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ABSTRACT

This thesis proposes a modified Genetic Algorithm for Flexible Job-Shop Scheduling
Problems. The proposed algorithm is improved the genetic process. Firstly, the Fuzzy Roulette
wheel Selection is used for the original Selection. Secondly, the Cluster-Crossover operator, the
parent chromosomes are divided into two clusters with the similarity value then to the crossover
operator. Thirdly, the Mutation-LS operator, the variety methods of the mutation are improved

chromosomes to the optimal solution.

The proposed algorithm has been evaluated by three benchmark problems and compared
the results with the other algorithms. The experimental results show that the proposed model is

very effective in solving the optimization problems as compared with the other algorithms.

I



naanssnszmea

a ) /2o Yy oot 2 aq 9
3%811!1/‘”!‘51!ﬂ’lﬁﬂUlﬂﬂ]ﬂﬂ31uﬂ§ﬂ!1ﬂ1ﬂ@1ﬂ15fJ'V]lﬁﬂlﬂ TIA.NT.9174 ﬁiﬁlliu ‘Vlslfﬁ

Y
=

Y q Yo a [ 9 ' A Yo w A
anwj Tdmsuuzlumsaanazmsud lvilgm Tdanusomidenasasuliiaslandun

F) Y
NN DAN
4 =S o =S
YONIIWVOUNIEAUAMINTIANZINA TU Tadasauma ao1uma luTagnszaon
Yy v Y ' ~ a £ a Yy 19 Y
maudnannsatanszdannmui ladszansuszaminldundim

@

a 4 {
YDUDUNILAUNTENTANGIMIFASHazNA Tuladh lauounUTFUIANITLNII

q LX)

9 @

a 4 = 9 L) [ 9 Y d' v A
mmmﬁmuazmﬂiuiaEfl,wmewmuamamammmmmmmumﬁﬂuwu TIUNIU

q

@ a 4 ~ 1 AA 9 @ 1 a3 ] = [
WannInseaasuazma lu Tagursmanlinsadvayuuazquaer la laituedgiaaun
9 Y
I
A S 9 A Yo w 'y v v y_A
YoVoURUNOU NHoInnAuNAsliA1aIlauAd 1IN INNUIINTINANE
= o = v v o Y 9 A
maluTagasguma annjumalulagnsz1eun dud 1uUNH1Ta1an szl 4z Mg
a o 1 4 0o 1
yiMnoaoma Tuladswueaadiuu nanunaeslssauauldnudusegandly1dded
Y [
gAMoiTINIVe NIV UNTZAMLAT  WITAAZVOVRURUATOUATINADY TR
o Y o Yo o = 1 'y Y
anwsn TaaouTou lidaslaneuguundinm
1 dou R A a a o”d’l 9 F) a A a
AaAwazllss TeyugunalinnInadnusl NwavegiimneyInszgaiial 113

v

v 3 @ 2 o= 1
owiunsnuazmsnes glﬁﬂﬂ%uﬂg@TﬂTiﬂﬁlﬂTﬁWﬂﬂﬂWﬂ

IFTUNT NINY

I



GRRTILSY

Y
U
UNAATD VY N oo I
UNAATONTHIDINNH .ottt i}
T AR R E VG r AL ST 11
IYTATT e v
TR R 1L T T VIII
P31 | Do . . IX
2 \
UNN 1T UNUL. el SNt O oo 1
3 o W
1.1 Az E AV UMY o 1
1.2 AUINNIBUAZ AU TS EIAUDINIT AN 2
13 VDU AUDIIT A e e e e e e e e, 2
1.4 U5 o uNOI T AT e i, 2
Y
1.5 VYUADUUBINTT A WE QI IDE e e 3
A = Av A A 9
VNN 2 NYHRUALOTUITIMUDIIVOL oot o st 4
2 T I DAANT NI VT AN ol o e 4
2.1.1 aNHAULUBITUHINITIAATTWANTHAN | 4
2.1.2 ANHUEYBUATOIINT TUMIT AR oo 5
2.13 miadngemaaud s Ul rInIIIAe1T 19N ITHAR. oo 7
2.1.4 1050310 1uMTIAUTLANTAMNNITVIAMNT VTN oo 8
A A P}
2.2 NOUYIRIWDIL. 2500 5 N sl 9
Y
2.2.1 MIVANGUUEVAUY U i 9
= a 3 a R
2.2, 2 UUARND AN TN oo 10
IR 11 1 O 11
Av A 9
2.3 AN IVIVIDI IO oo 12
2.3.1 A Simulated Annealing Algorithm for Flexible Job-Shop Scheduling
PLOBLEIN ...ttt ettt ee et seees e e s e e ereneeseenenees 12
2.3.2 An efficient Job-Shop Scheduling Algorithm base on Particle Swarm
OPUIMIZALION ..ottt 16

v



a15ia (A0)

‘Wl?h
2.3.3 An effective hybrid Particle Swarm Optimization Algorithm for multi-
objective Flexible Job-Shop Scheduling Problem..........................c.ooo 20
2.3.4 Knowledge-Based Ant Colony Optimization for Flexible Job-Shop
Scheduling Problem................cooiiiiiiiii 23
2.3.5 An Artificial Immune Algorithm for the Flexible Job-Shop Scheduling
PLOBICII coccoiii i 27

2.3.6 An improved Genetic Algorithm for the Distributed and Flexible Job-shop
Scheduling Problemi...............ccoiiiiiiiiiiie i 30
2.3.7 An effective Hybridized Genetic Algorithm architecture for the Flexible
Job-shop Scheduling Problem ..........c.....ccooivvooiriosriiicienrceseses e 32
2.3.8 An effective Genetic Algorithm for the Flexible Job-Shop Scheduling
Problemt. 2977 el \Nle & Feveey . [ A7T1 BB 35
2.3.9 An efficient knowledge-based Algorithm for the Flexible Job-Shop
Scheduling BroblehIATATATOM . € S e S BN 37

2.3.10 A new Biogeography-Based Optimization (BBO) Algorithm for the

Flexible Job-Shop Scheduling problem ..., 41

unit 3 malsulgSidnsaneiiudmsumssamsunmsnaauuuaduwuusanguy. . 46
3.1 mﬁmiwzﬁﬂﬂgmmaﬁmﬁﬂé’aﬂa‘%ﬁmmuﬁmam ............................................................... 46
3.2 u,u’mnmsﬂ%”uﬂ;ﬁmﬁﬂﬁaﬂ@?ﬁuLmuﬁ%&zﬁu .................................................................... 47
3.2.1 NTZUTUATTAIRON .ottt 47
3.2.2 ATEUIUNITATOT 1OLIDT oo 49
3.2.3 NTEUTUMITUIATU e 49

3.3 1R300 M IUYB S ATITITUAUE o 51
3.4 sanesfuithiauedmsulymmssansumandauuunuduuudandu... 53
341 PTUNUATAT T TBUTURU s 53
342 MIFAIUIBAIAI e 54
3.4.3 masaaon a3 Tu Toud00980 G ANUUUTSE o 55



a15ia (A0)

VI

Y
U
4
RN R R T2 8012 & S 58
R IR AR T Vo 1252 Y 60
Y
3.4.6 MTAUNUT AL AUGANITINIU o 62
= (% = a (% Aa <R ) [ 1% a
UNN 4 MINagounN3Uivl§aangans I Nua T UNMTIANIT NN THAN
YAV T BAMYU eee 63
4.1 VOO IF UM I MATOU 64
A A A 9 [ Aa A
4.2 1030900 N 1 I UPITIAUTE RN TN e 66
d’ = [ d‘ 1 1 [ A K d‘ o
4.3 MINATBUNOANHITIVSNTINANDOANDTNUNUWEUD oo 67
o 1 a 4
4.3, LN TR TN O DT o et e et e 68
IRy S0 ] LAY e YR AY e VA VN A AY T | W 68
433 STERERTIVPeRNL/. . OO \NT € PO gt - 74
4.4 MINAA0U T2 ANTAINNITNINUVDIOANDTNUNUUTUD MGA
TaonaaeunugadoyalIATgIu Brandimarte’s (BRdata) nf5euifisunuma
nTefBoN N R 7 SN S A 80
4.1 T A TN IO e e e e e i 80
W X ARG N Lol O S =F)174 (i Ay 4 A 81
AN AN TN e W e T OVl 81
4.5 MINATOUUTLANTNMNATMNUVIDAND I NUNNAUD MGA
Tagnaaounugatoyan1ns§ 1Y Fattahi ct al. (Fdata) 1fSeuieunuma
ATNARD IO U T ID U e e 83
4.5 DT OTEUARTNIT D oo 83
852 WANVTNADDL - oo 83
4,53 AFUNAMITNADOY. ... 85
4.6 MINAADVYTLANTMNAITMINUVDIOANDTNUNUUAUD MGA
Tﬂﬂmaauﬁum%’agammgm Barnes and Chamber library (BCdata)
= % a o d‘
WS eUNIUALHANITNADD T UAIUIVIDOU e 86
4,61 DVTOTHUARTINIT D oo 86



a15ia (A0)

4.6.2 HAMITNAAD ...
4.6.3 AFUNAMITNADOY... o

4.7 a3UHamMINAToUANDI NUNTUAUD o

NN 5 AUHANITIVIAZ LT UM oo
5 AGUOIATY. e
5.2 AFUNADTINATOY ... b e ot i
5.3 QAUAUUDIINUITY
Y a o
5.4 QAADUVBINIUIDY ol b i
5.5 taymanwaTus e 20 S o S

5.6 UUIMSIUMSTNAIAB TUO A

DNA1ID1904

MPHH I, ..ol o ALLLL L)L LY o M SO A e A) () L) L1335,
a d' Yo a a o [
NANUIN N WATUD EJ‘I/'Ihl@] UNITAWHWINILNT ...

o 9
Us R AlTay S0 N1 D2 YW TR 7 SN O\,

vl

.................................... .100

.................................... 137



AN

A ]
A1319N i
2.1 $208NUDITYHIVUIN 4 QTU 4 IATOITNT oot 12

' A SAq
2.2 AWITIADT N TF IUNITNATOU e 16
9 ' a sq Y
2.3 §AUDYANAADULAZATNITUADTNIFTUNITNADDY 35
a ] Y] a A a a 4
2.4 HOWAWHANNTVOI0AND3 NUNTNTENBVOIFNTINM QUM AATIAY
= a 3 a K
VU A D AN TN e 42

3.1 mafSeuieumimnoudio s syanmaLouiafwanss NuLazMIAUN

BRI o AN V75T . 50
@ ' o 1S 9 I =
3.2 @egumamnamlanauedlas Ty luaadoganuuulesd. oo 55
4.1 Yol BRAgtam =N 217 L SO W B - NN\ 64
4.2 yafifin Fdpay = PN, ~ L2 S0 OO 1> P S - AN 65
4.3 fofioya BGME AL M NC N [ WO \LISN S . AN 66
1 a J =} o Aa ' a A [ a R
4.4 M35 1S58UMeUTTEN N0 U SEANTAINYOIBANDINY .o 68
4.5 ANTIivesveedanos AU d M UYATONA BRAALA ... oo 81

4.6 manfsouiiounanisnanesdmsudesya BRdata 5213198an0s MUNI U0 MGA

v v AR A
NUO NG TNAYOLD.... M LS S S T 4 S N Y A . N 82
' a 4 @ a { o o o 9

4.7 ﬂ'l‘W'li'lllW]@iell’f]\‘l@aﬂ@5ﬁﬂﬁu’llﬁu@ﬁ’lﬂﬁﬂ°§ﬂ%ﬂi&ﬁ Fdata ........coooooooiieeeociee 83

=

4.8 manfSeuiisunanmsnaaesdmsudoya Fdata synieanes nuilitaue MGA

v v a R A
NUDANQINNIPY sy B o W N3l a o e 84
1 = 4 v a A o o o

4.9 ﬂ1W1iHJLG]’E')iiGU’E]\‘16aﬂ@iﬁhﬂu1lﬁu@ﬁ1ﬂiﬂ°§@ﬂﬂl}ﬂyjﬁ BCdata ... 86

4.10 msnfsevieunanisnaaesd s Ddelya Fdata sz nindanosnuimitaue MGA

AL D ARDTNUDU e e e 87
= 1 d’ [} [ 4 [ a R
4.11HaNMINAa0 A5 oUNeUMAAAAADUTUNNTUDI 8 DANDTNY oo 91

Vil



ey
GRARNIIATR]
vq)
51N N
2.1 08 INVDITUN LU TSSP ..o 6
2.2 A8 INVDITUW LU FSSP ..o eeesesese e eeesees e 7
2.3 §08NMIA319YARMIADUVDITYNWIDIU FISP...oooooooooeeeeeeeee e 8
2.4 UWHUTUAUAVOIYATIAD .ooroooeeeeoeeeoeeeeee oo oo 8
o a R 49’ Aas [ I o w cszl/
2.5 0aNOINUNUFIUYBIITNMTTINGUITUBIAUT U o 9
U I o w g‘/
2.6 UAHUATNATT TN QU UGINUBU e 9
2.7 AWBINUYATIABU ... oottt e it 13
2.8 MVTIVN T A YA VAT AN .o s e 21
2.9 MITANTHAYATIAOU B-SHNG. oo 21
2.10 Puuvesgieepr.., . 2GR L BRI V2eR IS s o AN 26
2.11 fAbunuvoalen by e N /.S \ s/ 0NE20INCe o AN 28
9 [ o
2.12 MSANTHAGAMADUTATTUTHU i 31
2.18 gD ot a9 s W/ Gy W Feococael o) vem Ll 36
2.14 TR 9 A AU Y T VOV o o e e 38
2.154Operation Mémory] LM DN LL L LLULLURIIG 7 ST S ) o WL 39
2.16 M3 a1 a3UBITATINTOWINWNY HAZOWENWODN oo 41
o o [ 4 [} 4 Y
2.17 gafmaoud msuilyna 3 91U 410509905082 8 TOROFITHFU 42
2.18 1A S AFUANNINL AN (@U) VOIYATIAOL o 43
3.1 TA59a19amM IO UUI0 AN T MUY e 52
3.2 @y mIMsKAALDUMOUIDLBARGY USZINN 2911 3 1AT09NT 53
3.3 08198 AHBIE 10T T TS MU e 53
3.4 AIUYTENOUUBI AT T LY oo 54
3.5 MIUseuUMIIAT1IMTHAA TU U TAT T THY e 54
3.6 MAUAAMNULATIAOU (10T T THU) e 55
3.7 ATEUIUMITOADIAU LAT L L0 e 56
a g Y
3.8 AT NFAIANNARIUDTIAT L LY e 57
@ [] < =
3.9 @ree191ns T T Tuasdog@nuuuds® 57
Y] [ Aaxy 9 < g}z a
3.10 6129819175 T T TUATIAOANUUUABAY o 58

