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ABSTRACT

M ost o f  the research on jo b  shop scheduling  p rob lem  are con­
cerned w ith m inim ization  o f  a single objective. How ever, the real 
w orld applications o f jo b  shop scheduling  p roblem s are involved 
in optim izing m ultiple objectives. Therefore, in recen t years ant 
colony optim ization algorithm s have been proposed to solve jo b  
shop scheduling p roblem s w ith m ultiple objectives. In th is paper, 
som e recen t m ulti-objective ant colony optim ization  a lgorithm s are 
review ed and are applied  to the jo b  shop scheduling  p roblem  by 
considering  tw o, three and four objectives. A lso  in th is study, four 
criteria: m akespan, m ean flow tim e, m ean tard iness and  m ean m a­
chine idle tim e are considered  fo r sim ultaneous optim ization . Two 
types o f  m odels are used  by changing the num ber o f  ants in a 
colony and each m ulti-objective ant colony optim ization  algorithm  
is applied  to sixteen benchm ark prob lem  instances o f  up  to 2 0  jo b s 
x  5 m achines, fo r evaluating the perform ances o f these algorithm s. 
A detailed  analysis is perform ed using the perform ance indicators, 
and the experim ental results have show n that the perform ance o f  
som e m ulti-objective ant colony optim ization  algorithm s depend 
on the num ber o f  objectives and the num ber o f  ants.
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1. INTRODUCTION

T he jo b  shop scheduling  problem  (JSSP) is N P-hard  [10] and also 
one o f  the m ost com plex com binatoria l optim ization  problem s. It is 
defined as the process o f  assigning a  set o f  tasks to resources over 
a  period  o f tim e [13]. M any m ethods have been developed to solve 
the single objective op tim ization  p roblem , in o rder to  op tim ize the 
tim e required  to  com plete all jo b s, i.e. considering  a  single objec­
tive to m inim ize the m akespan criterion. How ever, m ost real w orld 
applications o f  scheduling  requ ire  the sim ultaneous optim ization 
o f  m ultiple objectives. D uring  the past few  years m ost researches 
have proposed to solve jo b  shop scheduling  p roblem s w hich consist 
o f  m ultip le objectives. A nt colony optim ization (A CO ) is a m eta- 
hourislie w hich  can be used to solve the com binatorial oplim iza-
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tion p roblem s such as the traveling sa lesm an problem , the jo b  shop 
scheduling  prob lem  and the quadratic assignm ent p roblem , etc [8 ], 
In the recen t years, several papers review ed the M O A CO  algo­
rithm s and  conducted  d ifferent k inds o f  experim entation . G arcia- 
M artinez e t al. [9] review ed and experim entally  com pared the 
M O A CO  algorithm s w hen applied  to the bi-objective travel­
ing salesm an problem . A ngus and W oodw ard [3] review ed the 
M O A C O  algorithm s bu t d id not carry ou t an experim ental study. 
A lso, L opez-Ibanez and S lu lzlc [12] review ed and provided an ex­
perim ental study to understand the effects o f  various algorithm ic 
com ponents for the M O A C O  algorithm s w hen applied on the b i­
objective traveling salesm an problem . Further, our previous study 
[4] review ed and perform ed experim entation  in o rder to analyze 
the perform ance o f  M O A CO  algorithm s w hen applied to the trav­
e ling  salesm an problem . In fact, all these papers have focused on 
solv ing the traveling salesm an problem . H ence, in this study a d if­
ferent prob lem  dom ain  is considered  fo r so lv ing  to understand  the 
behav iour o f  M O A CO  algorithm s. T herefore, the jo b  shop schedul­
ing problem  is se lected  as the prob lem  dom ain in th is study.
T he aim  o f this paper is to review  som e recent m ulti-objective ant 
colony op tim ization  (M O A C O ) algorithm s and evaluate their per­
form ance by changing the num ber o f  objectives and ants. Further, 
M O A CO  algorithm s are app lied  on several benchm ark  prob lem  in­
stances o f  the jo b  shop scheduling  problem  by considering  two, 
three and  four objectives and a detail analysis has been perform ed 
using  perform ance indicators. T his paper is o rganized  as follow s: 
Section 2 review s som e prelim inaries about the m ulti-objective op­
tim ization  p roblem , the jo b  shop scheduling  problem , ant colony 
op tim ization  algorithm  and M O A CO  algorithm s. T he experim en­
tation w ith param eter values, p roblem  instances and perform ance 
ind icators are presen ted  in Section 3. Section 4  p resents the analy­
sis o f the experim ental results. F inally, Section 5 prov ides the con­
clusion.

2. PRELIMINARIES

2.1 Multi-objective optimization problem

A  general m ulti-objective op tim ization  problem  (M O O P) [7] can 
be  form ulated  as follow s, w hich consists o f  m ore than one objective 
to be  m inim ized or m axim ized sim ultaneously. M O O P ineludes a
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s e t  o f  m  o b j e c t i v e s ,  n  d e c i s i o n  v a r ia b le s  w i t h  k  r e s t r i c t io n s .

V =  f ( x )  =  [ h ( x ) , f 2 ( x ) , . . . , f m (x )\ ,

e ( x )  =  [ e i  ( a r ) , c 2 ( x ) , e * ( a : ) ]  >  0 . ^

x  =  ( x i , X 2 , 6  X  i s  t h e  d e c i s i o n  v e c to r ,

V =  ( V i ,  V2-. ■ ■ ■: JJm)  6  V  i s  t h e o b j e c l i v e v e r l o r .

w h e r e  X  d e n o t e s  th e  d e c i s i o n  s p a c e  o f  n  d e c i s i o n  v a r ia b le s ,  w h i l e  

th e  o b j e c t i v e  s p a c e  w i t h  m  s e t  o f  o b j e c t i v e  f u n c t io n s  i s  d e n o t e d  b y  

Y .  O n ly  o n e  o p t im a l  s o lu t io n  i s  f o u n d  b y  th e  s i n g l e  o b j e c t i v e  o p ­

t im iz a t io n  p r o b le m .  I n  g e n e r a l ,  m u l t i - o b j e c t i v e  o p t im iz a t io n  p r o b ­

l e m s  f in d  m o r e  th a n  o n e  o p t im a l  s o lu t io n s .

