 
flow shop scheduling with stochastic processing time. The International Journal of Advanced 
Manufacturing Technology, 25(11–12), 1157–1163. https://doi.org/10.1007/s00170-003-1961-y 

Wang, L., Zhang, L., & Zheng, D.-Z. Z. (2005b). Genetic ordinal optimisation for stochastic flow shop 



  

 

426

scheduling. The International Journal of Advanced Manufacturing Technology, 27(1–2), 166–173. 
https://doi.org/10.1007/s00170-004-2154-z 

Wang, S., Wang, L., Liu, M., & Xu, Y. (2015). An order-based estimation of distribution algorithm for 
stochastic hybrid flow-shop scheduling problem. International Journal of Computer Integrated 
Manufacturing, 28(3), 307–320. https://doi.org/10.1080/0951192X.2014.880803 

Yang *, T., Kuo, Y., & Chang, I. (2004). Tabu-search simulation optimization approach for flow-shop 
scheduling with multiple processors — a case study. International Journal of Production Research, 
42(19), 4015–4030. https://doi.org/10.1080/00207540410001699381 

Yimer, A. D., & Demirli, K. (2009). Fuzzy scheduling of job orders in a two-stage flowshop with batch-
processing machines. International Journal of Approximate Reasoning, 50(1), 117–137. 
https://doi.org/10.1016/j.ijar.2007.08.013 

Ying, K. (2015). Scheduling the two-machine flowshop to hedge against processing time uncertainty. 
Journal of the Operational Research Society, 66(9), 1413–1425. 
https://doi.org/10.1057/jors.2014.100 

Zandieh, M., Fatemi Ghomi, S. M. T., & Moattar Husseini, S. M. (2006). An immune algorithm approach 
to hybrid flow shops scheduling with sequence-dependent setup times. Applied Mathematics and 
Computation, 180(1), 111–127. https://doi.org/10.1016/j.amc.2005.11.136 

Zandieh, M., & Gholami, M. (2009). An immune algorithm for scheduling a hybrid flow shop with 
sequence-dependent setup times and machines with random breakdowns. International Journal of 
Production Research, 47(24), 6999–7027. https://doi.org/10.1080/00207540802400636 

Zandieh, M., & Hashemi, A. (2015). Group scheduling in hybrid flexible flowshop with sequence-
dependent setup times and random breakdowns via integrating genetic algorithm and simulation. 
International Journal of Industrial and Systems Engineering, 21(3), 377. 
https://doi.org/10.1504/IJISE.2015.072273 

 
 

   

 

© 2017 by the authors; licensee Growing Science, Canada. This is an open access article 
distributed under the terms and conditions of the Creative Commons Attribution (CC-
BY) license (http://creativecommons.org/licenses/by/4.0/). 

 