IX



s1ii Wi
3.11 Mg 1M stden 1as Ty Tasua oAU UAUITN oo 58
3.12 710619 TULN QU TATTU THURTIDIL oo 59
313 AI0GINITATOT TOIIDT oo 60
314 MITUUATULUY MU 61
315 MITUUATULUY MUZ. o 61
316 MITUUATULUY MUt e 61
317 MITHUATUIUU MU ... i e 62
3.18 NILUIUMITUATULUD TAADD o 62
41 HAMINABBIMITUTININ 10754 AMSUTONA MKOL o 69
42 HANITNARBIMITUSILIN 10754 FMSTUTOUD MKO2 o 69
43 HAMINAROIMTTUTINAL 10 S AMSUTOUD MEO3 oo 70
44 HOMINARBIMITUSTINAN 10 A5 AMSUTOUA MKOA 70
45 HANISNABBIMITUTINAN 10 759 AMSUTONA MKOS o 71
46 HAMINABBIMITUTININ 10 A5 MSUDOUA MKOG oo 71
47 HEMINABBIMISUTININ 10 ASY FIMSUTOUA MKOT .- 72
48 HANMINARDINITUTININ 10 ASY FMSTUTOYD MKOS e 72
49 HANMINARBIMIUTININ 10 ASS FMSTUTOND MKO9 i 73
4.10 HANSNARBIMITUTINAN 10 ASa AMSTUTOYD MK i 73

4.1 nluaaam i sueunan1INaan N6z 199anes N IGA GA 1y

8aN03 71U BBO @S URATOND BCAALA. ... oo 89



[ o U
1.1 anuiunmazanumayvesilym
o [ a 4 Y 9 Y a 7q YA
mﬁu11/immmmﬁm@gﬂamuguﬂﬂuﬂ15ﬁﬁNmmaam“lvm‘imﬂuwamaiﬁlwu
{ o a o o 19 4
mﬁfﬁﬂuflﬁﬂﬁﬂﬂﬂizﬂﬁumiﬂﬂ NTNILTM mﬂ%’mqwa uazmimqmmﬁauﬂumamu‘yEJ
A q v a v Y Y =2 g A Ay vo ~
LW@i%iumiﬂﬂﬁu%ﬂlﬂﬁﬂTiLl,ﬂﬂﬂJu“l/i”lllﬂ’tJfJNgﬂﬂm dutluaan 1dsuanuauls vaziimsg
o ] 1 A ) 79 Y o 9 1 g Y Ao
‘wwmmammmuaﬂ@ammﬂizqﬂ@%ﬂmmmumm FAIUNINTUNNATUNITIVYNIT
o A . 2 A o o a J Y Y
AU (Operation Research) @atlsuiinemanmivostyantszavgunlylunsuniym
LU ﬁiymmii‘i’ﬂmiwmiwﬁﬁ (Scheduling Problem) ﬂtymmmauwmmm (Assignment
a ] I .
Problem) uazﬁtymmimumwmwummw (Traveling Salesman Problem) Lﬂuﬁ)u GTNEQ{’J‘L!
1 Ay o ~ 1 YY o w o 1 1o J
umﬂuﬁmwm@mmﬁmmmumgmaimamﬂmmmwmm U AINIGA AGIYA LA
A A 3 v ' v o W A o a
MMz aunga 1Wuau Glumwumﬂtgw1miimammmmaﬂmmmiwmiwmiwam
s { : Y Vo = q 9
Audfaynilszan NP-Hard 141U Combinatorial Optimization %1899 Jayr1nlea1m
o A L 1 vy v v 2 2
MA0LE1IUIY uazsvIaveIlynunuautaaedlsar lunmsunymuiuunvuily
=4 = . Y <] 9 o a J
HUVONS InuiTea (Exponential) miuﬂ‘ﬂt‘gﬂﬁlu1ﬂmﬂﬁ11ﬂiﬂ1%ﬂﬁﬂﬂﬁﬂm@]ﬁ1ﬁ'¢]'ﬂuﬂﬁ

Y ! yam a g . A A ax 2
undayr1 iy 0191995 15003 UdY (Integer  Linear Programming) H30251ANNILLAY

3 ' § ] o
YoUWA (Branch and Bound) 1Wudu daudymindauialng uazlinnusudeuszingly

v
=

nann3Usgural (Approximation Optimization Algorithm) ermae UMMz aunga

aQ

ax a a A e I Aax & A ) Aaa
ANITINA-FITAAN  (Meta-heuristics) !,‘]Ju'JTJ'ﬂ']ﬁﬁu\‘i‘ﬂﬁTﬂJTiﬂﬁTﬂ']@@UV]ﬂVl@'ﬂIﬂﬂ
Y

Y]

o o < o {
oenannsUseuim lLﬁ$flﬂ'3']lli'3ﬂliﬁiuﬂ15ﬂ§$ll:]ﬂﬁWﬁ mﬂﬂﬂ?ﬁﬂTﬂWﬁ@Uﬁ%U“ﬁ@uqﬁa

= a %

@ [l o a R axn A a a R & & [ AR A A a o
A708190aN03NUVYBIITNITUAD UUANDANDITNY FUUUOANITNUNATULUVIIANUINITNI

o A Amaa = J = o Aa A o ~ 1 A
NUTNTTHUDITINTIN Gml,ﬂumﬂmﬂuﬂizﬁ‘n‘ﬁmwms‘mﬂmmﬁmﬁammmmzﬁumjﬂ

De

v v

molunaifimvue yenvniidalioanes MunsmaounveIngueynin  (Particle Swarm

a

o 3w =2 A A A o ax
Optlmlzatlon: PSO) Lﬂu@aﬂﬂﬁ‘ﬂuﬂlaﬂullﬂﬂﬂ15ﬂ']f‘JTWAI'iEUf‘JQZJJQHﬂﬂﬁ@d\?ﬂﬁl DANDINY
a I o a {
DIUTUANUA (Ant Colony Optimization: ACO) Lﬂu@ﬁﬂﬂﬁﬁﬂﬁlaﬂu!lﬂﬂﬂ’]ﬁﬁ’]@’]ﬁ’li"uﬂﬁuﬂ

9
samslunguuesmsaurmuuTanea (Local search) 1T MIAUHIMLUAIY (Tabu Search:

a a

I Y a9y 9 o a R a . .
TS) L‘]JuﬂTiﬂuWHl‘UUiJ"U@WnJ Hagaandinuasilianinatiouuand (Simulated Annealing: SA)

'
Aa A

2 Y 1o a Y Y A
L‘]JuﬂTiﬂuﬂ1ﬂ1ﬂ1@6U%1ﬂllu’3ﬂﬂﬂ1'§ﬁl%’qmﬁﬂ1ILWf]‘l"iﬂf]llTﬂﬂZiﬂ@giHﬁﬂT)%LﬂllW%ﬁMﬂgﬂ

U

Fludu



v
Y =1 ] Y

9
msfny lunsatlazgaudumslsoljaruaoumsinauvestuansanesiuuuy
9 v ' v
auaylumsdumnmaeuimmngauigadmsulymmsdaasemsnaauuuauddangu
(Flexible Job-shop Scheduling Problems) Tag1/Su1lgaludiunszuaumanianugnssu laun
Q/ o d

1) mafadenlszansdunuy Tagiuaue “19doganuuuW®s®” (Fuzzy Roulette Wheel

. an 9y < a X a Y J Y Y

Selection) LNUITNADIANUVUIANTIVLNITUINNUAAGIZNIN AT Ty Tsna31a19ae9

v W A A 9 v ' 4

mnzannuanyuzyedlns lulsy e@eniszmnsduuuy 2) MIunguasea 11103
° ' I 1 a

(Cluster-Crossover operator) f1vualiuiaTas InTeuduunwiy 2 ngulasiiarsaain
d‘d 9 (% [ 1 = 1Y zgzl.l =S o 1 d‘ Y4

Tas TuTeuntuanuadwiuednguiasIny 9nUUTITDE Ins Ty Tymienauiug uag 3) M3

HuatuuuuTanea  (Mutation-LS operator) —Li0@3 197 WMAINNA0VBIYARIADD TAY

Y

o 1A a a 9 1 o w
mmuammmﬁmimgwu 4 ﬁ‘lmm MU1, MU2, MU3 uag MU4 a1ua1ad N1snaga

A o

a A 1% a { [ 9
ﬂiz’d‘ﬂ‘ﬁmw"Umﬂaﬂ’aiﬁu‘ﬂuuﬁuaiﬂﬂﬂﬂﬁ@ﬂﬂﬂ‘gﬂ%@gﬁhi@iyu Llagﬁllﬁ'ﬂlﬂﬁﬂuwaﬂ’lj

NAADINUSANDINUIINIIUITIDU

v (Y] d =
1.2 mmag\mmﬂlmz’mqﬂ’izmﬂmmm’sﬂﬂm
d' a s 1 9 = a @ a K 3’_, a o v
1. MDA IENMIAAULAZYAABEVBINUANDAND 3 NULIUATANd M T U TyvIns
1AMT NMITHAAUUUN AT ALY
A a 'd v A 1 % 9 U =
2. MR AATIFHITIVENTHAABNIZUIUNTNNHUFNTTN Taun MsAaden nsasod

J a o
To1303 1agMsNIATY

[

3. elSviljuazwmuidanoanes iudmsudymimsians N sHaaLIUAIY

Fadangulrnlszansam

Q

1.3 YdUIUAUDIIIUIVY

o [

Y v
1. udvsiiuguedanes uinavInmM Uil enszuiumsneiugnsINves
9 ! ]
%Lu@]ﬂaaﬂaiﬁuLL‘}J‘]JmLme?miuﬁﬂgmmsimmi”mmmammumumﬁﬂwqu
a o dy a a A o - 1Y d A a
2. Qma%ﬂuﬂizmuﬂizﬁmﬁmwiﬂﬂﬂmuﬂﬁdﬂ%uaﬁqﬂizmﬂ o L?ﬁ?iuﬂ”ﬁﬂﬁ@]
) ?Mﬁﬂﬂ“ﬁ?jﬂ (Minimize Makespan)
da v v
1.4 Uselavvimanazlasy
IS 9 9y [ a KR Aa a a
1. Nﬂ’J"I?JEﬂ'J']ﬁJﬁﬂ(lﬁ]i’]aﬂ'ﬂiﬂll%"l\ullﬁq-aﬁﬁﬁﬁﬂ

=~ 9 9 = [ A A A Y v a A o v =< A
2. llﬂ’Nllgﬂ’NllLéll”lbli]!,ﬂEJ’Jﬂ‘]JLﬂii’NiJE’JVIGlﬁ]f’Jﬂ‘]JiSﬁVl‘ﬁﬂ”lWﬂﬁ‘VlN"lu"Ui’N@aﬂ’f) Nnun

T¥dmsudyminmsiaasumssaauuuauddangu



(%

WUyt NMInaauDUA N IIANEY

a KR d‘dﬂ

3. 1doana3nunil

an
ee
E2)))
=
=)
po)]
3
=
2 R

{ g o @ o @ a
4, AAULYUNTIUIVY Lﬂué’lj llUUﬁ1ﬁ5Uﬂ1ﬁﬁﬂ‘]&l'll!agwwu']\j']u!lagaaﬂ@iﬁm

U

1.5 YHUADUVBINMTANHUIIUIVY

v
v A o

= a [ a K a A a zﬂ' FY 9 1Y
L. ANEINIUIVYNUUTUDDANDTNUNINIUA-FITTAN LWE]G],G]SG],UﬂWiLLﬂﬂﬂJWWﬂWi%ﬂ

a 1 a @ A A A Y
ATTNNITHAALD VAN ﬂmmaawm'lmcwu LLﬁZﬂﬂJuﬁWfJu‘] NINYIUVDN

g

v
aAa A

% [ [ a o [ 9 [ =
2. Anmguinerdesnumsiausanes nudmsuunTynindaas1en1snan
] % [ a d’ A dl 9 [ a a o a K

U ANHULVDINITIAAITINNITHAN 1ATDIeNlEN15IalseanTanvedoans TNy Lay
o 9 ~Aq Y IS
anvazvesteyan lglunmsnagou Wudn

3. MAEULaz N UudansI Ny v

4 i Tdsunsuawginuudanes iud ldeenuun 13 Taeldlsunsy MATLAB

J v
I05F¥U 7.6.0.324
[ =1 9 d‘ 9 [ a a
5. 09NUVUMITNADILAzIAMTENToyanaaouiNe ¥ lunisinlszansain

o a L

9aneINuN
a

o

) 1
due MInHuINMInaaeanuYeyan lFd msunadoy

s1man1snaang

q

6.