2.2 Job shop scheduling problem

T h e  j o b  s h o p  s c h e d u l in g  p r o b le m  ( J S S P )  [ 1 5 ]  i s  o n e  o f  th e  

c o m b in a t o r ia l  o p t im iz a t io n  p r o b le m s  a n d  it  i s  c o n s id e r e d  a s  a  m o s t  

d i f f ic u l t  p r o b le m  in  t h e  li t e r a tu r e .  T h e  g e n e r a l  J S S P  c a n  b e  fo r m u ­

la t e d  a s  n  x  m ., w h i c h  c o n s i s t s  o f  a  s e t  o f  n  j o b s  t o  b e  p r o c e s s e d  

o n  a  s e t  o f  m  m a c h in e s .  T h e  s e t  o f  n  j o b s  c a n  b e  p r e s e n t e d  a s  

■1 =  J \ , J 2 , . . . ,  a n d  th e  s e t  o f  m  m a c h in e s  c a n  b e  p r e s e n t e d  a s  

M  =  M 1 , M 2 , A f m . A n  o p e r a t io n  0 , } i s  d e f in e d  a s  th e  p r o ­

c e s s i n g  o f  a  j o b  J t o n  a  m a c h in e  A T ,. H e n c e ,  th e  s e t  o f  o p e r a t io n s  

O  c a n  b e  r e p r e s e n t e d  a s  O  =  { O y | i  €  [ 1 , n ] , j  e  [ l . r n ] } ,  w h e r e  

n  i s  th e  n u m b e r  o f  j o b s  a n d  m  i s  th e  n u m b e r  o f  m a c h in e s .  E a c h  

o p e r a t io n  O , ,  €  O  p r o c e s s e s  o n  m a c h in e  j  in  a n  u n in te r r u p te d  

t im e  p e r io d ,  i s  c a l l e d  p r o c e s s in g  t im e  P ij ( p i j  >  0 )  a n d  it  h a s  

d e f in e d  in  a d v a n c e  f o r  e a c h  j o b .  T w o  c o n s t r a in t s  -  th e  o p e r a t io n  

p r e c e d e n c e  c o n s t r a in t  a n d  m a c h in e  p r o c e s s in g  c o n s t r a in t  -  s h o u ld  

b e  s a t i s f i e d  w h e n  a n  j o b  J ,  i s  p r o c e s s e d  o n  m  m a c h in e s .

In  t h i s  s t u d y ,  th e  o b j e c t i v e  o f  th e  J S S P  i s  to  f in d  a  s c h e d u l e  w h i c h  

m i n im i z e s  m a k e s p a n ,  m e a n  t a r d in e s s ,  m e a n  f lo w  t im e  a n d  m e a n  

m a c h in e  i d l e  t im e ,  s im u l t a n e o u s l y  a s  g iv e n  in  E q . ( 2 ) .

m i n I i X f [ x )  =  { f i ( x ) , f 2 ( x ) , f 3 ( x ) , f i { x )}  (2 )

w h e r e  X  i s  a  s e t  o f  f e a s i b l e  s c h e d u l e s ,  x  i s  a  s c h e d u l e  a n d  

f \ { x ) , h ( x ) , f 3{ x ) , f i ( x )  a r e  t h e  o b j e c t i v e  f u n c t io n s  o f  th e  

f o u r  c r ite r ia :  m a k e s p a n ,  m e a n  t a r d in e s s ,  m e a n  f lo w  t im e  a n d  

m e a n  m a c h in e  i d l e  t im e .  T h e  f o l l o w i n g  n o t a t io n s  a r e  u s e d  in  th e  

m u lt i - o b j e c t i v e  j o b  s h o p  s c h e d u l in g  p r o b le m .

C om pletion tim e (C \):  C o m p l e t io n  t im e  o f  j o b  i 
m akespan (C m a x): T o ta l  t im e  ta k e n  to  c o m p le t e  a l l  th e  j o b s  

F low  tim e  ( F , ) :  T o ta l  a m o u n t  o f  t im e  w h i c h  th e  j o b  t  s p e n d s  in  th e  

s y s t e m

D ue da te  ( d j )  : D u e  d a t e  o f  j o b  i

Tardiness ( T , ) :  T h e  p o s i t i v e  d i f f e r e n c e  b e t w e e n  th e  c o m p le t io n

t im e  C i  a n d  d u e  d a t e  d t  o f  j o b  i

M achine idle tim e  ( / , ) :  I d l e  t im e  o f  t h e  m a c h in e  j

H e n c e ,  t h e  f o u r  o b j e c t i v e s  w h i c h  a r e  u s e d  in  s c h e d u l in g  in  

t h i s  s t u d y  a r e  f o r m u la t e d  a s  f o l l o w s .

makespan: C max =  m a x ( C i )

M ean tardiness: T  =  £  (T t )

M ean flo w  tim e : F  — A  ( F , )

M ean m achine idle time: I  =  £  J Z J l j  ( J>)
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2 3  Ant colony optimization

T he m ore general social insect societies called ant co lon ies, present 
a h ighly structured distributed system . A nts in the colony use indi­
rect com m unication m ethodology nam ed stigm ergy  fo r coord inat­
ing their activities, because o f  ants species arc totally  blind. For­
aging ant in the colony deposits a chem ical called pherom one trail 
on the ground w hen travels back to the nest, w hich depends on 
the quality  and the quantity  o f  food source it carries. H ence, the 
o ther foraging ants in the colony will follow the sam e path in high 
probability. Pherom ones deposited on the ground are evaporated 
over tim e. T his behavior o f  real ants allow s them  to find the short­
est path betw een their nest and food source, eventually. The self- 
organization behavior o f  real ant colonies is based  on the agents 
called artificial ants.
In early  1990s D origo et al. in troduced ant colony optim ization 
(ACO) algorithm s [8 ], w hich can be applied  to solve com binatorial 
optim ization problem s. A nts in the artificial colony traverse from  
one node to another on a graph to find a solution for a p roblem  and 
they use data structures in m em ory, w hich consists o f  the inform a­
tion o f  their previous actions. T he probability  o f  choosing a node as 
the next node is depended on the artificial pherom one tra il laid on 
the path and the heuristic  inform ation, w hich m easure the quality  
o f  the path. A fter com pleting  a tour by an ant, the pherom one trail 
is evaporated and applies a new  pherom one trail on the path. If  the 
com pleted  path by ant is a good solution, then the pherom one trail 
on that path  w ill be high and vice-versa.