<<
  /ASCII85EncodePages false
  /AllowTransparency false
  /AutoPositionEPSFiles true
  /AutoRotatePages /None
  /Binding /Left
  /CalGrayProfile (Dot Gain 20%)
  /CalRGBProfile (sRGB IEC61966-2.1)
  /CalCMYKProfile (U.S. Web Coated \050SWOP\051 v2)
  /sRGBProfile (sRGB IEC61966-2.1)
  /CannotEmbedFontPolicy /Error
  /CompatibilityLevel 1.4
  /CompressObjects /Tags
  /CompressPages true
  /ConvertImagesToIndexed true
  /PassThroughJPEGImages true
  /CreateJobTicket false
  /DefaultRenderingIntent /Default
  /DetectBlends true
  /DetectCurves 0.0000
  /ColorConversionStrategy /CMYK
  /DoThumbnails false
  /EmbedAllFonts true
  /EmbedOpenType false
  /ParseICCProfilesInComments true
  /EmbedJobOptions true
  /DSCReportingLevel 0
  /EmitDSCWarnings false
  /EndPage -1
  /ImageMemory 1048576
  /LockDistillerParams false
  /MaxSubsetPct 100
  /Optimize true
  /OPM 1
  /ParseDSCComments true
  /ParseDSCCommentsForDocInfo true
  /PreserveCopyPage true
  /PreserveDICMYKValues true
  /PreserveEPSInfo true
  /PreserveFlatness true
  /PreserveHalftoneInfo false
  /PreserveOPIComments true
  /PreserveOverprintSettings true
  /StartPage 1
  /SubsetFonts true
  /TransferFunctionInfo /Apply
  /UCRandBGInfo /Preserve
  /UsePrologue false
  /ColorSettingsFile ()
  /AlwaysEmbed [ true
  ]
  /NeverEmbed [ true
  ]
  /AntiAliasColorImages false
  /CropColorImages true
  /ColorImageMinResolution 300
  /ColorImageMinResolutionPolicy /OK
  /DownsampleColorImages true
  /ColorImageDownsampleType /Bicubic
  /ColorImageResolution 300
  /ColorImageDepth -1
  /ColorImageMinDownsampleDepth 1
  /ColorImageDownsampleThreshold 1.50000
  /EncodeColorImages true
  /ColorImageFilter /DCTEncode
  /AutoFilterColorImages true
  /ColorImageAutoFilterStrategy /JPEG
  /ColorACSImageDict <<
    /QFactor 0.15
    /HSamples [1 1 1 1] /VSamples [1 1 1 1]
  >>
  /ColorImageDict <<
    /QFactor 0.15
    /HSamples [1 1 1 1] /VSamples [1 1 1 1]
  >>
  /JPEG2000ColorACSImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 30
  >>
  /JPEG2000ColorImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 30
  >>
  /AntiAliasGrayImages false
  /CropGrayImages true
  /GrayImageMinResolution 300
  /GrayImageMinResolutionPolicy /OK
  /DownsampleGrayImages true
  /GrayImageDownsampleType /Bicubic
  /GrayImageResolution 300
  /GrayImageDepth -1
  /GrayImageMinDownsampleDepth 2
  /GrayImageDownsampleThreshold 1.50000
  /EncodeGrayImages true
  /GrayImageFilter /DCTEncode
  /AutoFilterGrayImages true
  /GrayImageAutoFilterStrategy /JPEG
  /GrayACSImageDict <<
    /QFactor 0.15
    /HSamples [1 1 1 1] /VSamples [1 1 1 1]
  >>
  /GrayImageDict <<
    /QFactor 0.15
    /HSamples [1 1 1 1] /VSamples [1 1 1 1]
  >>
  /JPEG2000GrayACSImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 30
  >>
  /JPEG2000GrayImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 30
  >>
  /AntiAliasMonoImages false
  /CropMonoImages true
  /MonoImageMinResolution 1200
  /MonoImageMinResolutionPolicy /OK
  /DownsampleMonoImages true
  /MonoImageDownsampleType /Bicubic
  /MonoImageResolution 1200
  /MonoImageDepth -1
  /MonoImageDownsampleThreshold 1.50000
  /EncodeMonoImages true
  /MonoImageFilter /CCITTFaxEncode
  /MonoImageDict <<
    /K -1
  >>
  /AllowPSXObjects false
  /CheckCompliance [
    /None
  ]
  /PDFX1aCheck false
  /PDFX3Check false
  /PDFXCompliantPDFOnly false
  /PDFXNoTrimBoxError true
  /PDFXTrimBoxToMediaBoxOffset [
    0.00000
    0.00000
    0.00000
    0.00000
  ]
  /PDFXSetBleedBoxToMediaBox true
  /PDFXBleedBoxToTrimBoxOffset [
    0.00000
    0.00000
    0.00000
    0.00000
  ]
  /PDFXOutputIntentProfile ()
  /PDFXOutputConditionIdentifier ()
  /PDFXOutputCondition ()
  /PDFXRegistryName ()
  /PDFXTrapped /False

  /CreateJDFFile false
  /Description <<

    /BGR <>
    /CHS <FEFF4f7f75288fd94e9b8bbe5b9a521b5efa7684002000410064006f006200650020005000440046002065876863900275284e8e9ad88d2891cf76845370524d53705237300260a853ef4ee54f7f75280020004100630072006f0062006100740020548c002000410064006f00620065002000520065006100640065007200200035002e003000204ee553ca66f49ad87248672c676562535f00521b5efa768400200050004400460020658768633002>
    /CHT <FEFF4f7f752890194e9b8a2d7f6e5efa7acb7684002000410064006f006200650020005000440046002065874ef69069752865bc9ad854c18cea76845370524d5370523786557406300260a853ef4ee54f7f75280020004100630072006f0062006100740020548c002000410064006f00620065002000520065006100640065007200200035002e003000204ee553ca66f49ad87248672c4f86958b555f5df25efa7acb76840020005000440046002065874ef63002>
    /CZE <>
    /DAN <>
    /DEU <>
    /ESP <>
    /ETI <>
    /FRA <>
    /GRE <>