7. 9AN151991UN 15 IY



2

=).

un

%4

= a d' d' k%4
ﬂqyg]gmzmm SNINEYIVDI

2 ' dy I J ' 1 = @ a
“luu‘nu%umm@m@@mﬂu 389U Iﬂﬂﬁ?u!LﬁﬂﬂﬂW?ﬂﬂﬂmWTﬂ1§ﬂﬂ@]’li’Nﬂ'liNfW]

1 = a =

= dy A A 9 @ ao X U A I = av
AIUN 2 DFUVWINHHHWUFTUNNGIVDINTNIUINYU LASTIUN 3 1WUs198208AU0991UIY

A A 9
NNYIVN

U a
2.1 ﬂﬂluﬂ1ﬂ1iﬂﬂﬂ1i1\‘lﬂ1iﬂﬂﬂ
Y i
Gluﬁﬂuﬁi]g’E]‘ﬁlﬂEJL?]EJ’Jﬂ‘]JaﬂHm%ﬂJ@ﬂﬁﬂJUWWﬂWii]ﬂﬁ1i1ﬂﬂ1§Nﬁ@] ANHUSUBI
d‘ v a d‘ =} [ a A [ a =) =S
AT099NT IUNITHAR Lm%tﬂiﬁ]illﬁ)cluﬂﬁ’\)ﬂﬂig’dﬂ‘ﬁﬂ’w\lﬂ15ﬂﬂ@niNfﬂiWﬁ@] Tagilisioazioen

@

J

=le

2.1.1 AnHZYRIyHINISIANI 3N ISHAR
a A = o dy Y oA
TugaaMnIsuNMIINA W 15991451 d9F091INgNAT 1591 UITAUTUNIT
° a Ao s A qu a oo g A v &
NuHULazMrUaMINMsHan lagiiagilsz aesdme limsaaauduadoaui Idauwu &

[ (g a

uaag IseuagiidodinamudnyugnIzUIUNMTHARRIANANN Y WU Usznnau T1udu
A @ a A A (% I Y Y a A
1A303903, UszANTMuveuaIedIns tazyaang Wuau ludiuveslsz@nsnmvoanis
a Y Y o Y = v A @ Aa ] ¥y A =
HanvzaAodlgainuiosnga tazl5a309903 IUNTZVIUMTHAADENANAINGA FIN13
] v v
ANUAMTINNITHANIZADIMNUATHIAZIIAIN ST UAULAZ TUTUTAV0IIU FI92A0J
doanaoenuddunudnyuaziiou lvueanaazulunszurunmsnanliainisaly
1 )
1309903 NSz @nsnmgeganelddesinanuanyuz ve sl AIIUNITIAAITNNITHAR
. =2 o Ao o I A Ay o [ v o w a
(Scheduling) VaidutlavendiAgaz I udInMmedIMIuN 11 IRUMTIAGIAUNITHAN
T 9 ]
(Sequencing and Scheduling) Fsmsuntlan luiiosduvesmsianmsraminan lasnalidos
pIeANNTIIYIAzIFeITIYURIYAaINTAeuHUMIHEA TUNsTAa 1AL NMTHan 173
Usz@nsnmgegauazmunzaununine1ns minszuuauiivinalvauazinnusudeuun
A A v A a A A 3~ A& v £ °
WiomseIInIllszansnwinvainvale Nazidarinnsarum IimsauniAinouves
ax v a Y Y o o ) v
AmMstamsmsHanenazdeslsnatnulumssiuiamdiaey wieutaynieis 'l
o vy A 9 a o & @ a .
aunsommaonlaiiosninldnanunuly duiudyminisiaa1s1an1swan (Sequencing
1T g I a % {
Problem) Do uilwilulymilszinnoond luesu  (Optimization Problem) A N13119A%

' o v

. . .
mimzaungaauianduihvune (Objective Function) HiAaiganioladosina (Constraint)
dad : 2

?x’/ = 1 d v FY I 1 A 1 =1
Sumﬂigmuuq G]f\iﬂ"lﬁ\?ﬂ“lfutﬂ”lﬁu"lfﬁﬂﬂ%q@]@ﬁllﬂu%]”l@]"Iﬁﬂﬂi'f)ﬂ”l@ﬂfjﬂeuu@ﬂﬂﬂﬂmuﬂ”lﬂ

q U



° v ' g A A o < ' 2
Anw [1] Yo ldTymasnanduasi 1dsuanuanladuedrannnslumanguiuaznig
A wa A o a o 1 Y 9 A a dy a Y Aa
YU esnnamsaimufaainanun lsuddymimnevulugadivinssumanan laes
£
msnaaulumstamsmssaalunuideiidsznoudae
- 91U (Job): vimnedenulumsemsnan myrualiis v n au ae Ji,ie{l,2,...n)
4 o a 1 { o
- Toulo$i5%u (Operation): vuneduzavesninssuluuaazau (J) Ndeainuizes
o w 1 4 % N { . 4 @ { .
awdAy WU J, YszneudesavesTenledisdu Oy, jef1,2,... i} i Terlesisgud |
A o . = A o ~ o Y o Y A o
- 1309905 (Machine): WuwduATeIdnsNamTaInala muualiiiniowins
' ] v
$1UIU m 1A5099NT AU UIEAVOUATEINT My, K e{1,2,...m]
o o J 4 Y
- 17819197 (Processing Time): HRN8D932021813 10 Uv0 Az To1lo 1591 Oy
vUIATeIINT M, 33 (L<K <m); uaasds P, 31100710

< o s £
- NAUFTIVDINU (Completion Time): LIAIMNMMATITUVDINNNU (C, )

[ d‘ % a 13 Y
2.1.2 anymzﬂlm!ﬂﬁmi}ﬂﬂumwaﬂ uueilu 5 Usenn Vlﬂllﬂ
4 t)” 3 : : R P [ I T " .
1) 13933 31A87 (Single Machine) IEUUVUNATDIINTLNYILATDILALD FINNITUNINIU
v A Y = o
ﬂ’]ﬂiﬁlﬂi@ﬂﬂﬂﬁlﬂﬂ’)ﬂu
) L , < 281\ o A 4
2) 1AIDINIUUUUYUIU (Parallel Machines) Lﬂuizumnmﬂ‘im%ﬂimuau m ATIONN
A @ ~ o v = v A A o S Y
IHUBUNU Tﬂﬁl%hﬂﬁﬂNWHUU%UWﬂM GmﬂmmazQmﬁmTimaaﬂmm\‘ﬁ]ﬂﬂﬂﬂ”lﬂslu m
A
IATBN
A o A 1 A A [ o A
3) tﬂi@ﬂ%ﬂﬁl!ﬂﬂqﬂalﬂ@u (Flow Shop) WHTEUUNUATEINTTIUIU m IATOILAY
3’4 A g I =y o 1 ~ o A o ~
QTHVIQW?J@UJLﬁuV]’Nﬂ]ﬁIIWﬁm@ﬂﬂ?ulﬂugﬂllﬂﬂlﬂﬂ?ﬂu FEUAIUN 1T MUUATONINTN 1 91U 2
o 4 o A A =2 A o 9
MUUATDIINTN 2 llﬂ!ﬁ@fl“’] IUUNTDIINTFANIY

a a 3 Aa A v ° A '
4) msnanuuuile (Open Shop) WUTTVUNTATOITNITIUIU m IATOS LABZITU

' 1]
o v A [ Y

y 4 1 1
ADITNTANT U ULV VD IUF IV UAT0I9 NI AT 0 TuTvei1naneInUduN199u
YoIUAaZ Y tazaIamuuadunamsraalinuaazaula

A ] 3 A A @ o A T =
5) MINAAUVUAINEFS Job Shop) I UTLUUNTATEIINITINIU m 1ATOI AR U]

idunmsmhianuvesauomuiguaaiimue Tasdsn1590A151913094AR A0 (solution) 1

VAN (n)" 3T 39 n HUPDIIUIUNULAL m HUPDITIUIUIATEITNT BAAIDE1VUIA
Paruagsnuisvesnmsuddymdmsy 3 Taymide dam 10 910 5 1509903, Tayn1 10
A o A 1% A 32 65
AU 10 10399903 tag Ty 30 91U 10 1AT099NT AD 6.2924 x 107, 3.9594 x 10” 1Ay 1.7243
328 o v @ 1 < 1 o axn Y = o [
x 107 awdey nndymdinanezmundiuuisvesnmsuntymilisiuauunuag lu
Yo U Ao o Y = a @ ] v Y
ausn lamasy1d lunaininne 18 FamsnaauuumuIEINTaNLNANANNFUFoUYD

'l 2 1szian Ao



5.1) Tyn1n139AaA1319NIINAALVAINTS (Job-Shop Scheduling Problem: JSSP)
v v
W30TQHIN1TIAM T NHAALL AN TUDUAUAY (Classical  Job-Shop  Scheduling) Tag
A @ Aa a ] 9 R a A1 ' v Y =
IATONTNIHANTUAIAINANNABINTUBIGAA NI UM INIAAINAITIED 195U NTTUINANTU
A 9 + I 9 @ ' a o 9 A A
arameuuden nszidh Hudu dedumsndauuuamudsamnsoudas ldamgln 2.1 7l
o 1 14 o o 1 [ 1 4 @ )
QU 3 U uaazaudl 3 ToesisFusiuawmig N tazuaaz laesisyusnauuu
A o A o Y o 1 1 A 4 v A o A [ A Y
n3eesnsaunmviuald dre19 5w a1ud 1 Tewedistui 1 Hinuuwasessnsh 1 14

1 I
6 viv2eal udu

Operation (machine/Time)
Job
Opl Op2 Op3
J1 1(6) 2.(6) 34
2 1(2) 3 (10) 2 (6)
13 2(6) 1(4) 3(6)

511 2.1 Are819va 9 gyr DY JSSP

Y

5.2) TymIMsTams NMINAANDDAINAEANEY (Flexible Job-Shop Scheduling
a < < a o 1 ] 1
Problem: FJSP) -~ szuumsnaaiitilumiloumsaaauunainduaiininuianguuinni
1 A 1 A o W 4 1 AMak 9 = 1 4 % =
nanae Tuugazaniididulenlosmsuidivuald swdasTonlossyuaiuisaiden
A v o Y ' A Vv A A A o ' A =
1A3039N 3911 1ANNAIMTeIIAY 119304 1HBe91NA3099NTNAAZIATOINAINE D
e ldvarnuare @re1elugili 2.2 naassouanu 2 auadaznudunsalimavesle
J o 1 [ 9 1 J &Y A d‘ v o d’ [
nlesisduuanaenu 18 igas Tenlesissua1usn@enng 09903 1HMIIUNNFAVDUATOITNS
~ o 9 o 1 1 ~ o o A A A [ o Y
nannsoanla drediury aun 2 Tenlesissuil 1 awisa@enasessnsianla 2
o o

1304 fio M, 191081 12 wiienat wag M, 191181 14 wiiaenar dau M, udasdrodadnual «

1 ) I
- wnead A o s wudu



] H 11 Y
Tumsan ldmmuaauuagIuneINVOIU Lag duATINEINUATDIINT ALl

Machines
Job Operation

M, M, M,

0, - 10 11

J, 0, 2 3 4

0, - 4 5

0, 2 14 -

1 0,, 5 7 6

02,3 - 2 -

319 2.2 Are1vveslyniuy FISP

U

[

1) quNATINEIN U

Y ¥

NURNIHVATANUNT O & AT UAUVDINTIAAITI
Tuansouenanulimuumsestnsunnnai 1w lunandernu'ld
= ) o A 1 YA 1 A
ImImruanaIs i umMsvodaazuuay lnianm
o 9 o g’/ A [ 9 I a o o
MrualinatlsuaaunissdnsuazavudenluaasznNaIL AUy uag

[ dy 0. Y
nawartignsan 1 lunadiiiumsuda
yauzhau lugwsounsnnuiegizangh

NNNUTANNT A YNINY

2) AUNATIUNBINULATOIINS

A [ g’/ A =} 9 A 2 9 o = A Y
AT099NTNI m (ATOINANUNWTBNNVLISUAUINOIUNUN B A UTUAUVDINTS
SRR

1 4 &Y o 4 Y] 4 .
Tunaaz TenlesissuaunsauunIeasnsiieansodfen lunaimile

A ) A ' ] 9 = = ' °
Lﬂi@\iﬁ]ﬂinﬂlﬂﬁ@ﬂ@Q1Uﬁ91ugw3@1]1%\1’]1!&@13Ulllllﬂ1i!ﬁf]1u53ﬁ'ﬂﬁ1ﬂ1ﬁ1u

2.1.3 msadgameeudmiudayminisdamsamnan

nnfeddoyailyminmstamsumsnaanuumudidangulugln 2.2 awnse

Y I3 Y v A o Y o ' o o 4 o
ﬁ"i%‘i"]j@ﬂ'l@]f)‘ﬂll@ﬂﬂiﬂﬂ 2.3 IﬂElﬂ'lﬂu@sl“l/iﬂ'ﬂll81'36116\‘]‘Bﬂfﬂﬁ’f]ﬂlﬂWﬂ‘lJ%'lu'JuI’E)!ﬂf]‘i!i%u

U L

2‘, 1w 4 Y g’; o o o o .
MAUAUDINNNIU NINY 6 Tolo5i5Hu %1ﬂu1!ﬂ11’iu¢1aTﬂ‘]JﬂﬁVHﬂu(luG];ﬂﬂW@i’]’U%Q

1 1 1 v o w 4 % . o w
dsznoudie 2 @ de a@iui 1) misaaaulenesisFu (operation) UTAIBIAUVDY

1 ~ A d‘ [ . di [ ~ A Y
RUYAVNY LUASTIUN 2) NITADNATDIINT (machine) Llﬁﬂ\‘]‘lfilﬂﬂlaﬂlmiﬂﬂﬂﬂiﬂ@,ﬂlﬂﬂﬂl‘ﬂ



o ) o 14 o ¥ X o A a o o w R 1
maudmsyTelosis¥uiu G?Nﬂﬁﬂ%uuﬂﬁWﬁ@]ﬁ]%“l/ﬂﬂﬂ]ﬁﬁ]‘umﬂ%iﬂll‘ﬂell’ﬂ Aan98191u

[
=1

1o o 9y =K = 14 v A A I o A
gﬂ 2.3 a1AULIN (LUNY) HUIDIUN 1 Iﬂlﬂ@ﬁlﬁ“ﬁu“ﬂ 1 (!,1.!@\1ﬂ'lﬂ!‘]Jua'lﬂ‘ULL'iﬂéllfN\‘]']uVI

[

o o 4 % { 1 1 o % H d’ U
1) MrualimauuwaIeadnsn 2 aruadausaly (duilse) nueds aun 1 Tenledissu

U

A A 3 o v A A o Y o A @ A < 9
n2 (mmmmﬂum@‘um 2 UBINUN 1) ﬂ']ﬁilﬂiﬁﬂ'\\‘]'\l!ﬂumﬁ@\‘mﬂﬁﬂ 1 uau JUATUND

[

) X an A o o 14 Y A A o =\ an ax U I R axa
a1y “]N’J‘ﬁﬂ"l'imﬁ]ﬂaWQ‘UTE)HJ?ﬁLSGD'u HaZinaninIoNINI VU A18ID Tﬁﬂﬁ@’m‘ﬂuﬁ‘uﬂﬂ‘ﬁﬂ

ed.