2.4 Multi-objective ant colony optimization algorithms 
(MOACO)

Since m ost o f  the real w orld applications are concerned about 
the m ulti-objective optim ization problem s, several a lgorithm s have 
been proposed to solve m ulti-objective com binatorial optim ization 
problem s. T he taxonom y o f  the previous review  papers including 
the details o f  this study, is presented  in Table 1. G arcia-M artinez et 
al. [9] review ed som e o f  the m ulti-objective ant colony op tim iza­
tion algorithm s until 2007 and proposed a taxonom y. P erform ances 
o f these algorithm s have been analyzed on som e instances o f  b i­
objective traveling salesm an problem . It has been concluded that 
m ultiple ant colony system  (M A C S) [5] algorithm  perform s better 
and achieves distributed pareto-optim al front.
Further, A ngus and W oodw ard [3] review ed som e M O A CO  al­
gorithm s and presented  a detail classification based on the dif­
ferent features o f M O A CO  algorithm s. However, it has not been 
perform ed any experim ental analysis for the M O A C O  algorithm s. 
Lopez-Ibanez and Stutzle [12] presented  a new form ulation  for 
classify ing  the M O A CO  algorithm s, w hich is based  on the o ther 
algorithm ic com ponents w hich are not presented , previously. A lso, 
it has been perform ed an experim ental analysis to understand, how 
these algorithm ic com ponents effect the shape and the quality  o f 
pareto front o f  M O A CO  algorithm s. T herefore, four M O A CO  al­
gorithm s including M A CS [5] and m A C 0 2  [ I] , are applied  to b i­
objective traveling salesm an problem .
Seven recent M O A CO  algorithm s have been considered  in our 
previous study [4] and it has been analyzed the perform ances o f 
M O A CO  algorithm s w hen applied to the m ulti-objective travel­
ing salesm an problem . It has show n that AM PACOA algorithm  
[6 ] obtains extrem ely poor results and poor com putational tim es, 
hence it is not considered in this study. Therefore, o ther six recent 
M O A CO  algorithm s are considered  in this study, w hich produces a 
set o f  non-dom inated solutions. T hey a rc -e ff ic ie n t  ant colony op ti­
m ization algorithm  for m ulti-objective flow shop scheduling  prob-
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Table 1. A  taxonom y fo r review  papers on m ulti-objective A C O  algorithm s

T itle  o f  th e Pap er P r o b lem  D o m a in

C om b in a to r ia l

O p tim iza tio n

P r o b lem

C o n sid er ed

N u m b er

o f

O b je c tiv e s

C o n sid er ed

A  ta x o n o m y  an d  an em p ir ica l 

a n a ly s is  o f  m u ltip le  o b je c tiv e  

ant c o lo n y  o p tim iz a tio n  

a lg o r ith m s fo r  th e  b i-cr iter ia  T S P  [9 ]

R e v ie w e d  a n d  p r e se n te d  a c la ss if ic a t io n  fo r  M O A C O  a lg o r ith m s a cc o rd in g  

to  th e  u sa g e  o f  n u m b er  o f  h eu r is tic  m a tr ices  an d  n u m b er  o f  p h e ro m o n e  

tra ils . P e r fo rm ed  a  em p er im en ta l a n a ly z e  fo r  th e se  M O A C O  a lg o r ith m s  

w h e n  a p p lied  to  b i-o b je c t iv e  tra v e lin g  sa le sm a n  p ro b lem .

T ra v e lin g

sa le sm a n

p ro b lem

T w o

M u ltip le  o b je c t iv e  ant 

c o lo n y  o p tim iz a tio n  [3 ]

R e v ie w e d  a n d  p resen ted  a d eta il c la ss if ic a t io n  o f  e x is t in g  M O A C O  

a lg o r ith m s b a se d  o n  a lg o r ith m ic  c o m p o n e n ts . H o w ev e r , it is  n o t p resen ted  

an e x p er im en ta l a n a ly s is .

N o n e N o n e

A n  ex p er im en ta l a n a ly s is  o f  d e s ig n  

c h o ic e s  o f  m u lti-o b je c tiv e  ant 

c o lo n y  o p tim iz a tio n  a lg o r ith m s [ 1 2 ]

R e v ie w e d  an d  p resen ted  a ta x o n o m y  fo r  M O A C O  a lg o r ith m s in  term s o f  

th e o th er  a lg o r ith m ic  c o m p o n e n ts . E x p erim en ta l w o rk  h a s  b een  p erfo rm ed  

to  u n d ersta n d  h o w  a lg o r ith m ic  co m p o n e n ts  a ffec t o n  th e  q u a lity  an d  the  

sh a p e  o f  M O A C O  a lg o r ith m s

T ra v e lin g

sa le sm a n

p ro b lem

T w o

P erfo rm a n ce  a n a ly s is  o f  th e m u lti­

o b je c t iv e  ant c o lo n y  o p tim iz a tio n  

a lg o r ith m s fo r  th e travelin g  

sa le sm a n  p ro b lem  [41

R e v ie w  an d  th e  d eta il a n a ly s is  h a s  b een  p erfo rm e d  to  c o m p a re  th e  

p e rfo rm a n ce s  o f  M O A C O  a lg o r ith m s w h e n  a p p lied  o n  m u lti-o b je c tiv e  

tra v e lin g  sa le sm a n  p ro b lem  b y  c h a n g in g  th e n u m b er  o f  an ts, o b je c tiv e s  

an d  itera tio n s.

T ra v e lin g

sa le sm a n

p ro b lem

F ou r

A  p erfo rm a n ce  stu d y  for the 

m u lti-o b je c tiv e  ant co lo n y  

o p tim iz a tio n  a lg o r ith m s on  th e jo b  

sh o p  s c h e d u lin g  p ro b lem

S tu d y  th e p er fo rm a n ce s  o f  M O A C O  a lg o r ith m s b y  ch a n g in g  th e  n u m b er  

o f  o b je c t iv e s  an d  an ts  w h e n  a p p lied  to  th e  jo b  s h o p  sc h e d u lin g  p ro b lem

Job  sh o p

sc h e d u lin g

p ro b lem

F ou r

Table 3. O bjective functions considered  in each JS S P  instance
O b jec tiv e  fu n c tio n C riterion

T w o  o b je c tiv e s  

T h ree  o b je c t iv e s  

F ou r o b je c t iv e s

m a k esp a n , m ean  tard in ess  

m a k esp a n , m ean  ta rd in ess , m ea n  f lo w  tim e  

m a k esp a n , m ea n  ta rd in ess , m ea n  f lo w  tim e , 

m ea n  m a ch in e  id le  tim e

Table 4. P aram eter values considered
M O A C O  a lg o r ith m to a fi P p' QO
A C O M O F S , M A C O 4 , 

M C A A
0 .0 0 0 1 2 5  0.1 0 .5 0 . 2 0 .0 5 0 .9 8

C P A C O , M A C S , P S A C O 5 .5 4 9 8 E -1 8  1 2 0 . 2 0 .0 5 0 .9 8

lem  ( A C O M O F S )  [14], crow ding population-based ant colony  opti­
m ization  ( C P A C O )  [2], an t colony op tim ization  fo r m ulti-objective 
optim ization  problem s ( 111- A C O 4 )  [1], a  m ulti-objective ant colony 
system  ( M A C S )  fo r vehicle routing  problem  w ith  tim e w indow s 
[5], m ulti objective optim ization o f  tim e cost quality  quantity  us­
ing m ulti-colony ant algorithm  ( M C A A )  [17], pareto  strength ant 
colony optim ization  ( P S A C O )  [ 1 8 ] ,

T axonom y o f  all the m ulti-objective algorithm s considered  in this 
study can be  represen ted  in Table 2.