    /HRV (Za stvaranje Adobe PDF dokumenata najpogodnijih za visokokvalitetni ispis prije tiskanja koristite ove postavke.  Stvoreni PDF dokumenti mogu se otvoriti Acrobat i Adobe Reader 5.0 i kasnijim verzijama.)
    /HUN <>
    /ITA <>
    /JPN <FEFF9ad854c18cea306a30d730ea30d730ec30b951fa529b7528002000410064006f0062006500200050004400460020658766f8306e4f5c6210306b4f7f75283057307e305930023053306e8a2d5b9a30674f5c62103055308c305f0020005000440046002030d530a130a430eb306f3001004100630072006f0062006100740020304a30883073002000410064006f00620065002000520065006100640065007200200035002e003000204ee5964d3067958b304f30533068304c3067304d307e305930023053306e8a2d5b9a306b306f30d530a930f330c8306e57cb30818fbc307f304c5fc59808306730593002>
    /KOR <FEFFc7740020c124c815c7440020c0acc6a9d558c5ec0020ace0d488c9c80020c2dcd5d80020c778c1c4c5d00020ac00c7a50020c801d569d55c002000410064006f0062006500200050004400460020bb38c11cb97c0020c791c131d569b2c8b2e4002e0020c774b807ac8c0020c791c131b41c00200050004400460020bb38c11cb2940020004100630072006f0062006100740020bc0f002000410064006f00620065002000520065006100640065007200200035002e00300020c774c0c1c5d0c11c0020c5f40020c2180020c788c2b5b2c8b2e4002e>
    /LTH <>
    /LVI <>
    /NLD (Gebruik deze instellingen om Adobe PDF-documenten te maken die zijn geoptimaliseerd voor prepress-afdrukken van hoge kwaliteit. De gemaakte PDF-documenten kunnen worden geopend met Acrobat en Adobe Reader 5.0 en hoger.)
    /NOR <>
    /POL <>
    /PTB <>
    /RUM <>
    /RUS <>
    /SKY <>
    /SLV <>
    /SUO <>
    /SVE <>
    /TUR <>
    /UKR <>
    /ENU (Use these settings to create Adobe PDF documents best suited for high-quality prepress printing.  Created PDF documents can be opened with Acrobat and Adobe Reader 5.0 and later.)
  >>
  /Namespace [
    (Adobe)
    (Common)
    (1.0)
  ]
  /OtherNamespaces [
    <<
      /AsReaderSpreads false
      /CropImagesToFrames true
      /ErrorControl /WarnAndContinue
      /FlattenerIgnoreSpreadOverrides false
      /IncludeGuidesGrids false
      /IncludeNonPrinting false
      /IncludeSlug false
      /Namespace [
        (Adobe)
        (InDesign)
        (4.0)
      ]
      /OmitPlacedBitmaps false
      /OmitPlacedEPS false
      /OmitPlacedPDF false
      /SimulateOverprint /Legacy
    >>
    <<
      /AddBleedMarks false
      /AddColorBars false
      /AddCropMarks false
      /AddPageInfo false
      /AddRegMarks false
      /ConvertColors /ConvertToCMYK
      /DestinationProfileName ()
      /DestinationProfileSelector /DocumentCMYK
      /Downsample16BitImages true
      /FlattenerPreset <<
        /PresetSelector /MediumResolution
      >>
      /FormElements false
      /GenerateStructure false
      /IncludeBookmarks false
      /IncludeHyperlinks false
      /IncludeInteractive false
      /IncludeLayers false
      /IncludeProfiles false
      /MultimediaHandling /UseObjectSettings
      /Namespace [
        (Adobe)
        (CreativeSuite)
        (2.0)
      ]
      /PDFXOutputIntentProfileSelector /DocumentCMYK
      /PreserveEditing true
      /UntaggedCMYKHandling /LeaveUntagged
      /UntaggedRGBHandling /UseDocumentProfile
      /UseDocumentBleed false
    >>
  ]
>> setdistillerparams
<<
  /HWResolution [2400 2400]
  /PageSize [612.000 792.000]
>> setpagedevice