A ¢ w A o A o Y o v
ﬁ13JﬁﬂmE]ﬂi@tﬂﬁ]’ili‘lfu!,m&ﬂiﬂﬂi]ﬂ'iLWE]unﬂﬁ’iN‘ljﬂﬂW]@‘Uulﬂ

( VI Operation \ \* Machine
I [ 1 L2080 e ), | T™f, 1 | 3 | 2 | 3

(3

511 2.3 dedmsadnygemneuvesilynuiuy FISP

2.1.4 193991luM A3z FNEMNMTIAMITIIMINAN

a J Y 2 = =
UHUQTUNUA (Gantt Chart) gnwianyulszuiatl a.#.1917 Tag Henry L. Gantt &9

I A A 1 a A A Y A <]
L‘]_I1!Lﬂﬁ’ENNﬂ%?ﬂﬂ?ﬂﬂ?ﬂﬂﬂ!kﬂﬂﬂ?ﬂllagIﬂi\‘lﬂ"liﬂWﬁ‘Uﬁ‘H']ﬁﬂuﬂﬂJi“BNTﬂTuLWﬂllﬁﬂﬂLﬁuﬂﬂ

9
(2

o v J a 1 A a é’ 9 A o shé =2 [
ANUTAUNUTUBDININTTUANG) Mnavumelananmrua liwuIA MU INTNeINT Lo

= A 9 1 a = (% a a A @
AU UNNIDUIAN IV UAaZNINT TN FINSIaYszilulszanininves luaanison

(%

a a a § 1 1% a ' a
ATTINNITHARN mmmﬂiwuu"lﬁ’wmm%wag VanBMZNITHaN 15U a1 luMSHansIN

Ll’e)EJ‘Vlﬁﬂ (Minimize Makespan: C_ ), UIUNUNAN (Number of Tardy Jobs) g 818191

max:

9999 (Maximum Lateness) (Fudu Tuansdseil 1818ms dseiunnnalunsnaaswiides

a

[
=1

{ 4 o { g o Aa
figa ewaun1sfi 2.1 Wa Cy,Cy,...Cp Mo tavesmasuiniulyIdlumsvanisamanaa
= A ) A 9 a Y A KX o 4 @ A
Favzdonmnoun ldnar lunmsndaiesiiqga ez Z vunedaiagllszaenveanissnaseid
o (% A ~ @ ] 1 o ) ~ 9 Hq Y
Mg asaunsi 2.1 31N 2.4 uaasaredummnevosgamaotangli 2.3 1narnly

lumswaasamveannau (c,, =35)

Z=f(C1,Cz,...Cp) .1)

M3 [ 20213 | 133
M2 | J1.01m2 232

M1 201 M1 |

32 35

ﬂﬁ 24 LLWHﬂﬁJ!Lﬂuﬁﬂl@Q‘b’ﬂﬂWI@U (C_ . =35)

max



ada .y
2.2 NYHYNNYIVDI

2.2.1 madanguiudiduyy

Y
o v %

o ' < . . . < 4 { A a 4
msvanquillud AU (Hierarchical Clustering) 1iluasosioniionldlunmsinsizy

an Y

AuliuIAAL19INIBNMTA319 1UUTENT (Binary Tree) N13520NQUAZHITUININANNY

=3
()
e
)}
o—A

[

= vy = = Ay Y 1
AAYANNUITHINVDYA G]fx‘lﬁuﬂﬁﬂll‘ﬂﬂlﬂu 2 1% llﬂll.ﬂ
1 I o w g}z . . .
1) N33 JuﬂQNLﬂUﬁiﬂU%u (Agglomerative Hierarchical method)
I~ ] 1 A 1 ' 9 I & 1 [l Yy a 1
L‘].]“L!ﬂWﬁLL‘UQﬂQ?JTﬂﬂﬂ@??ﬂﬂﬁuﬂﬂﬂlﬂﬂg’ﬁLﬂuﬁuﬂﬂ@ﬂﬂﬂﬂ VINUUNIITUINGN
' ' 4 ' ) ' < v g < '
ANMUARIYTENINYUIET oA DI IWNGUATIAT 2 NGNAUNTZNITIWNGUNIHUAI UNgUIRY)
< g’/ [ a K ~ A o 1 Y Y [
ﬁmﬁaﬁgﬂgﬂuﬂlumumuﬂaﬂﬂwmmzuwumwmmgﬂﬂ 2.5 LL'C’ISC!JJ@%@ﬂquuﬁ’)ﬂ%hlﬂﬂ'lifﬂﬂ

NgN 2 NG NQU G1 ={1,3,4} ay ngu G2 = {2} Ag1N 2.6

o ' Y ! o T 9 9 a J
a) MUIUMANVANIYIENIRMHHIVDIVOYAAIYAT1UNAT N
9 9 1 Y
b) T luruaouse 11l
g v iad ' Yo
- s2ungudaya 2 nquiedlndn
-dSumanuadie senindinmisdoyamununguIningnsaw

o [ v 9 I YALSAY o
¢) MIAIUNTYNI ﬂqmay’mﬂuﬂqm@mﬂu

d' a R axy ] o v )
31]7] 2.5 aﬂ’asmwugmmmaﬁmisWﬂqm‘ﬂumﬂmu [3]

a T g o v &
ﬁﬂ‘ﬂ 2.6 llwucﬂ'lwﬂ']ii'JiJﬂanlﬂua']ﬂUG]fu

Y

S
%

ad 1 J = = as d'dy 1
ATNITIINNQUVDINTTTINNQNUDVVNUUADUNYIA1YID [4] Tuitiszvenan

Aad Aa Y A
w5 den 1Y Ao



10

1.1) ABMITIMNGUUVDIAYI (Single Linkage) W158191NAIANNARIOUDIR

19y

Noglnanga Asauns 2.2

- min d.. 2.2
ds (G, H)= min d; (2.2)
di . . A a 1
1D i, Ao ANFNVDINGN G LAz H
d A0 TLILNNTENINMLHNUL 1, |

1 Jd a 1
1.2)3‘%mﬁﬁmﬂgmmummum (Complete Linkage) W%"Iﬁﬂﬂ%"lﬂﬂTﬂ’J"liJﬂg"lt’J

) = o
Yoagiey Inanga Avauns 2.3

de (G, H)= d. . 2.3
CL( ’ ) i!g?é(H ij ( )
d‘ P A a ]
110 i, ] A9 AUTNVOINGN G Az H

d AD TLISNNITHINMLNUL i, |

1 1 o o & A A 7 : =
2) ﬂTiLL“INﬂQJJL‘]JMﬁM‘U%u (Divisive hierarchical method) Ao (FUINMI
[ 1 A 1 1 1 1 = v A A A ' = 1 g}/ g}/ ] I
LL’]JQﬂt]NI@EJ‘E]@’JTVJ‘ﬂﬁu')ﬂﬂg(ll‘lﬂijﬂlﬂﬂ')ﬂuﬁﬁ@ulwﬂﬂﬂi:lllmﬂilwnuu mﬂuuum@amﬂu

NANEDYY)

2.2.2 JuANSANINY
UANTANDINY (Genetic Algorithm: GA) AAAY A8 John Holland 11l a.7. 1975 [5]

TasfnEIMYBHVRINTITAUININIIFITUFIA UATNGEHYEY Darwin NANHING Y]

[

a v d' 1 [ 1 L U 1 o

FMMImMInugnssuNasonleneadnyuza1en ligiuae il iy miasealones
A % < % & 1A 2 ]

(Crossover) Az M3AAATY (Mutation) 1Hudu Haansnlade Ins luTeugnhdrunioudas

a o o A = A ~ A
NILUIUMINITIINNAIIIMsAnRen Ias Ty Tguaelas luTyunal Tenmaganozgniaen

u
y
o & Ao R

aatuTas T Tsumemiuul Tuezdulas Tu Tsunay

[

9
W’ﬁﬂﬂﬁﬁ%ﬂuﬂl@\ﬁ]lu@]ﬂﬂﬁﬂﬂiﬁu UUUABDUAN

e

1) ﬁl?il’umumim%umi Usznoudis mmruatansuihuie (Objective Function)
uazmsimuaguuyas Ty TsuTasmsdsWasgadinoy (Encoding) auanymzvoatlyn
2) Tuneumssuinms Uszneudae
2.1) adalsznnivse Tas Ty TwuGudusiuau N Tas TuTaw

2.2) mwramiauavestansudhvneluuaaz 1as TuTauy



11

I A

23) dadenTas TuTawiteduTas TuTsuduuuy Taadenguainiadegidnii
afrnnmilauguenaaz Tns Tu oy

2.4) mansedalones Ae mahlas lulsuduuuy Tuau 2 TnsTuleun
wandsuszninsuiieaialas TuTaumem (Offspring)

2.5) msfuasu fie m3viugemlulas Tulsugn eaduanunainvaie
I Tas TuTeulumsySulzelas TuTawy

2.6) asnvaeuidonlumsnga S1dalinulfhmssadonTas Ty Tauda iy

9 H
Uszansguoa luag ldhauaeun 2.2

2.2.3 W d1an
3 a A

WasEiaa (Fuzzy Sets)ilumsanni lag Lotfi A. Zadeh 1u1l 1965 [6] 31nunIAANG BT

gJ/ A { [ I a 1
AUV VANAY (Classical Set 150 Crisp Set) AnmsuaveramsiuanFaveusa 1301

[l 1 ] A ] ] - W 1T A o < a A = 1 %
uueu “loy uye «lailay mmﬂﬂawqﬁ)uiummLﬂuﬁuwmummﬂmmmmuﬂﬂwmu
1 1 ) 9 3 v o d : =~ J A

20819 AHUA N X WU nANTUNUT (Universal Set) azlipanllsenoune x a1u1so
= a 9 ¢ v A Jd @ @ * . v
WEUTEUEAAIBWNINFU f,(x) AD ﬁmﬂmﬂmaﬂymzmmgw A (Characteristic Function) @4

aun1s 2.4

fa(X) X —>{0,1} (2.4)

A < a
WelmaNnutuansn

4 () :{1 if xeA

0 ifxgA

'
A

I a A ] Y a % Y = Z’, a =K A
Tummgﬂmimﬂmmwmaammﬂaiﬁxﬂﬂﬂa1mmﬂgzﬂa%1ﬂmqyz;]wmmummu NY
o = = 2 o 9 s = a0 o I a
mamgeilasayaulylagimualiesdlssnenludamaaiarszauanuiluaniyn
' ' v ¥ J @ 1 1 v A g 1 A G v T
VOIUFADYISHIN ouaz 1 muumﬂﬂnﬂaumﬂanmmz'lummmwamﬂ%m@”lﬂ% 1159]
' J ] 1 J ) @ = = a Jd v 1
GW%ﬂzﬁlﬂfUNﬁ’Ju ﬂ%@llﬂJGl“]ﬂJNﬁ’Ju mmumqyammmuﬂcﬁmﬁmﬁauﬂmﬁﬁﬂ%ummm
< a A = T < a Jd o . .
AHuaun¥nae W, (x) 580NN uanI¥nuealanyu (Membership Function) ¥9ai%a A

AIANNT 2.5

fA(X): X —[0,1] (2.5)



12

A A < a
welmaNuduausn

v
1 21 x ogluiwa A favua
pua(X) =4 0 a1 x luogluiwa A 1ae

O & x eglun A v1adu

U

a d' d' k4
2.3 U YNUNYIVDI
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; S | eumgiisudy | swawdtuiiseudas TIUTEUFIFR
v Uszanns (T,) Tunaazguuigil (n) | vevanoiiin (N)
SFJS1 20 35 30 20
SFJS2 20 32 30 20
SFJS3 20 76 50 50
SFIS4 30 84 50 50
SFJS5 30 38 50 50
SFIS6 30 75 50 50
SFJS7 30 102 50 50
SFJS8 30 62 100 50
SFJS9 50 55 200 50
SFIS10 50 132 200 100
MFJS1 100 120 200 200
MEJS2 100 112 200 300
MFJS3 100 125 200 400
MFJS4 200 136 200 500
MFIS5 200 130 200 500
MFJS6 300 145 300 1000
MFJS7 300 157 300 2000
MFJS8 500 152 300 3000
MFJS9 500 170 500 3000
MFJS10 500 150 500 3000

2.3.2 An efficient Job-Shop Scheduling Algorithm base on Particle Swarm
Optimization

Tsung-Lieh Lin, Shi-Jinn Horng, Tzong-Wann Kao, Yuan-Hsin Chen, Ray-Shine Ran,
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2.3.3 An effective hybrid Particle Swarm Optimization Algorithm for multi-
objective Flexible Job-Shop Scheduling Problem
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2.3.10 A new Biogeography-Based Optimization (BBO) Algorithm for the Flexible
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4.4 Manaaevilszansmumsniauvssoanasnuniitaue MGA lag

maeuﬁ’uqﬂ%’ayammgm Brandimarte’s (BRdata)

ﬂ’]ﬁ‘ﬂﬂﬁ@\?‘ﬁ 2 llﬁlﬁ'lﬂ'l51/]ﬂﬁ@ﬂﬂigaW%ﬂWWﬂ'ﬁﬁ%ﬂu"U@\igaﬂ@%ﬁﬂﬁﬁTLﬁu@Iﬂﬂ
NAFOUNUYATOYANIATFIU Brandimarte’s (BRdata) [20] 3113 10 30 Tae IdifSeuiouny
59aNDINY hALLA 1) LEGA (LEarnable Genetic Architecture) ‘ﬁﬁuauaiﬂa Ho et al. [37]
2) JSSANT (Job Shop Scheduling with ACO) fiuaue Jag Girish and Jawaliar [38] 3) PSO
(Particle Swarm Optimization) ‘ﬁﬁuﬁuﬂiﬂﬁl Girish and Jawaliar [39] 4) KBACO (Knowledge-
Based Ant Colony Optimization) ﬁﬁuﬁ Wo lay Xing et al. [14] 1ag 5) BBO (Biogeography-

Based Optimization) Aave Ing Rahmati 1182 Zandich [31] fe
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a
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- BRdata (MKO1:MK10) 100 - 400
1 3 I'4
aNuUIzlunsasod oo 0.5
1 I~ a Y
AN UNITU AT 0.5
- quUANiTUAY 100
- 903INTANAIVOIQUNYN 0.95
< %
-9ANIIUAD 0.98
d’ o 1 o 1 d‘ o
Qoululumsngamsaviau maov Tunlasuulassuiu 80% wod
sznsisudu

4.4.2 HANINAADI
z:all Y o ~ a a (% a AR d' o (%
minaaedil larinmsafSeumeulszansanueanosnunuuaue MGA fu
% A A Y 9 v
danosnuduldun 1) LEGA 2) JSSANT 3) PSO 4) KBACO taz 5) BBO laglanaaeun
Yyr1n1399a15 9N IHAALUAA AN Y Av 40yayA BRdata 114U 10 yAdoyanIs
d' [ a a (% a AR d' o ) % a % Yy Y d’
naaeuiodInlszansnmuesoanes i nauedmsudymoond luwdu ldd a0
A J ™ . 9 I
ADUNIADT Intel ® core ' i7 2.8 GHz (4 GB of RAM) uaz 14151053 MATLAB 1195%U
d' Y o = a a 3’1 [ a R Y (% dyw A
7.6.0.324 HamMInaaodn ldiimsafioumeuilscansnnusdnes 9ansInuaea1%Ia Ao

a 1 4 o o
L’mﬂumiﬂﬁﬁiﬂuﬁﬁ]ﬂ@ﬂ (Minimize Makespan) HATAINAIAAADUTNNING (Relative Error:

RE) 449115197 4.6

4.4.3 agdwaminaans
MInaaedn 2 MmimsufFeumevilseansninueidanos nuninaue MGA NUS
danoinu 1aun 1) LEGA 2) JSSANT 3) PSO 4) KBACO 1az 5) BBO d115uv0yaya BRdata

[

v o X
Waﬂ1§ﬂ@aﬂﬁﬁ1ﬂ1iﬂﬁ?ﬂwa1@ JU

©Q

ganosnuninaueaTadumImmaoDmmzaugalasiuiu 2 yadoya

U

9 =~ A 9

(MKO03 1az MKO08) wuideny 5 oanesnuiiniouiion aiugadoyaiiido 8 gadoya

k)