3. EXPERIMENTATION

T he goal o f  th is experim entation  is to  analysis the  perform ances o f  
M O A C O  algorithm s, w hich  are given in the  p revious Section  2, by 
changing  the  num ber o f  ants and num ber o f  objectives. In m ost o f  
the previous studies [19, 2 0 ], the num ber o f  ants w as se t equal to 
the num ber o f  operations, w hen applying ant colony optim ization 
a lgorithm s fo r the  jo b  shop scheduling  problem , i.e. num ber o f  ants 
N  =  7i. x  m , w here n  is the num ber o f  jo b s  and m  is the num ber o f

m achines. T herefore, num ber o f  ants are changed  in this study to 
see, how  they effect on the perform ances o f  M O A C O  algorithm s. 
O ur previous study [4] has been concluded that A CO M O FS 
and M A C S algorithm s perform ed  best and CPACO, 1T1A CO 4 , 
M C A A  and PSA C O  algorithm s achieved good  resu lts fo r som e in­
stances in the  traveling  salesm an problem . Therefore, these six re­
cen t M O A C O  algorithm s: A C O M O FS, CPACO, m A C 0 4 , M A CS, 
M C A A  and PSA C O  have been considered  fo r th is study. A ll these 
M O A CO  algorithm s have been introduced for d ifferent app lica­
tions. In o rder to apply them  on jo b  shop scheduling  p roblem , som e 
changes should  be perform ed as given in the follow ing section.

3.1 Parameter values and problem instances

T he jo b  shop scheduling  problem  is se lected  to analyze the per­
form ances o f  the six  recen t M O A C O  algorithm s, w hich given in 
Section 2. E ach M O A C O  algorithm  considered  in th is study is ap­
p lied  to solve six teen  JS S P  instances (Ia0 1 -la l6 ) from  the literature 
[ 1 1 ] by  considering  tw o objectives, th ree  objectives and four ob ­
jectives. Table 3 show s each objective function  w ith their criterion 
w hich  optim ized  sim ultaneously, w hile  sa tisfy ing  the constrain ts o f  
JSSP. M O A C O  algorithm s in th is study use tw o types o f  param eter 
settings fo r fair com parison, w hich  is based  on their perform ances. 
F irst, the  m ost effective param eters are identified  fo r each M O A CO  
algorithm  and they can be p resen ted  as in Table 4. A lso, all a lgo­
rithm s are considered  1 0 0  iterations and run in 1 0  tim es fo r fair 
com parison.
Further, the  study considers tw o types o f  m odels by  changing the 
num ber o f  ants, in w hich  it uses 20 ants in m odel 1 and SO ants 
in m odel 2. T hese tw o m odels consider sam e param eter settings as 
given in Table 4. All a lgorithm s are im plem ented  in the sam e com ­
puter using  C odeB locks 13.12 under U buntu  14.04 environm ent 
running on Intel C ore i3 C PU  at 2 .40G H z, w ith 4G B  m em ory.
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T a b le  2 .  A  t a x o n o m y  f o r  m u l t i - o b j e c t i v e  A C O  a lg o r i t h m s

A lg o r ith m

N u m b er

o f

c o lo n ie s

U s e  o f  

m u ltip le  

p h e ro m o n e  

m atrices

U se  o f  

m u ltip le  

h eu ristic  

m atrices

W h ich  s o lu tio n s  

w ere  u se d  for  

g lo b a l p h e ro m o n e  

u pd ating

L oca l

p h e ro m o n e

u pd ating

W h ich  

co m p o n en t  

w a s  u se d  for  

lo c a l p h e ro m o n e  

u p d atin g

A C O M O F S O n e N o N o
Iteration  b est  

s o lu tio n s
Yes

G lo b a lly  b est 

so lu tio n

C P A C O O n e N o Y es
N o n -d o m in a te d

s o lu tio n s
N o -

ITIACO4 O n e Y es N o
Iteration  b est  

s o lu tio n s
N o -

M A C S O n e N o Y es
N o n -d o m in a ted

s o lu tio n s
Y es

Initial

p h e ro m o n e

M C A A M u ltip le Y es N o
N o n -d o m in a ted

s o lu tio n s
N o -

P S A C O O n e N o N o
N o n -d o m in a te d

s o lu tio n s
N o -

T a b le  5 .  R e s u l t s  o f  e a c h  J S S P  p r o b le m  in s t a n c e  f o r  t w o  o b j e c t i v e s ,  o b t a in e d  w i t h  m o d e l  1 ( 2 0  a n ts  a r e  u s e d )

P r o b lem S iz e A C O M O F S C P A C O M A C O 4 M A C S MCAA PSACO

LAOI 10x5 tu*o 0.30 0 .3 7 0.26 1.27 1 . 1 0

L A  0 2 10x5 1.07 5 .1 2 3.32 4 .4 9 4 .9 6
L A W 10x5 8 .5 2 9 .7 7 O.iM? 9.31 7.6 2 i .85
L A W 1 0x5 0.97 1.18 turn 1.27 4 .1 5 0.03
L A 0 5 1 0x5 (UK* 0.40 1.48 0.72 1.77 1.56

A R P D 2.23 3 .3 5 1 A* 3 .0 7 3 .8 6 1.90
A v era g e  C P U  tim e  ( se c o n d s) 128 9 6 9 8 103 146 1 2 1

L A 0 6 1 5x5 u.m* 0 .8 3 4 .1 4 2 . on 3 .2 0 2 .6 9
L A 0 7 15x5 I.X5 6 .8 3 3 54 5 .7 6 7 .0 6 3.41
L A 0 8 15x5 2.08 4 .8 4 5 .1 7 1.02 4 .3 8
L A  0 9 15x5 15.83 1 8 .06 2 1 .1 9 15.83 1 3.86
L A  10 15x5 turn 4.51 7 .1 7 3.04 8 .5 6 4 .7 6