(MKO1, MK02, MK04,MK05, MK06, MK07, MK09,MK10) 8anesfiutinaue liduso
Aurimmae vz auiigald uaansosumaidiaeuimuizdy 1d Inaifeanua

o = ~ Y 1 @ a R 9 T
AINDUNINUITTUNGA (lower bound) hl?”l@'ﬂ')'l 590n0INY Iﬂﬁlﬂ'lWi'J‘JJﬂ'ﬁﬂu’ﬁ'lﬂ']ﬂ'ﬂiJ

'
A o

' 4 @ o J : @ a o v @ a 1
!,Wll'l$ﬁllflﬂ1ﬂa’lﬂlﬂﬁﬂuﬁMWﬂﬁlﬂaﬂﬂlﬂﬁﬂaﬂ'ﬁ]'ﬁﬁll UUTUD MGAFININ S 'E]ﬁﬂ’f)iﬁll h]J(s’%’!!,ﬂ

o

1) LEGA 2) JSSANT 3) PSO 4) KBACO tag 5) BBO tiionffgunsunumaaianaoudunng

MANMNL 19.54%, 23.57%, 26.08%, 27.24%, 22.17% 1ag 21.35% Aua1au
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m319di 4.6 msufFeniisusanisnaassd1iudoya BRdata szMI198anes Nyt udue

]
=)

% (% a R
MGA NU2aNaINuol
~ & El ~ s
< — = - = > = —_ =
% 5 § g § % § : g 5 Proposed
S 3 |g 7 Z|8 sl s F | 8 = .
Problems nxm LB P = E 2 g S ; 2 8 < S oé 5 model:
Qo 2 < = < &b =) =
2 2 w = £ = - ® E MGA
= = ®»n = = =
- = X ~ =
©) € g
40 40 40 39 40 40
MKO1 10x6 36
(11.11) (11.11) (11.11) (8.33) (11.11) (11.11)
29 26 27 29 28 27
MKO02 10x6 24
(20.83) (8.33) (12.50) (20.83) (16.67) (12.50)
204 204 204 204 204 204
MKO03 15x8 204
(0.00) (0.00) (0.00) (0.00) (0.00) (0.00)
67 66 62 65 66 61
MKO04 15x8 48
(39.58) (37.50) (29.17) (35.42) (37.50) (27.08)
176 174 178 173 173 173
MKO5 15x4 168
(4.76) (3.57) (5.95) (2.98) (2.98) (2.98)
67 77 78 67 64 64
MKO06 10x 15 33
(103.03) (133.33) (136.36) (103.03) (93.94) (93.94)
147 143 147 144 144 143
MKO07 20x 5 133
(10.53) (7.52) (10.53) (8.27) (8.27) (7.52)
523 523 523 523 523 523
MKO08 20x 10 523
(0.00) (0.00) (0.00) (0.00) (0.00) (0.00)
320 328 341 311 310 307
MKO09 20x 10 299
(7.02) (9.79) (14.05) (4.01) (3.68) (2.68)
229 247 252 229 230 227
MK10 20x 15 165
(38.79) (49.70) (52.73) (38.79) (39.39) (37.58)
Mean Relative Error 23.57 26.08 27.24 22.17 21.35 19.54




83

=)

4.5 MIsnaaaudizansMmunsnauvessanaInuiiaue MGA lag

NATOUNUYAUDYANINIG 1M Fattahi et al.(Fdata)

msnaaesd 3 ldmsnagenlszaniammsianvessaneiiuiiuauelae
NAFOUNUYATOYANIATFIU Fattahi et al(Fdata) [10] $1u2u 20 90 TaelaifSeuiieuny 4
ganoiny laun 1) HTS/SA (Hierarchical approach and Simulated Annealing) ‘ﬁﬁ%ﬁu’ﬂiﬂﬂ
Fattahi et al. [10] 2) SA(Simulated Annealing) ‘ﬁﬁ%ﬁ 40 1A8 Yazdani et al.[7] 3) AIA(Artificial

Immune Algorithm) Ninauelag Bagheri et al.[16] tta¢ 4) Mathematical model nMinauelae

Demir & Isleyen [40] #e
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- 9ATINTANBIVOIQ U] 0.95
< @
- QAMIIIUA? 0.98
d’ o ! o 1 t:‘ o
Jou'lulumsngamsviau maou lunlasuulassiuiu 80% wod
1529055 uAU

4.5.2 Han1innaod
dy Y o = a A @ AR A o @
ﬂ”li‘lflﬂaﬂﬂullﬂ‘l/l"lﬂ"lil‘]_ﬁﬂ‘ﬂl‘ﬂﬂ‘ﬂﬂigfT‘VI‘ﬁﬂ”IW"U’ENE’)ﬁﬂ@iTIiJVIHTLﬁH@ MGA i
[ Ak A Y k) o [ a
’t’)ﬁﬂ@i‘ﬂll’ﬂl!]lm!ﬂ 1) HTS/SA 2) SA uag 3) AIA Tﬂﬂllﬂﬂﬂﬁ’f)ﬂﬂﬂﬂmyﬁTﬂﬁﬂﬂ@TiNﬂﬁNa@]

nUMNEIgangu o Yoyaya Fdata 9149120 Yoya (SFIS1:10 uaz MFISI:10) uay

U q

A o [

nFouifienszrinedanes iy nauenuoanes iy Mathematical model 41151 17 gatioya
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(SFIS1:10 uaz MEJS1:7) minaaeuiiesatszaniamuessanesiufithiauedmsudam
pond luasu 14d e1n3 0anouiinmes Intel ® core ™ i7 2.8 GHz (4 GB of RAM) tag 1%
TU5unsu MATLAB 1n035u 7.6.0.324 mamsnaaesd Iaimsn3ouiesullseansamaes
Wi4 Saneifiudrediia fe na1lunswansiutiooga (Minimize Makespan) HaZA
AAAAADUFUINT (relative error: RE) 13915197 4.8

a

m319i 4.8 mafSeuifieuwanisnaaesdmSudoya Fdata 5zna196anes nuiinaue MGA

[ [ a R 4‘
UDANDINUDU
g = 9 s g
N = = Py, = 3 % Proposed
= — N = ) = E )
ST S = s = T & 5
Problems | nxm LB < k-t § 2 .- 5 £ I @ model:
o = = < = e g
) 'ﬁ g) g e ) ) -
j = S < = L=} E MGA
=l < < < S 3
= > 2 = a
66 66 66 66 66
SFIS1 2x2 66
(0.00) (0.00) (0.00) (0.00) (0.00)
107 107 107 107 107
SFJS2 R 107
(0.00) (0.00) (0.00) (0.00) (0.00)
221 221 221 221 221
SFJS3 3x2 221
(0.00) (0.00) (0.00) (0.00) (0.00)
355 355 355 355 355
SFJS4 3x2 355
(0.00) (0.00) (0.00) (0.00) (0.00)
119 119 119 119 119
SFIS5 ¥ x 2 119
(0.00) (0.00) (0.00) (0.00) (0.00)
320 320 320 320 320
SFJS6 N I 320
(0.00) (0.00) (0.00) (0.00) (0.00)
39 397 397 397 397
SFJS7 3x5 397
(0.00) (0.00) (0.00) (0.00) (0.00)
256 253 253 253 253
SFJS8 3x4 253
(1.19) (0.00) (0.00) (0.00) (0.00)
210 210 210 210 210
SFJS9 3x3 210
(0.00) (0.00) (0.00) (0.00) (0.00)
516 516 516 516 516
SFJS10 4x5 516
(0.00) (0.00) (0.00) (0.00) (0.00)
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M1 4.8 manfSeuiisunansnaaosd i udeya Fdata 531198803 iuiiiaue MGA

[ (% a R d‘ ]
NUDANDINNDU (91D)

—~ = = & 3z 5
5 = = - = 2 = Proposed
S = g = s = E _ £
[ Py - G ] =
Problems | nxm LB < < § 2 3 k] § s .z model:
4 = =< E < T E 9 =
7)) = 7 g p— ) o} -
e £ S < £ 2 £ MGA
st < < =3 ] I}
= > = = 2
468 448 448 446 446
MFJS2 5x7 396
(18.18) (13.13) (13.13) (12.63) (12.63)
538 468 468 466 466
MFJS3 6x7 396
(35.86) (18.18) (18.18) (17.68) (17.68)
618 561 554 564 554
MFJS4 ¥ x0T 496
(24.60) (13.1) (11.69) (11.69) (11.69)
625 514 525 514 514
MFJS5 7x7 414
(50.97) (24.15) (27.29) (24.15) (24.15)
730 634 635 634 634
MFJS6 8x7 469
(55.65) (35.18) (35.39) (35.18) (35.18)
947 899 879 928 881
MFJS7 8x7 619
(52.99) (45.23) (42.00) (49.92) (42.33)
922 897 884 - 884
MFJS8 9x 8 619
(48.95) (44.91) (42.81) (42.81)
1105 1101 1088 s 1095
MFJS9 11x8 764
(44.63) (44.11) (42.41) (43.32)
1384 1258 1267 - 1246
MFJS10 12x8 944
(46.61) (33.26) (34.22) (31.99)
19.90 14.47 14.27 - 13.99
Mean Relative Error
- = - 10.11 * 9.52*

4.5.3 agUwamsnaasy
A Y o =~ a A [ A= A o [
mInaaesd 3 IahnmsnSeuiisulszaniamvesdanes iuiinaue MGA ni4

9ano3fu 1aun 1) HTS/SA 2) SA 3) AIA 118¢ 4) Mathematical modeld1m5Udoya%n Fdata

@

v o A
Waﬂ’liﬂ@aﬂ\‘]ﬁ’lﬂ’ﬁﬂﬂ?ﬂwaqﬂ PNU

disuyadoyn Fdata 20 gadoya(SFIS1:10 wag MFIS1:10) nf5eueuszying

Q

[ a

AN NUMINAUD MGA U 3 0ano3ny 1aun 1) HTS/SA 2) SA uay 3) AIA WU
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o AR Ao Y 1o A 9 Y v 1 o ~ ~
@aﬂaiﬂmﬂunﬁu@ﬁ’]u’]ﬁﬂﬂuﬁ’]ﬂ']ﬂ']ﬁaﬂﬂlﬁu']gﬁullﬂﬂlﬂalﬂﬂqﬂUﬂ’]ﬂW@]@UﬂlﬁN’]gﬁuﬂq@

v
A o

(lower bound) 18an1 3 sane3 iy TaoAaaianAeudusing masvessanesnuitiaue
MGA #1171 3 8ane3iuF A iy 13.99%, 19.90%, 14.47 1az14.27% Aua19)
d1isuyadoya Fdata 91U2U 17 yadoya (SFISI1:10 wag MFIS1:7) ulfeuiiou
senesaneifuRtuaue MGA fU8ane37iu Mathematical model NUSanes iufitiiaue
MGA Jfaaiamnasuduiniinaodiniieanes iy Mathematical model 3R UMY 9.52%

1ag 10.11% a9
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4.6.2 HAN1INADDY

'
A o

dy Y o =1 a A [ a R o
Asnaaeddl lamnsnSeusuilse@nsmmveidanssnuniuaus MGA AU
o a R 9 [ [ a o A [l A 9
ganesny BBO Tagldnadounudyminmisdamsnunmanaauunaudigangu Ao Joyasge
BCdata 31490 21 gadoyanisnaasuiiedinllsz@nininvesdanes iuiinduedmsy
a @ 4 a 4
Yayreond luadu'lddonsosnouiianes Intel ® core " i7 2.8 GHz (4 GB of RAM) 1ay

1$7151un53 MATLAB 055U 7.6.0.324 wan1snaasan laimsfFeuieuilszansain

Y
v A v A

Y 1
Y0INI 2 danesnuArem¥ia Aenarlunsnansiuifosga (Minimize Makespan) 1z

AMAAIOUTUNNT (Relative Error: RE)AIAN5 19 4.10

M3197 4.10 MISSeUNPVNANITNAADIUDIOANDINY MGA NUSandI N1 BBO

o BBO (2012) Proposed
a1y Problems nxm LB
Rahmati & Zandieh [40] | model: MGA
946 927
1 mtlOcl 10x 11 655
(44.43) (41.53)
946 911
2 mtlOcc 10x 12 655
(44.43) (39.08)
955 924
3 mtl10x 10x 11 655
(45.80) (41.07)
939 934
4 mt10xx 10 x 12 655
(43.36) (42.60)
954 918
5 mt10xxx 10x 13 655
(45.65) (40.15)
951 913
6 mt10xy 10x 12 655
(45.19) (39.39)
858 858
7 mtl0xyz 10x 13 655
(30.99) (30.99)
959 940
8 setb4c9 15x11 857
(11.90) (9.68)
944 942
9 setb4cc 15x 12 857
(10.15) (9.80)
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M3197 4.10 M3fSeufeunan1InaasueIdanas Ny MGA nUSaneIny BBO (#d)

Vo BBO (2012) Proposed model:
a1y Problems nxm LB
Rahmati & Zandieh MGA
942 962
10 setb4x 15x 11 846
(11.35) (13.71)
967 961
11 setb4xx 15x 12 847
(14.17) (13.46)
991 947
12 setb4xxx 15x13 846
(17.14) (11.94)
978 938
13 setbdxy 15x 12 845
(15.74) (11.01)
930 929
14 setb4xyz 15 x13 838
(10.98) (10.86)
1198 1237
14 setiScl2 15x 16 1027
(16.65) (20.45)
1199 1189
16 setiSce 15x17 955
(25.55) (24.50)
1249 1198
17 setiSx 15 x 16 955
(30.79) (25.45)
1266 1257
18 setiSxx 15x17 955
(32.57) (31.62)
1266 1262
19 setiSxxx 15x 18 955
(32.57) (32.15)
1227 1220
20 setiSxy 15x17 955
(28.48) (27.75)
1175 1180
21 setiSxyz 15x 18 955
(23.04) (24.40)
Mean Relative Error 21.60 21.23
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4.6.3 agiwamanaasy
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minzan 1§ 18 1ndRssruammasunmigaunaa (lower bound) ldan19anesny BBO Tay
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a 4

A R I T S - Y = A o S A4 o o
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% 1 { 1 <} { o} @ a
AumIANUMZAENAga (LB) veuuaazyavoyavzmiu laninnumzayuessanes iy

MGA Tndsanumanzaungauinndanasiu BBO

BCdata
1400
1200 /Q-Af
1000 Q/,"\
[}]
= 800 /-
2 600 ‘8
<
4
00 ——BBO
200
0
- O X X X > N O O X X X > N N O X X X > N
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Al
A o

4.7 agidwamsnaaeudanasnuna1e

zﬂ' = (% d‘ 1 1 a a o = a
1) ’c’f?ﬂﬂ1'§1/lﬂﬁf’)°]JLW’E]ﬁﬂ‘H']ﬂﬂ%fJﬂ"lﬁ‘I/Iﬁ\‘lWﬁ@]@ﬂi%ﬁﬂ‘ﬁﬂ?Wﬂ1ﬁﬂN?Uﬂl@\‘l%leﬂ

[ a

=3 g’/ A A o [ 1 9 1 [~ [ a KR
ane VI?JLLUU@QL@?JVWHﬂTT]JTUTJEQ 3 muu,az'lmwﬂmumﬁaﬂﬂwmgﬂu 8 DONBINY

2e
Zhe

v a

= a =3 ?zl,z a
a. AUANDANDINVUUUUAUAY (GA)
= Aa o a R Y a A (o ~ o A 9 9y <
b. ﬂlu@ﬂ’E]fIﬂ@iVIMLLUUﬂQLﬂﬂJ'ﬂTJTLI!‘]JE‘]fJ‘L!ﬂ'liﬂﬂla@ﬂiﬂﬁiﬂi“ﬁuﬂﬁﬂﬂﬂﬁ@gm‘VI
UUUNWSH (GA + Fuzzy Roulette Wheel Selection)
= a o a R 3‘, a A (o a 4 1 1
C. mu@]ﬂ@ﬁﬂ’f]ﬁ‘VllI!LTJ'lJ@NLﬂ3J'V]‘]J§"]JL‘]JaEJUﬂ'lﬁﬂﬁ’E—]ﬁI@L'J@ﬁLLUULLUQﬂEﬁJ (GA +
Cluster-Crossover operation)
Y H v
d. JruAndanesnuLUAAANNUSUasumMsunaF UL Tanea (GA + Mutation
Local Search operation)
=1 a o Aa R g’; a A @ = v A 9 Y <
e. BuAnoanesnuuuUauANNTu/asumsaaaen s luleudigr9degian
4 ] 1
HUBTHTUAZNITATON 10DTUVUNLINGN (GA + Fuzzy Roulette Wheel
Selection) + (GA + Cluster-Crossover operation)
= a o a R ¥ ad o A v A Y Y <
f. i]L“Ll@lﬂ@aﬂﬂiﬂu!tﬂﬂﬂﬂmﬂﬂﬂiﬂ!ﬂﬂﬂuﬂ15ﬂﬂlﬁ@ﬂ1ﬂ31u1“ﬁﬂﬂﬁﬂ’lﬁﬂﬂg!ﬁ‘ﬂ
nuDWasstaeMsuaasUDL lanoa (GA + Fuzzy Roulette Wheel Selection) +
(GA + Mutation Local Search operation)
= a [ a R g’z A A (o a 4 1 1
g. Zl]!,u@ﬂ’f)aﬂﬂiﬂullﬂﬂﬂﬂm&lﬂﬂﬁﬂL‘]Jaﬂufﬂﬁﬂﬁﬂﬁjﬂl’lﬂﬁLLUULLUQﬂQﬂJLLﬁSﬂTﬁ
Tuasunyy lanea (GA + Cluster-Crossover operation) + (GA + Mutation Local
Search operation)
h. danesnunilaus MGA (Fuzzy Roulette Wheel Selection + Cluster-Crossover
operation + Mutation Local Search operation)

'
a v a [

=% a K 3}/ =1 Iy 9 1 [ <
%L‘HG]ﬂ’E'Jﬁﬂ’E'Jiﬂhl!ﬂﬂ@ﬂl@ﬂﬂhﬂ'\iﬂi‘ﬂﬂ?ﬁ llﬂllﬂﬂﬁ?ﬂﬂﬂﬁ@ﬂiﬂﬁluﬂﬁlﬂu 8

[

a =R 1 g‘/ (% a K d' Y (v = a (% a K g}J a 9
anaInNny WUINI 7ﬁ]ﬁﬂﬂiﬂﬂﬂqﬂﬂiﬂﬂiﬁﬂﬂmu@ﬂ@ﬁﬂﬂiﬂﬂLlUU@ﬁL@MﬁWNTiﬂﬂuﬂ1

q

' [

o d' Y Y A [ d' d' 1 9 Y ]
maeunmnzanldlndifesnuaidneuimmnzaungavowaazgadoyalaanii vinka
A o 1 o A 1 [ a R =1 U A [ v J o
mInaaesn 1 1hmmaeunagavessazdanesnuunfFouiisumaaianasuduing ¢
1 ' [ @ @ <]
asnn 411 a3 1dn dedemsaadenlas TulsuTasdadondreredegianuuy iy
4 ] 1 a v o Y a A Y
nmsnsod lereiuuuutiangy nazmsivadunun Tanearm dlszdnsamlunisdum
o A ~ dda! = A o v o T A a [ a XK 3}; a
Maouminzanfigadvu laslinnaiamaouduniniaInIuaAnsaneas NN UAUAY

1aun 27.56%, 23.61%, 22.93%, 22.68%, 22.19%, 21.44%, 21.70% Wag 20.12% ua1al
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o J v a R

M3199 4.11 HanInaaoASeumsumMaaIARABUITUNNT VDL 8 DanNDIN

%A anINY
) LB
Toya | > 3 4 5 6 7 3
MkOl | 36 42 41 40 40 40 40 40 40
MI02 | 24 28 28 28 28 28 28 28 27

MkO03 204 204 204 204 204 204 204 204 204

Mk04 48 67 65 67 64 64 64 64 62

MkO5 168 177 175 175 175 174 174 174 173

Mk06 33 74 69 67 67 66 65 64 64

Mk07 34 153 147 146 147 147 144 145 144

MkO8 523 523 523 523 523 523 523 523 523

MkO09 299 315 318 314 310 310 307 307 307

Mk10 165 252 231 231 238 231 229 232 227

Mean Relative
27.56% | 23.61% | 22.93% | 22.68% | 22.19% | 21.44% | 21.70% | 20.12%
Error

2) asiminadeutlszanimmmsraiuvessanssiuiiinaus MGA Tasnadol

o 9

ks = v o Ak A
VYAVDYAUINT 1Y Brandimarte’s (BRdata)TﬂfJLTJ%fJ‘Ume‘Uﬂ‘U‘Dﬁﬂ@iV]iJ@u

1 '
A o =

{ o o a I o
ﬂ?i‘ﬂﬂa’t‘)\‘iﬁ leﬁ)vl"lﬂTi‘Vlﬂﬁﬂ‘UﬂﬁﬂﬂiﬁiJ WU unIssIuMsmMaIuves 3

@ @ (<] J
ade Ao 1) msna@en las lulsndunuursdeganuuudsd 2) nisasod loresuuy
td' o

1 1 a o @ @ a KR = Y '
HINDQULLaY 3) msuaaFuLuy laneany 5 oanesnuntvulSeuney Ulﬂ!,!,ﬂ 1) LEGA 2)

9

JSSANT 3) PSO 4) KBACO itag 5) BBO TagnagouNUYAUDI A BRdata HANISNATOU WU

£ U

o AL Ao ) o, A Y o AL A o ~
danesnuMminauaaIuIaAuIAImauNIMINzan laan1 5 oanssnumiuulSeuiey
AA1ABNAINAIAAADUAINIT 5 0aANDINY 4.03% 6.54% 7.7% 2.63% taz 1.81% A1udiay
dy Y1 o AR A o = a A Y [ A
nnwamsnaassil asdldnsanesnuniuaueiivszaniamlumsaumneuivunzauy

ngaldanin 5 oanoinu 1dun 1) LEGA 2) JSSANT 3) PSO 4) KBACO 118 5) BBO

a

3) agUmanageulsz@nsmumsiaiuvesdanesnuiinaue MGA Tagnaaol

U
=
n

AUYATDYANIATFIU Fattahi et al. (Fdata) Taonfseuiisunudanesiudu
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= o é

{ o (Y a < o
ﬂ'ﬁﬂﬂa@\iﬁ 3qﬁﬂ1ﬂ1§ﬂﬂﬁﬂﬂﬂﬁﬂﬂﬁﬁﬂ Higue FuunssIunmsmaues 3

Y [ < I'd
Jads fn 1) msaataen Ins IuTesuduuuudosanuuuisd 2) msnsod 191103 1u

] 1 a % [ @ AR A o = 9 1
u1engu ey 3) MmsiaesuuuuTaneany 3 sanesnumihwnlSeudion 1aun 1) HTS/SA 2)
SA uaz 3) AIATagnadeUNUYAToYA Fdata 311U 20 Yoya (SFIS1:10 1@ MFIS1:10) uaz
gavoya Fdata 311U 17 Goya (SFISI:10 1ag MFIS1:7) NUdanes Ny Mathematical model
HaNITNATOUNUIIOanoI NN aueaIuITasurIAIfIae U Izanldandi 4
(% a R d' o I 1 A A d‘ 'o 1 [ a KR
panosnuNhufSeuney nannelininaianasuaINI1 4 9anes NN 5.91% 0.48% 0.28%
o w dy Y1 v AR A o ~ Aa A

1ag 0.59% mwa1au 1nwamanaassil a3l ldnsanestuninauellszansniwlums
Y o = ~ Y o A= Y
ﬂumﬂmaumwmzﬁwqﬂ%ﬂﬂm 4 9anesny laun 1) HTS/SA 2) SA 3) AIA uag 4)

Mathematical model

4) agUmanadevilszaninimniivhinuvessanesnuMindus MGA Tasnadol

AUYAYOYA1IATF U Bames and Chamber library (BCdata) Taan/5euifieunudanesiin BBO

A o =
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The job-shop scheduling problem is one of the most difficult production planning prob-
lems. Since it is in the NP-hard class, a recent trend in solving the job-shop scheduling
problem is shifting towards the use of heuristic and metaheuristic algorithms. This paper
proposes a novel metaheuristic algorithm, which is a modification of the genetic algorithm.
This proposed algorithm introduces two new concepts to the standard genetic algorithm:
(1) fuzzy roulette wheel selection and (2) the mutation operation with tabu list. The pro-
posed algorithm has been evaluated and compared with several state-of-the-art algorithms
in the literature. The experimental results on 53 JSSPs show that the proposed algorithm is
very effective in solving the combinatorial optimization problems. It outperforms all state-
of-the-art algorithms on all benchmark problems in terms of the ability to achieve the opti-
mal solution and the computational time.

Keywords: genetic algorithm; tabu search; fuzzy roulette wheel selection; job-shop
scheduling problem

1. Introduction

Job-shop scheduling problems (JSSPs) occur in most of the manufacturing systems, in which
each of the n jobs must be processed on all m machines in a given order. It is well known
that the JSSP is in the NP-hard class; the JSSP is among the hardest combinatorial optimiza-
tion problems. The total number of all possible schedules, including both feasible and infeasi-
ble solutions, is (n!)" for the problems with n jobs and m machines. For example, the
number of possible solutions for a 10-job, 5-machine problem, 10-job, 10-machine problem
and 30-job, 10-machine problem are 6.2924 x 10°%, 3.9594 x 10%° and 1.7243 x 10*%%,
respectively. It can be seen that the number of possible solutions grows at a much faster rate
than the number of jobs and the number of machines. It is apparently impossible to evaluate
all the alternatives to find the optimal solution even for a reasonably sized practical JSSP.
Existing approaches used to solve the JSSP can be classified into three main categories: exact
methods, heuristic methods and metaheuristic methods. The exact methods have been success-
fully applied to solve small-scale JSSPs (Haouari and Ladhari 2003; Pinedo 2008). Examples
of commonly used exact methods are the branch and bound (Brucker, Jurisch, and Sievers
1994; Pinedo 2008), dynamic programming (Chen, Chu, and Proth 1998; Gromicho et al.
2012) and constraint logic programming (Varnier and Baptiste 1996; Parali¢, Csonto, and
Schmotzer 1997; Tan, Liu, and Wang 2010). However, for larger size problems, the exact
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methods are computationally extremely expensive or even practically impossible (Binato
et al. 2000). Therefore, the recent trend has shifted towards the other two categories, which
sacrifice the guarantee of finding optimal solutions for the sake of getting good solutions in a
significantly reduced amount of time. Examples for such approaches are tabu search (Glover
1989), simulated annealing (Kirkpatrick, Gelatt, and Vecchi 1983), genetic algorithm
(Goldberg 1989), particle swarm optimization (PSO; Kennedy and Eberhart 1995) and many
other approaches including fuzzy logic (Zadeh 1965).