A R P D 3,95 7.01 8 .2 4 5 .5 3 5.24 ,5.00
A v era g e  C P U  tim e  ( se c o n d s) 4 1 7 3 3 4 3 2 9 3 3 5 4 5 2 3 6 5

L A I  1 2 0 x 5 0 .1 6 2 .4 8 6.91 1.12 VtViVf 3 .0 6
L A  12 2 0 x 5 f'U'Kf 4 .0 9 4 .9 6 2.00 0.51 2 .7 8
L A  13 2 0 x 5 (UK) 3.81 7 .3 0 1.36 2 .4 2 4 .2 3
L A M 2 0 x 5 2.35 7 .2 3 9 .4 3 1.1 1 0 , 2  ? 6 . 6 8

L A  15 2 0 x 5 1.81 4 .8 6 9 .7 2 51.U?i 5 .0 4 8 .0 8
L A  16 2 0 x 5 3 .1 5 1.50 a .m 1.72 2 .2 5 2.41

A R P D 1.25 3 .9 9 6 . 3 9 1.82 4 .5 4
A v era g e  C P U  tim e  ( se c o n d s) 100 4 8 7 6 8 0 8 7 9 6 116 0 8 2 7

M ea n  o f  A R P D s 2.40 4 .7 4 5 .2 9 3.14 2.53 3 .8 6
#  o f  o p tim u m  so lu tio n s 8 0 3 1 3 1

3.2 Performance measures f o l l o w s  f o r  m u l t i - o b j e c t i v e  o p t im iz a t io n  p r o b le m s .

R e la t i v e  p e r c e n t a g e  d e v ia t i o n  ( R P D )  a n d  a v e r a g e  r e la t iv e  p e r c e n t ­

a g e  d e v ia t i o n  ( A R P D )  [ 1 6 ]  a r e  u s e d  a s  t h e  p e r f o r m a n c e  m e a s u r e s  R P D  =

to  e v a lu a t e  t h e  p e r f o r m a n c e s  o f  M O A C O  a lg o r i t h m s ,  c o n s id e r e d  

in  t h i s  s tu d y .  R e la t i v e  p e r c e n t a g e  d e v ia t i o n  ( R P D )  i s  c a l c u la t e d  a s

w h e r e  O b j 30i is  t h e  m in im u m  o b j e c t i v e  f u n c t io n  v a lu e  o f  th e  a l g o ­

r i th m  a n d  O b j '  i s  t h e  b e s t  o b j e c t i v e  f u n c t io n  v a lu e  o f  a ll  th e  a l g o ­

r i t h m s  c o n s id e r e d  in  th e  s tu d y .  I I  i s  th e  n u m b e r  o f  o b j e c t i v e s  a n d

^  (  O b j sl>i -  O b j ’ \

£ > 4 — 5 5 5 ^ )
x 100% ( 3 )
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Table 6 . R esults o f  each JSSP  problem  instance fo r three objectives, ob tained w ith m odel 1 (20  ants are used)
P ro b lem S iz e A C O M O F S C P A C O M A C 0 4 M A C S M C A A P S A C O

L A 0 1 1 0x5 3 .8 8 3 .7 6 0 .7 2 0 .1 7 4 .7 9 5 .0 9

L A 0 2 1 0x5 1 ,3 2 5 .2 6 1 3 .0 3 6 . 8 8 1 0 .2 4 7 .2 1

L A 0 3 1 0x5 1.55 4 .9 8 3.11 2 .5 4 6 .7 2 .1.28

L A  0 4 10x5 3 .1 6 1 5 .1 4 9 .2 7 2 1 .3 6 0 .6 9

L A  0 5 10x5 0 . 0 0 0 . 0 0 1.63 0 . 0 0 6 . 0 0 0 .5 0

A R P D 1.98 5 .8 3 3 .7 0 3 .7 7 8 .6 2 2 .9 5

A v era g e  C P U  t im e  (s e c o n d s ) 1 2 2 9 4 9 9 9 9 2 1 2 124

L A 0 6 1 5 x 5 1 .0 7 0 .2 4 1 0 . 8 6 6.61 6 .8 5 1 2 .6 2

L A 0 7 1 5x5 3 .0 7 6 .0 4 1 2 .8 0 4 .9 0 9 .3 4 0 .1 5

L A 0 8 1 5x5 1,5$ 2 .8 4 1 3 .3 4 6 .7 0 3 .5 6 5 .5 9

L A 0 9 1 5x5 5 .4 4 0 .7 7 1 3 .2 8 1.44 7 .4 6 6 . 8 8

L A  10 15x5 2 .5 9 0 .0 4 4 .9 4 3 .2 0 9 .6 5 7 .9 9

A R P D 2 .9 4 2 . 1 1 1 1 .0 4 4 .5 7 7 .3 7 6 .6 5

A v era g e  C P U  tim e  (s e c o n d s ) 3 9 5 3 2 6 331 3 1 8 7 0 4 3 6 6

L A  11 2 0 x 5 0 .IK 6 .6 7 1 2 .5 3 2 .7 7 2 .3 4 9 .9 8

L A 1 2 2 0 x 5 0 .4 0 4 .0 0 1 2 .3 7 0 .3 7 5 .5 9 7 .1 5

L A I 3 2 0 x 5 0 . 0 0 4 .5 0 1 1 .3 5 3 .6 7 0 .4 8 5.61

L A  14 2 0 x 5 1 .43 4 .6 4 1 8 .5 9 2 .81 2 .2 1 1 3 .9 7

L A  15 2 0 x 5 0 .9 0 1 0 .5 2 1 8 .65 4 .9 3 7 .9 9 13.11

L A 1 6 2 0 x 5 5 .2 9 2 .0 8 (MW 1.85 5 .3 5 2 .7 7

A R P D U N 5 .4 0 1 2 .2 5 2.7.3 3 .9 9 8 .7 7

A v era g e  C P U  tim e  (s e c o n d s ) 941 801 811 7 5 8 1 6 8 8 8 3 3

M e a n  o f  A R P D s I M 4 .5 1 9 .2 0 3 .6 3 6 .5 0 6 .2 9

4  o f  o p tim u m  so lu t io n s 7 4 2 3 1 2

w h is the w eighting  coefficient w hich equally  considers fo r each 
objective. M inim um  value o f  RPD  obtains better perform ance. 
A verage relative percentage deviation (A R PD ) is calculated  fo r 
each problem  set as follows:

, i
A R P D  =  -  ^  R P D i  (4)

1 i= l

w here I  is the num ber o f  p roblem  instances and R P D i  is the rel­
ative percentage deviation (R PD ) o f  the problem  instance i.  I f  the 
values o f  R PD  and A R PD  are very close to zero, then it g ives better 
perform ance.

4. ANALYSIS OF RESULTS

Tables 5 - 7  rep resen t the resu lts obtained  fo r tw o objectives, three 
objectives and four objectives JSSP  prob lem  instances w ith  m odel 
1, respectively. R esu lts ob tained w ith  m odel 2 represen t in Table 
8  fo r tw o objectives JS S P  prob lem  instances. E ach m odel consid­
ers d ifferent num ber o f  ants w hich  is 20  ants in m odel 1 and 50 
ants in m odel 2. E ach table presen ts the relative percen tage devi­
a tion  (R PD ) values o f  each JSSP  instance fo r each M O A C O  al­
gorithm , average relative percentage deviation  (A R PD ) values o f 
sm all (Ia0 l-la0 5 ), m edium  (Ia06-la l0 ) and  large (la l l - l a l 6 ) JSSP  
instances w ith their average C PU  tim es in seconds. A lso, m ean o f  
A R PD s and num ber o f  optim um  solu tions o f  each M O A C O  algo­
rithm  are presented  in each table. I f  the average relative percentage 
deviation (A R PD ) values are close to zero, then it re tu rns better per­

form ances. E ach tab le  uses d ifferent colors to represen t the differ­
en t stages o f  R P D s and A R P D s in each row  such that, it p resents the 
m inim um  values in green color, second m inim um  values in brown 
co lor and the third m inim um  values in b lue color.
Table 5 presents the resu lts obtained  for tw o objectives o f  m odel 
1. A ccording to th is table, m A C 0 4  algorithm  returns m inim um  
A R PD  value for sm all instances (Ia01-la05). T herefore, it is the best 
algorithm  as it ob tains A R PD  value very close to zero. Secondly, 
PSA C O  is the bes t algorithm , as it obtains second m inim um  A R PD  
value. Thirdly, A C O M O FS is better than the o th er M O A C O  algo­
rithm s, as it re tu rns th ird  m inim um  A R PD  value. M A C S, CPACO 
and M C A A  algorithm s are no t perform ed w ell, as they return m ax­
im um  A R PD  values. M oreover, A C O M O FS, PSA C O , M C A A  and 
M A CS algorithm s are  bette r than CPACO and m A C 0 4  algorithm s 
fo r m edium  instances (Ia0 6 -la l0 ), as they obtain  better A R PD  val­
ues. Further, M A C S, A C O M O FS and M C A A  algorithm s return 
better perform ances than  CPACO, PSA C O  and m A C 0 4  algorithm s 
fo r large instances ( la l l - l a l 6 ), as they obtains A R PD  values close 
to zero. It can  be  seen  that m A C 0 4  a lgorithm  obtains best perfor­
m ance fo r sm all instances and w orst perform ances fo r m edium  and 
large instances. A lso, PSA C O  algorithm  perform s better in sm all 
and m edium  instances, w hile  returning poor perform ances fo r large 
instances. Further, M C A A  algorithm  obtains good perform ances 
only  in m edium  and  large instances.
R esults ob tained fo r three objectives o f  m odel 1, is p resen ted  in Ta­
ble 6 . A s given in th is table, A C O M O FS perform s best fo r sm all 
and large instances, as its  A R PD  values are close to  zero. PSA C O
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Table 7. R esu lts o f  each JSSP  problem  instance fo r four objectives, ob tained w ith m odel 1 (20  ants are used)
P ro b lem S iz e A C O M O F S C PA C O M A C 0 4 M A C S M C A A P S A C O

L A 0 1 1 0 x 5 1.03 2 .7 4 4 .0 9 5 .7 7 6 .4 5
L A  0 2 1 0 x 5 2 .7 4 3 .8 9 3 .5 9 } y.i 6 .5 5 2 .4 9
L A 0 3 10x 5 8 .6 3 1 0 .5 9 0.*** 9 .7 0 1.04 7.05
L A  0 4 1 0 x 5 U S 1 7 .8 9 5 .8 5 1 5 .76 18.61 6.36
L A  0 5 1 0 x 5 2 .2 9 4 .9 3 2 .0 9 2.20 2.24 H..50

A R P D 3.21 8 . 0 1 3 .3 0 6 .9 4 6 .9 9 3.29
A v era g e  C P U  t im e  (se c o n d s) 127 9 6 1 0 0 8 2 9 4 126

L A 0 6 15x 5 2 .2 4 7 .3 3 5.91 0.00 1.15 7 .9 5
L A 0 7 1 5 x 5 7 .3 0 13.61 1 4 .0 0 8 .0 3 9 .5 9 2 .5 5
L A 0 8 15x 5 2.77 5 .6 3 8 . 1 2 1 .42 3 .2 9 lU T
L A  0 9 1 5 x 5 0,00 11.71 1 3 .8 3 6.33 5.16 9 .7 6
L A I 0 15x 5 (UK) 8 .1 4 3 .9 3 3.99 4 .2 2 6 . 0 1

A R P D 2 .4 6 9 .2 8 9 .1 6 3 .9 5 4.6!$ 5 .3 7
A v era g e  C P U  t im e  (s e c o n d s ) 4 1 0 3 3 2 3 3 3 2 0 9 7 2 3 7 4

L A I  1 2 0 x 5 0 .9 2 6 .1 8 1 2 .9 0 1.76 it Oif 6 .2 5
L A  12 2 0 x 5 o .w t 4 .3 3 1 1 .82 1 . 1 2

> •> ■> 4 .9 3
L A I 3 2 0 x 5 0 .8 2 8 . 2 1 1 0 .2 9 if. 00 0.82 2.47
L A I 4 2 0 x 5 9 .5 3 1 7 .3 4 1 5 .9 8 1 1 .97 2.72- 10.76
L A I 5 2 0 x 5 9 .4 9 1 9 .75 1 8 .4 4 1.86 1 4 .78 7.84
L A I 6 2 0 x 5 4.81 1.74 1 2 .89 2 .4 2 1 0 .08 6 .4 7

A R P D 4 .2 6 9 .5 9 1 3 .7 2 jv 5.24 6 .4 5
A v era g e  C P U  t im e  (s e c o n d s ) 9 8 4 8 1 3 811 4 0 2 3 4 8 8 5 4