A number of works involving the use of heuristic and metaheuristic algorithms to solve
JSSPs can be found in the literature. Velmurugan and Selladurai (2007) applied the tabu
search (TS) approach to minimize the makespan for the JSSP. In their version of TS, two
modifications have been made to the original TS, which are (1) the priority dispatching rules
are used to create the initial solution and (2) the first—last neighbourhood strategy with
dynamic tabu length is used to search for new solutions. Zhang (2010) presented a new
hybrid search algorithm, called TS&QQ. TS&QQ combines quasi-physics and quasi-human
with the tabu search algorithm. The quasi-physics and quasi-human are used to trigger a jump
for a stuck situation in order to get out of local minima. The experimental results show that
TS&QQ is quite efficient for solving JSSPs. Yang et al. (2008) proposed a clonal selection-
based memetic algorithm (CSMA) for JSSPs. This proposed algorithm consists of the clonal
selection mechanism and the local search mechanism. The clonal selection-based algorithm
explores different areas of the search space to find the most promising regions while the sim-
ulated annealing-based local search algorithm is presented to exploit the local regions around
each solution for an even better solution. Shivasankaran et al. (2012) proposed an integrated
approach based on hybridization of the bubble sorting algorithm and the simulated annealing
algorithm. The bubble sorting algorithm is done first to confine the search space, and then the
simulated annealing performs an extensive search over that search space. The authors claim
that the proposed algorithm enhances convergence speed and reduces the computational time.
Zhang, Rao, and Li (2008) presented a hybrid genetic algorithm which combines the local
search to the genetic algorithm for the JSSP. In their hybrid algorithm, three novel features
are proposed. First, a new full active schedule procedure based on the operation-based repre-
sentation is introduced to construct schedule. Second, in order to preserve the meaningful
characteristics of the previous generation, a new crossover operator, called the precedence
operation crossover (POX), is proposed and adopted. Third, in order to reduce the disruptive
effects of genetic operators, an improved generation alteration model is introduced. Hasan
et al. (2009) introduced three priority rules, namely partial reordering, gap reduction and
restricted swapping, for improving the performance of the traditional GA. These rules are
applied in addition to the genetic operators. Their experimental results show that the proposed
memetic algorithm outperforms the traditional GA and many state-of-the-art JSSP algorithms
appearing in the literature. Asadzadeh and Zamanifar (2010) proposed an agent-based parallel
genetic algorithm (PaGA) for the JSSP. In PaGA. four kinds of agents are developed: man-
agement agent, execute agent, processor agent and synchronization agent. First, management
agent and execute agent are used to create the initial population. Then management agent
divides the initial population into subpopulations of equal size and sends each of them to
each processor agent. Each processor agent executes the genetic algorithm on its subpopula-
tion. After the termination of genetic algorithm, synchronization agent coordinates migration
among subpopulations of processor agents. In the migration phase, each processor agent
exchanges some of its chromosomes with the neighbours. The genetic algorithm and the
migration phase are repeated until an acceptable solution is obtained. The experimental results
show that PaGA is more effective than the serial agent-based genetic algorithm. Gao et al.
(2011) proposed a novel local search and combined it with the GA. In their proposed local
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search, a systematic change of neighbourhood is carried out to avoid trapping in a local opti-
mum, and to improve the quality of each solution. Raeesi and Kobti (2011) proposed a new
memetic algorithm, which is a combination of GA and a local search heuristic. This memetic
algorithm is based on a new chromosome representation, called Machine Operation Lists
(MOL). MOL is a modification of the preference list-based representation. For the crossover
operation, a linear version of order crossover is used. The experimental results show that
MOL outperforms other existing representations. Moreover, the proposed MA is also very
cfficient when compared with another MA presented by Hasan et al. (2009). Ge et al. (2008)
proposed a novel hybrid intelligent algorithm (HIA) based on the PSO and the artificial
immune system (AIS). Since PSO is originally developed for continuous optimization prob-
lems, it cannot be directly applied to JSSPs. A new concept for the distance and velocity of a
particle is presented. In addition, to improve the performance of AIS, a new vaccination oper-
ation and receptor editing are also proposed. The experimental results validate the effective-
ness of the proposed HIA. Jamili, Shafia, and Tavakkoli-Moghaddam (2011) proposed a
hybrid algorithm, namely PSO-SA, based on the PSO and the simulated annealing algorithm.
The performance of PSO-SA is evaluated in comparison with that of SA, PSO and the elec-
tromagnetism like mechanism algorithm. The experimental results demonstrate that PSO-SA
clearly outperforms those three algorithms.

Even though the above research studies show a very promising performance for JSSPs,
many of them suffer from the problem of premature convergence to local optima. Premature
convergence is one of the major reasons for poor performance in virtually all metaheuristic
algorithms. It is due to the lack of diversity in the population. Most of the above researches
use heuristics, such as TS and SA, to slow down the convergence speed of the search, thus
helping in reducing the premature convergence problem. By doing this, the problem is allevi-
ated but not completely solved. There is another way to deal with this problem by creating
diversity in the population itself. To further prevent the premature convergence as well as
accelerating the search process, Fuzzy roulette wheel (F-RW) selection is proposed in this
paper to replace the original roulette wheel selection. Moreover, this research also applies the
concept of tabu scarch to the mutation operation to prevent the occurrence of cycling and to
avoid local optima.

The rest of the paper is organized as follows: Section 2 bricfly discusses the background
theories behind the proposed model. Section 3 describes the proposed F-RW sclection. In
Section 4, the proposed model with a detailed description of each step is presented. A brief
description of the experiments and the experimental results is given in Section 5. Finally,
Section 6 is the conclusions.

2. Background theories
2.1. Job-shop scheduling problem

A JSSP is an NP-hard optimization problem. That is, there is no known algorithm that guar-
antees to find an optimal solution of the JSSP within a polynomial time bound. The JSSP can
be described as follows:

e There are a set of n jobs J= {jy, ja, ..» Ju} and a set of m machines M= {m,, m,, ...,
/(P

e Each job j; consists of a sequence of m operations O;= {01, 0,3, .., Oj}.

e Each operation o, must be processed without interruption on a predefined machine for
a duration of py.
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e Not more than one operation of any job can be executed simultancously. In other
words, the operations 0;;, 05, ..., 0;,, must be processed one after another in the given
order.

e Each machine can process at most one operation at a time.

e Each job must pass through all machines exactly once to complete its work.

e The objective of the JSSP is to find a schedule of the operations on each machine that
minimizes the makespan, the finishing time of the last operation in the schedule.

An example of a 3-job, 3-machine JSSP is given in Figure 1. The data in the body of the
table consist of the routing of each job j; through each machine (the number not in parentheses),
and the processing time for each operation o, (the number in parentheses).

2.2. Genetic algorithm

Genetic algorithm (GA) is a method for finding the optimal solution to complex problems. A
genetic algorithm is a heuristic search procedure which is based on the natural process of
evolution as in biological sciences. GA starts with an initial population which contains a
number of chromosomes; each chromosome represents a solution of the problem. Once the
initial population has been created, the fitness of each chromosome will be evaluated and then
the genetic operators will be applied to the population. The genetic operators typically consist
of the following operators: selection, crossover and mutation. By applying genetic operators
to the current population, a new set of population is created. Then the chromosomes of the
current population whose fitness values are worse than the newly generated chromosomes are
replaced. This evolution process is repeated until a predefined number of generations have
been reached or the fitness of the best chromosome has reached a certain level.

2.3. Fuzzy set

Fuzzy set was introduced by Zadeh in 1965. It is an extension of the classical set theory for
dealing with uncertainty, vagueness and ambiguity. In classical set, the boundary of the set is
crisp, that is, an element in the universe of discourse cither belongs or does not belong to the
set. On the contrary, the boundary of a fuzzy set is not precise. Fuzzy set theory permits an
clement to have partial membership in a fuzzy set and/or multiple memberships in several dif-
ferent fuzzy sets. The degree of membership of an element e in a fuzzy set 4 is represented
by a real number in the range [0, 1].

1ye) € [0, 1] (1)

Machine (Operation Time)
Job
i 92 0i3
5 1(6) 2(6) 34
I, 1(2) 3(10) 2(6)
I3 2(6) 14 3(6)

Figure 1. Example of a 3-job, 3-machine JSSP.
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The value 0 means that an element is not a member of the fuzzy set; the value 1 means
that an element is fully a member of the fuzzy set; the values between 0 and 1 mean that an
element is partially a member of the fuzzy set.

2.4. Tabu search

Tabu search (TS) was proposed by Glover in 1989. TS is an enhancement of the hill climbing
heuristic. It uses a memory function to avoid being trapped at the local optimum. TS is based
on two main ideas of (1) exploring the search space of all feasible solutions by a sequence of
moves and (2) forbidding some search directions in order to avoid cycling and jump off the
local optimum. The procedure of the TS algorithm is described as follows:

(1) Create an initial solution and define this solution as both the current solution and the
best solution.

(2) Generate a set of neighbourhood solutions from the current solution, and then evalu-
ate their fitnesses.

(3) Designate the fittest admissible neighbour as the new current solution. By definition,
an admissible neighbour is the one which is not in the tabu list or satisfies the aspira-
tion criteria. The tabu list stores all the solutions visited in the last 7 iterations in
order to forbid the moves which might cause the cyeling. However, sometimes, the
best possible move is a tabu move. Aspiration criteria are introduced in the tabu
search to determine when tabu restrictions can be overridden.

(4) If the new current solution is better than the best solution found to date, record it as
the new best solution.

(5) Update the tabu list and the aspiration criteria.

(6) 1If the stopping criteria are met, stop and return the best solution; otherwise, go to
step (2).

3. Fuzzy roulette wheel selection

There are several selection strategies, such as roulette wheel selection, tournament selection,
rank selection and random selection. The most popular one is the roulette wheel selection.
Roulette wheel selection is one of the oldest and simplest selection schemes in which p chro-
mosomes are selected from the current population with a probability proportional to their fit-
ness to be the parent chromosomes. The fitter the chromosome is the higher the probability
of that chromosome being selected to be the parent chromosomes. The original roulette wheel
selection suffers from the problem of premature convergence due to the lack of diversity in
the population. To be more specific, the premature convergence occurs when most chromo-
somes in the population have similar gene content. The scenario is even worse as all the
similar chromosomes have high fitness values while the remaining chromosomes with diverse
solutions have lower fitness values. According to the original concept of the roulette wheel
selection, the chromosomes with diverse solutions are given only small slices of the roulette
wheel. Therefore, the system gets a very small chance of finding new superior members.

To overcome the problem of premature convergence, F-RW selection is proposed in this
paper to replace the original roulette wheel selection. F-RW selection applies the concept of the
fuzzy set to the original roulette wheel selection technique. The main concept of the proposed
F-RW selection is that the chromosomes which are similar in their contents are placed next to
each other with some degree of overlap in the roulette wheel. The size of the overlapping area is
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positively correlated with the similarity between the two adjacent chromosomes. The more
similar the two adjacent chromosomes is, the bigger the size of the overlapping area. By doing
this, the ratio of the total area of all similar chromosomes to the whole area of the roulette wheel
is smaller. This gives the chromosome with diverse content higher chance of being selected for
the crossover operation, thus reducing the premature convergence problem. The F-RW selection
is divided into three stages. The following paragraphs show an example of how to create the

F-RW.

In Figure 2(a), there are four chromosomes in the population; each chromosome repre-
sents a different possible solution. The fitness values of the four chromosomes are 0.05,
0.045, 0.036 and 0.033, respectively. The purpose of the first stage is to assign a slice of the

(a)

(b)

(©)

(d)

(e)

[T J2]3]1J2]3]1]2T]3] Chromosomel
[aT2T2T1]3[3T1]2]3] Chromosome?2
[2T 133721 T3]1T2] Chromosome3
[1]3]1f2T1]2]2713]1] Chromosome4
Chromosome Fitness Value
1 0.050 (0.050 * 100) /0.164 = 30.5
2 0.045 (0.045 * 100) /0.164 =274
3 0.036 (0.036 * 100) /0.164 =22.0
4 0.033 (0.033 * 100) /0.164 = 20.1
Sum 0.164
Chromosomes
(8 1 7 3 4
g 1 ¢ 7 0 1
172}
g 7 7 : 0 1
£ 3 0 0 : 0
o 4 1 1 0 -
(=%
2 A
_E 1
s 08
L
g 06 1 2 4 3
S 04
5 0.2
] 0 P>
30.5 57.9 79.9 100
g
-
&
2
g
Q
g
o
[=}
3
2 .
6.8 15.25 305 312 342 532 6325 733

Figure 2. Example of how to create the F-RW.
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roulette wheel to each chromosome in the population. In this example, the roulette wheel is
divided into four slices. Each chromosome will receive a slice of the roulette wheel propor-
tional to its fitness. Since chromosome 1 has the highest fitness, it will receive the largest
slice. The size of each slice can be calculated by the following equation:

A, = f— x 100 @)

n=1Jn

where f; is the fitness value of the chromosome s. N is the total number of chromosomes in
the population. As shown in Figure 2(b), the slices which represent chromosomes 1, 2, 3 and
4 have size equal to 30.5, 27.4, 22 and 20.1% of the total area of the roulette wheel.

The next stage is to determine the position of each chromosome on the roulette wheel. In
this paper, the first chromosome is always assigned to the first slot of the roulette wheel.
Then the similarity between the first chromosome and the rest of the chromosomes (chromo-
somes 2, 3 and 4) are calculated. The similarity matrix in Figure 2(c) shows that chromo-
somes 1 and 2 are the most similar pair of the four chromosomes; therefore, they will be
placed next to each other in the roulette wheel. That is, the second chromosome occupies the
second slot. Next, the similarity between chromosome 2 and the remaining unassigned chro-
mosomes (chromosomes 3 and 4) is determined. It can be seen from Figure 2(c) that chromo-
some 2 is more similar to chromosome 4 than to chromosome 3. Therefore, the third slot is
assigned to the chromosome 4. This process is repeated until all chromosomes are allocated
slots in the roulette wheel. In this example, at the end of this stage, the chromosomes are
arranged in the following order: 1-2-4-3.

In contrast to the original roulette wheel selection, which has a clear-cut boundary
between a chromosome and its neighbouring chromosomes as shown in Figure 2(d), F-RW
selection allows overlapping between the chromosomes which are right next to each other.
Each chromosome is represented by a fuzzy set with a triangular or a trapezoidal membership
function. The leftmost and the rightmost fuzzy sets are represented by trapezoidal member-
ship functions while other fuzzy sets in the middle are represented by triangular membership
functions. Here is the last stage of the F-RW selection. The last stage is to determine the
overlapping area between the fuzzy sets of the adjacent chromosomes. To be in line with the
calculation in the first stage, the first chromosome, which occupies the first slot of the roulette
wheel, is represented by a fuzzy set with a trapezoidal membership function with parameters
(0, 0, 15.25, 30.5). Then the overlapping area between the fuzzy sets of chromosomes 1 and
2 is determined. The size of the overlapping area depends on how similar the two chromo-
somes are. The more similar two chromosomes are. the more they overlap. According to the
above concept, the left, centre and right corners of the triangular membership function are
calculated by using the following equations:

I
LG =RCoL = [As- X g} 3)

RCs = LCs + 4 4)
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LC:+ RC;
cp, =215 )

where LC; is the left corner of a triangular membership function of the fuzzy set s, RC; is
the right comer of a triangular membership function of the fuzzy set s, CP; is the centre point
of a triangular membership function of the fuzzy set s, IG is the number of identical genes in
the two neighbouring chromosomes and G is the number of genes in the chromosome.

By comparing chromosomes 1 and 2, it can be seen that seven out of nine genes in the
two chromosomes are the same. Therefore, LC,, RC, and CP, are 6.8, 34.2 and 20.5, respec-
tively. Figure 2(e) shows the complete F-RW of this example.

In the sclection of a chromosome for the crossover process, first, a random number
between 0 and 1 is generated. Then the random number is multiplied by the right bound of
the rightmost membership function, which is 73.3 in this example. Next, the membership
degree to which a generated random number belongs to each chromosome is calculated. The
chromosome with maximum membership value is chosen.

4. Methodology
4.1. Chromosome representation

In the literature, several different representations have been proposed for JSSPs (Gen, Cheng,
and Lin 2008) such as operation-based representation, job-based representation, completion
time-based representation, random key-based representation, preference list-based representa-
tion, priority rule-based representation, disjunctive graph-based representation and machine-
based representation. The operation-based representation is used in this research for solution
encoding. This representation encodes a schedule as a sequence of operations. Each gene rep-
resents one operation. Therefore, the length of each chromosome is equal to the total number
of operations of all jobs. That is, for an #-job, m-machine JSSP, the chromosome will contain
n xm genes. In the operation-based representation, all operations of a job are denoted by a
job name; therefore, each job name will occur m times in the chromosome. For better under-
standing, consider a 3-job, 3-machine JSSP given in Figure 1, the chromosomes which
encode candidate solutions to this problem will consist of nine genes as shown in Figure 3.
In Figure 3, the numbers 1, 2 and 3 stand for jobs J;, J, and Js, respectively. Since each job
has three operations, its name appears exactly three times in the chromosome. From left to
right of the chromosome 2 in Figure 3, for example, the first gene 1 corresponds to the first
operation of job J;, the second gene 2 corresponds to the first operation of job J; and the
third gene 2 corresponds to the second operation of job J,, and so on. Therefore, the chromo-
some [1 22 13312 3] can be converted into a list of ordered operations of [O;;, O,,, O,5,
O12. 031, O33; 013, 033, O33].