M e a n  o f  A R P D s 3 .3 7 9 .0 0 9 .0 4 4 .6 0 5 .6 3 5.13
#  o f  o p tim u m  so lu t io a s 4 1 1 3 2 4

algorithm  is the  second best algorithm  fo r sm all instances, as it 
returns second bes t m inim um  A R PD  value. m A C 0 4  and  M A CS 
algorithm s are significantly  better than CPACO and M C A A  algo­
rithm s in sm all instances. N evertheless, CPACO algorithm  is the 
best for m edium  instances, as it obtains m inim um  A R PD  value. 
A C O M O FS algorithm  is better than M A C S, PSA C O , M C A A  and 
m A C 0 4  algorithm s. A C O M O FS, M A CS and M C A A  algorithm s 
are better than CPACO, PSA C O  and m A C 0 4  a lgorithm s in large 
instances. However, it can be seen that, m A C 0 4  and  PSA C O  al­
gorithm s obtain good perform ance only in sm all instances. A lso, 
M C A A  algorithm  obtains good perform ance only  in large in­
stances, w hile CPACO algorithm  obtains best perform ance only in 
m edium  instances.
Table 7 p resents the resu lts obtained w ith four objectives o f  m odel 
1. A ccording to th is table, A C O M O FS algorithm  obtains best per­
form ances fo r sm all and  m edium  instances, as it obtains m ini­
m um  A R PD  values and  it re tu rns the second best perform ance for 
large instances. PSA C O  algorithm  obtains better perform ance for 
sm all instances, w hile  retu rn ing  significantly  good perform ances 
in o ther instances. How ever, m A C 0 4  algorithm  obtains very  poor 
perform ance in m edium  and large instances. Further, M A CS algo­
rithm  obtains best resu lts in large instances, as it returns m inim um  
value o f  A R PD  and second bes t perform ance in m edium  instances. 
M C A A  algorithm  obtains significantly  good  perform ance in all the 
instances. A lso, CPACO algorithm  returns very  p oor perform ances 
in all the instances, as it obtains very  poor values in A RPD .

R esults ob tained fo r tw o objectives w ith m odel 2 arc presented  in 
Table 8 . A s given in th is table, PSA C O  algorithm  perform s best 
only in sm all and m edium  instances, as it returns m inim um  A RPD  
values. A lso, it returns belter values than CPACO and m A C 0 4  al­
gorithm s for larger instances. m A C 0 4  algorithm  obtains second 
best perform ance for sm all instances, as it returns second best value 
in A R PD , w hile it obtains very poor perform ances lo r m edium  
and larger instances. A lso, A C O M O FS algorithm  perform s best 
in larger instances as it obtains m inim um  A R PD  value and sig­
nificantly perform s better in o ther instances. CPACO algorithm  
returns significantly  good perform ances in all the instances. Fur­
ther, M C A A  algorithm  obtains very poor perform ance in sm all and 
m edium  instances, as it obtains m axim um  value in A R PD . H ow ­
ever, it obtains better perform ance in larger instances.
W hen tw o, three and four objectives o f  m odel 1 are considered  
(see Tables 5 -  7). it can be show n that A C O M O FS algorithm  per­
form s best for m ost o f  the instances o f  ali the objectives except in 
tw o objective sm all instances, as it re tu rns significantly  good  value 
in A R PD . A lso, CPACO algorithm  returns significantly  good re­
sults in larger instances o f  tw o and three objectives and it obtains 
best perform ance in m edium  instances o f  three objectives. B ut, it 
obtains poor perform ance in all the instances o f four objectives. 
Further, m A C 0 4  algorithm  retu rns better perform ances only for 
sm all instances, w hile  ob tain ing  very poor perform ance fo r o ther 
instances o f  all the  objectives. M oreover, M A CS algorithm  returns 
best perform ances fo r larger instances, w hile  retu rn ing  significantly  
good perform ances fo r o ther instances o f  all the objectives. M C A A
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Table 8 . R esults o f  each JSSP  problem  instance fo r tw o objectives, ob tained  w ith m odel 2 (50 ants are used)
P rob lem S iz e A C O M O F S C PA C O M A C O 4 M A C S M C A A P S A C O

L A 01 10x5 0.00 0 .7 8 0 .0 0 0.54 2 .2 8 0.48
L A 0 2 10x5 6.41 8 . 8 8 6.09 6 .5 0 7 .1 6 0.0(1

L A 0 3 10x5 5 .7 9 3.38 u m 4 .3 1 8 .7 7 3.21
L A 0 4 10x5 0 . 6 8 0.41 0.53 1.24 5 .5 5 0,00
L A 0 5 10x5 U M 0.70 1 . 6 6 0 ,9 0 2 .4 0 1.19

A R P D 2 .5 8 2 .8 3 1 . 6 6 2.52 5 .2 3 0 ,9 8

A v era g e  C P U  t im e  (s e c o n d s ) 3 1 9 2 4 8 2 6 4 2 6 5 3 5 9 351

L A 0 6 15x5 2.83 6.41 6 .4 4 (1,00 6 . 8 8 6.06
L A 0 7 15x 5 2 .7 2 1.45 4 .6 1 9 3 7 7 .0 9 1.15

L A 0 8 15x 5 5.18 7 .6 8 6 .7 3 6.13 8 .0 8 9 .3 9

L A 0 9 15x5 « . m 4.22 1 0 .3 6 5 .1 6 6 .5 8 0.55
L A  10 15x5 2.29 3 .1 9 8 .0 3 2.68 9 .2 5 1.37

A R P D 2.61 4 .5 9 7 .2 3 2.83 7 .5 8 L.89

A v era g e  C P U  tim e  ( se c o n d s) 104 6 8 5 0 841 8 5 7 119 8 1 0 0 1

L A I  1 2 0 x 5 0 ,0 0 1 .8 9 6 .5 0 0.61 1.23 1.67

L A 1 2 2 0 x 5 0 ,0 0 5 .9 0 9 .2 1 1.30 5 .5 0 4.37
L A  13 2 0 x 5 6,44 1.03 5 .6 5 1.07 2 .0 3 0.82
L A  14 2 0 x 5 3.67 5 .6 8 7 .7 8 2 .4 9 2.41 7 .3 6

L A  15 2 0 x 5 0 .6 9 7 .9 6 10.11 5.47 2 . 1 2 5 .5 8

L A  16 2 0 x 5 1.73 1.50 1.41 11.40 2 .3 9 1.48

A R P D L 0 0 3 .9 9 6 .7 8 1.89 2.61 3 .3 8

A v era g e  C P U  tim e  (s e c o n d s ) 2 5 1 1 2 0 7 0 2 0 3 5 2 0 1 7 2 8 9 5 2 1 5 6

M ea n  o f  A R P D s 2.1)3 3.81 5 .3 2 2 .3 8 4 .9 8 2.16
#  o f  o p tim u m  s o lu tio n s 7 0 2 4 1 4

algorithm  returns very poor perform ance in sm all instances w hile 
obtains significantly  good perform ance fo r m ost o f  the o ther in­
stances o f  all the objectives. M oreover, PSA C O  algorithm  obtains 
better perform ances only in sm all instances o f  all the objectives 
and m edium  instances o f two objectives. T herefore, it can be show n 
that the perform ances o f  som e algorithm s in m odel 1 depend on the 
num ber o f  objectives, w hile all the algorithm s depend on the size 
o f  the problem  instance.
W hen com pare the results obtained w ith m odel 1 and m odel 2, it 
can be  show n that, PSA C O  algorithm  perform s best am ong other 
a lgorithm s in m odel 2 , w hile it is the second best algorithm  in 
m odel 1 , fo r sm all instances o f  tw o objectives and m edium  in­
stances o f  tw o objectives. A C O M O FS algorithm  perform s best in 
m odel 1 for sm all instances o f  three objectives and m edium  in­
stances o f  tw o objectives, a lthough it is outperform ed  by  PSA C O  
algorithm  in m odel 2. However, it perform s best am ong o ther a lgo­
rithm s, w hile it obtains second best perform ance fo r large instances 
o f  tw o objectives. M A CS algorithm  achieves significantly  good 
perform ance fo r m edium  instances o f  three objectives in m odel 1 , 
w here as it perform s better in m odel 2. M C A A  algorithm  obtains 
significantly  good perform ance fo r m edium  instances o f  tw o ob ­
jec tives in m odel 1 , how ever it achieves very p oor perform ance in 
m odel 2. T herefore, it can be  show n that PSA C O  and M A CS al­
gorithm s achieve better perform ances fo r som e instances in m odel 
2 than m odel 1. A lso, M C A A  algorithm  returns good perform ance 
fo r som e instances in m odel 1 than m odel 2. T herefore, it is show n

that the perform ances o f  algorithm s depend on the num ber o f  ants 
used.
N evertheless, A C O M O FS algorithm  perform s best in m ost o f  the 
instances in both  m odels. A lso, PSA C O  and 1T1A C O 4  algorithm s 
achieve better perform ances for sm all instances o f  all the objec­
tives considered , in both  m odels. M A CS algorithm  obtains best per­
form ances for larger instances o f  som e objectives in both m odels. 
Further, CPACO and M C A A  algorithm s achieve significantly  good 
perform ances fo r m ost o f  the instances in both m odels. M oreover, 
mACC> 4  a lgorithm  returns very poor perform ances fo r m edium  
and large instances in both  m odels. However, M C A A  algorithm  
achieves very poor perform ances fo r sm all instances o f  all the ob ­
jec tives in both  m odels. T herefore, it can be show n that, the perfor­
m ances o f  a lgorithm s are not changed fo r som e instances o f  both 
m odels.

5. CONCLUDING REMARKS

In this contribution , the perform ances o f  six recen t m ulti-objective 
ant colony optim ization  algorithm s are evaluated  by applying them  
to the  jo b  shop scheduling  problem  and taxonom y is p resen ted  on 
these M O A CO  algorithm s. In o rder to com pare the perform ance 
o f  algorithm s, sixteen benchm ark instances o f  JSSP  are tested  on 
tw o, three and four objectives by  changing the num ber o f  ants. A 
detailed analysis is perform ed by using  the perform ance indicators: 
R PD  and A RPD .
A ccording to  the experim ental results in th is study, A C O M O FS al­
gorithm  is the best perform ing algorithm  in m ost o f  the instances,
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as it obtains m inim um  m ean o f  A R PD s, w hile PSA C O  perform s 
best fo r sm all instances, as it returns m inim um  o f  A R PD s. Fur­
ther, M A CS algorithm  achieves better perform ances fo r larger in­
stances than o thers and m A C 0 4  algorithm  perform s better in sm all 
instances. A lso, M C A A  achieves significantly better perform ances 
fo r m edium  and larger instances. However, CPACO algorithm  is 
ou tperform ed by M A CS and A CO M O FS algorithm s and it is bet­
ter than the m A C 0 4  algorithm  in m edium  and larger instances. 
M oreover, according to the analysis o f  the results, it can be  con­
cluded that the perform ances o f  the M O A C O  algorithm s depend  on 
the num ber o f  objectives considered  in both  m odels. A lso, perfor­
m ances o f  a lgorithm s fo r som e instances are changed w hen using 
the different num ber o f  ants. In o ther w ords, som e algorithm s like 
PSA C O  and M A CS perform  better w hen using  the large num ber o f 
ants in a colony. How ever, som e algorithm s like A C O M O FS and 
m A C 0 4  are not depend on the num ber o f  ants used  in a colony. 
A ccording to our previous study (A riyasingha and F ernando 2015) 
and th is study, it is show n that the A CO M O FS algorithm  perform s 
best in both com binatorial optim ization problem s: T SP  and JSSP. 
A lthough, M A CS algorithm  perform s better in TSP, it is not per­
form ed well in JSSP. Further, PSA C O  algorithm  achieves best per­
form ance for sm all instances o f  JSSP, w hile ob tain ing  slightly  bet­
ter perform ance in TSP. A lso, CPACO algorithm  retu rns good per­
form ance in TSP, but it obtains slightly  better perform ance in JSSP. 
Further, M C A A  algorithm  achieves slightly good perform ance only 
fo r larger instances o f  both com binatorial op tim ization  problem s. 
A lthough, m A C 0 4  algorithm  obtains very p oor perform ance in 
TSP, it achieves better perform ance only fo r sm all instances o f 
JSSP. T herefore, it can be concluded that M O A CO  algorithm s be­
have d ifferently  and obtain different perform ances fo r each com ­
binatorial optim ization problem . In o ther w ords, the perform ances 
o f  M O A C O  algorithm s depend on the com binatorial optim ization 
problem .
T he future w ork that arises out o f  th is study is to apply the o ther 
nature-inspired  algorithm s -  such as the particle sw arm  op tim iza­
tion algorithm  and the artificial bee colony algorithm  -  to the jo b  
shop scheduling problem  and com pare their perform ances.
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