[TT2T3T1J2]3J1[2]3] Chromosome1

[TT2]2T1[3[3]1]2]3] Chromosome?2

[t T373T3J2f2]1]2]1] Chromosome3

[2T2T3T1J2]3J1J1]3] Chromosome4

Figure 3. Initial chromosomes.
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4.2. The proposed algorithm

The proposed algorithm is developed according to the concepts of genetic algorithm and
fuzzy logic. The detailed procedure of the proposed algorithm is explained as follows:

4.2.1. Generate the initial population

In this first step, an initial population of C chromosomes X= {x;, x5, ..., X, ..., X¢} is ran-
domly created. Each chromosome represents a possible solution to a problem. The length of
each chromosome is equal to the total number of operations of all jobs.

4.2.2. Evaluate the fitness of the chromosomes

The fitness is a measure of the quality of the solution represented by the chromosome. In
general, the fitness function should correspond to the objective function of the problem in
hand. Since the objective of the JSSP is to find a schedule of the operations on cach machine
that minimizes the makespan, in this paper; therefore, the reciprocal of the finishing time of
the last operation in the schedule is used as the fitness value for each chromosome.

s 1
Fitness = Y (6)
Coax = IQ};‘%‘H{CJ} @]

where ¢; is the finishing time of the last operation of job ;.

4.2.3. Fuzzy roulette wheel selection

The proposed F-RW selection, described in Section 3, is used here to select pairs of chromo-
somes for the crossover operation.

4.2.4. Crossover

Crossover is a basic operator of GA. It generates new chromosomes by combining sections
of selected parent chromosomes. There are many different crossover operators. It is important
to note that the crossover operator must be chosen according to how the chromosome repre-
sents the solution. As mentioned earlier in Section 4.1, the operation-based representation is
adopted to encode the chromosomes in this paper. Therefore, the widely used POX, which
can very well preserve the valuable characteristics of the parent chromosomes and always
make the offSpring feasible, is employed in this research. The procedure of the POX operator
is as follows:

(1) Randomly choose a particular job name from Parent 1 and Parent 2. For example, in
Figure 4, job J, is chosen.

(2) Copy the genes with the selected job name to the offspring, Child 1 and Child 2.
Child 1 gets the genes from Parent 1 while Child 2 gets the genes from Parent 2.

(3) Delete the copied genes from both parents.
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Parent 1 Parent 2

HOENCEneE HeeHEEneE

331 {3 ] HeCHOENeoR

Child1l Child 2

Figure 4. POX crossover.

(4) According to the gene sequence in Parent 1, fulfil Child 2 with the remaining genes
in Parent 1. At the same time, according to the gene sequence in Parent 2, fulfil Child
1 with the remaining genes in Parent 2.

4.2.5. Mutation operation with tabu list

In general, mutation is used to produce perturbations on chromosomes in order to maintain
the diversity of population. In this paper, the exchange mutation (EM) operator proposed by
Banzhaf (1990) is used. The EM operator randomly selects two genes in the chromosome
and then swaps them as shown in Figure 5(a). The elements of both genes must not be the
same. If the elements of the selected genes are the same as shown in Figure 5(b), the swap-
ping pair will be reselected. To prevent the occurrence of cycling and to avoid local optimal,
moreover, this paper also forbids the algorithm from selecting very recently swapped pairs by
keeping them in the tabu list for the next ¢ iterations.

4.2.6. Termination criteria

Steps 4.2.2-4.2.5 are repeated until any of the stopping criteria is met. The stopping criteria
used in this research are as follows:

e The maximum number of iterations has been reached.
e Eighty percent of the population shares the same value.

(5]
[
om0
W
W
(5]

(b) ¥ N
[1T2T3]1J2s1T275]

Figure 5. An example of the exchange mutation.
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5. Experimental results

To evaluate the performance of the proposed algorithm, the proposed algorithm has been
tested both in terms of the number of generations required to reach the best known solutions
and the solution quality. Several experiments have been conducted on 53 test instances of var-
ious sizes and hardness levels. All test instances were downloaded from Beasley’s OR-Library
(Beasley 1990). The test instances can be classified into three groups as follows:

e The first group contains 40 instances of eight different sizes (n x m =10 x 5, 15 x 5,
20 x5, 10 x 10, 15 x 10, 20 x 10, 30 x 10, 15 x 15) denoted as La0l-La40 due to
Lawrence (1984).

e The second group contains 10 instances denoted as Orb01-Orb10 due to Applegate and
Cook (1991).

e The third group, contributed by Fisher and Thompson (1963). contains three instances
symbolized as Ft06 (6 x 6), Ft10 (10 x 10) and Ft20 (20 x 5).

First, we examine the performance of the proposed model and the standard genetic
algorithm in terms of the number of generations required to reach the best known solutions.
In the standard GA, the standard genetic operators are used which include the roulette wheel
selection, the one-point crossover and the exchange mutation. The following is the summary
of the results. With the proposed model, the number of generations required to reach the best
known solutions is always lower than its standard counterpart. Figures 6-11 are samples of
the results obtained when applying both algorithms to solve La06, Lall, La23, La31, Orb09
and Ft10. In Figures 6, 7 and 9, both algorithms can achieve the best known solutions; how-
ever, the proposed model is able to reach the best known solutions much faster than the stan-
dard GA. For La06, the proposed model reaches the best known solution in only 10
generations, compared to 21 for the standard GA. For Lall, the proposed model converges in
29 generations, compared to 41 for the standard GA. For La3l, the proposed model takes
305 generations to converge while the standard GA takes 444 generations. In Figures 8, 10
and 11, only the proposed model obtains the best known solutions.

Next, the proposed algorithm is compared with several state-of-the-art benchmark
algorithms in terms of the solution quality. The benchmark algorithms are as follows:

La06

1000
990 N

980
970
960

e

o

5

(=]
-

——
940 —

930 ""‘
920

0 Sl Gl Sm@F="25 30 5 40

w

Proposed Model

Figure 6. Convergence curves for La06.
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Figure 7. Convergence curves for Lall.
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Figure 8. Convergence curves for La23.
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Figure 9. Convergence curves for La31.
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Figure 10. Convergence curves for Orb09.
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Figure 11. Convergence curves for Ft10.
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Tabu search (TS): Velmurugan and Selladurai (2007).

Tabu search algorithm based on quasi-physics and quasi-human (TS&QQ): Zhang
(2010).

CSMA: Yang et al. (2008).

Memetic algorithm with gap reduction and restricted swapping rules (MA(GR-RS)):
Hasan et al. (2009).

Agent-based PaGA: Asadzadeh and Zamanifar (2010).

Memetic algorithm (MA 1): Gao et al. (2011).

Memetic algorithm (MA 2): Raeesi and Kobti (2011).

HIA: Ge et al. (2008).
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The performance of these algorithms is compared both in terms of the best solution found
and the average relative error over all test instances within each group. The relative error RE
(%) is calculated for each instance as a percentage deviation of the obtained solution from the
best known solution, as shown in the following equation:

Crest — BKS
—_—0

RE(%) = —gxs

100 8)
where Cyy is the best solution obtained from the algorithm. BKS is the best known solution.

The computational results are given in Tables 1-4. The figures in brackets indicate the
relative error in percent. Table 1 presents the performance of the proposed method on 20
small- to medium-sized test instances of the first group (La01-La20), with reference to eight
state-of-the-art approaches mentioned above. The average relative errors of the proposed
model, TS, TS&QQ, CSMA, MA(GR-RS), PaGA, MA 1, MA 2 and HIA are 0.00, 0.01,
0.97, 0.04, 0.03, 0.94, 0.00, 0.03 and 0.00%. respectively. The proposed model, MA 1 and
HIA are able to achieve the best known solutions for all 20 instances while TS, TS&QQ,
CSMA., MA(GR-RS). PaGA and MA 2 fail to achicve the best known solutions on 1, 8, 2, 1,
7 and 1 instances (out of 20).

Table 2 lists the results obtained by applying the proposed method to 20 large-sized test
instances of the first group (La21-La40); the obtained results are compared with those
obtained by other six approaches: TS&QQ, MA(GR-RS), PaGA, MA 1, MA 2 and HIA. The
symbol “-" denotes that the algorithm was not tested on that instance. As illustrated in
Table 2, the average relative error of the proposed model (0.59) is the best among the com-
pared approaches. The proposed model achieves the best known solutions for 10 out of 20
problem instances. For TS&QQ, seven of the best known solutions are obtained with the
average relative error of 3.81; MA(GR-RS) achieves eight with the average relative error of
2.14. PaGA is only tested on 12 instances (La21-La32), and it is not able to find the best
known solutions for any of the tested instances. For MA 1, 10 of the best known solutions
are achieved with the average relative error of 0.71; MA 2 achieves eight with the average
relative error of 0.84; HIA achieves nine with the average relative error of 0.70.

Table 3 shows the performance of the proposed method in finding the optimal solutions
of all 10 instances of the second group. Among the compared approaches, the proposed
model again has the smallest average relative error. Out of 10 instances, the proposed model
obtains the best known solutions for seven instances. PaGA is not able to find the best known
solution for any of the instances. It should be noted that TS is only applied to five instances
(Orb01-Orb05), and it achieves the best known solutions for three instances.

Table 4 illustrates the comparative results of the proposed model and five of the above-
mentioned state-of-the-art algorithms on all three instances of the third group. The proposed
model, CSMA, MA 1 and HIA perform perfectly on all three instances while TS and PaGA
only get the best known solution for Ft06, the small-sized test instance.

In summary, the performance comparisons with other state-of-the-art approaches support
the validity of the proposed approach. First, the proposed approach is evaluated against the
standard GA which uses a classical roulette wheel selection. The experimental results show
that the proposed approach outperforms the standard GA both in terms of the number of gen-
erations required to reach the best known solutions and the ability to achieve the optimal
solution. Second, the performance of the proposed approach is compared with that of eight
state-of-the-art algorithms. The results in Tables 1-4 show that the proposed approach is
superior to all other approaches in terms of the ability to find the optimal solution. A closer
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look at the results reveals the following. First, all algorithms perform extremely well when
applied to small- to medium-sized instances; there is no significant difference in the perfor-
mance between the proposed algorithm and the benchmark algorithms. Second, for large-sized
instances, the gaps between the performance of the proposed algorithm and that of the bench-
mark algorithms get wider.

6. Conclusions

This paper presents a modified genetic algorithm for the JSSP. The operation-based represen-
tation is adopted to encode the chromosome. To prevent the problem of premature conver-
gence, a new selection method, named F-RW selection, is proposed in this paper to replace
the original roulette wheel selection. The crossover and mutation operators used in this paper
are the POX and the exchange mutation. This research also applies the concept of tabu search
to the mutation operation to prevent the occurrence of cycling and to avoid local optimal.
The proposed algorithm is tested on 53 benchmark instances taken from Beasley’s OR-
Library. The experimental results show that the proposed algorithm outperforms all state-of-
the-art algorithms evaluated in this study in terms of the number of generations required to
reach the best known solutions and the ability to achieve the optimal solution.
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Abstract

Flexible Job-Shop Scheduling Problem (FJSP) is a well known NP-hard combinatorial optimization problem. Over the last
decade, many algorithms have been proposed to tackle FISP. Evolutionary algorithms, which solve problems by mimicking the
process of natural evolution, are the most widely used techniques in solving FISP. This paper proposes a novel evolutionary
algorithm that integrates the concept of a fuzzy logic into Shuffled Frog Leaping Algorithm. In the proposed SELA-FS model,
the fuzzy roulette wheel selection is used in selecting frogs to form a sub-memeplex. This selection method is proved to be better
than the typically used rank selection. The objective of this research is to find a schedule for each of the 10 benchmark problems
that minimize their makespan. The experimental results obtained from SFLA-FS show that the SFLA-FS is very efficient for all
tested problems.
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1. Introduction

Scheduling problems occur in many real-world applications, e.g. manufacturing, supply chain planning, and
production line planning. Many artificial intelligence techniques have been proposed to find the optimal solutions of
the problems. It is well known that the Job-Shop Scheduling Problem (JSSP) is one of the hardest combinatorial
optimization problems. The Flexible Job-Shop Scheduling Problem (EJSP) is an extension of the Job-Shop
Scheduling Problem (JSSP). FISP allows cach operation to be processed on more than one machine. For smaller
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problems, mathematical programming, such as Integer linear programming and Branch-and-bound algorithms, can
be used to find the optimal solutions; however, the above methods cannot guarantee optimal results for larger
problems. Recently, a number of metaheuristic approaches, such as Genetic Algorithm (GA) [1], Tabu Search [2],
Simulated Annealing (SA) [3], Particle Swarm Optimization (PSO) [4], and other approaches including Fuzzy Logic
[5] have gained a lot of attention from researchers in the area.

Shuffled Frog-leaping algorithm (SFLA) is a new addition to the range of intelligent algorithms and a new
member to the family of memetic algorithms. The SFLA uses memetic evolution in the form of infection of ideas
from one individual to another in a local search. The local search is similar in concept to a PSO algorithm and can
search for food based on a colony. In addition, SFLA can search for global exploration and is easy to understand. In
recent years, several modifications have been proposed: Solving TSP with Shuffled Frog-leaping Algorithm [6];
Improved Shuffled Frog-leaping Algorithm for continuous optimization problem [7]; A Novel Memetic Algorithm
for Global Optimization Based on PSO and SFLA [8].

In this paper, we propose a novel evolutionary algorithm that integrates the concept of fuzzy logic into Shuffled
Frog-leaping Algorithm. The novel fuzzy roulette wheel selection is proposed and used in selecting frogs to form a
sub-memeplex. Additionally, the local search procedure is used to further improve the resulted solution.

This paper is organized as follows: Section 2 briefly describes the flexible job-shop scheduling problems and the
original shuffled frog leaping algorithm. In Section 3. the proposed SFLA-FS algorithm is presented. The
experimental results are given in Section 4. Section 5 provides the conclusion to the paper.

2. Related Theories
2.1. Flexible Job-Shop Scheduling Problems

The Flexible Job-Shop Scheduling Problem is an extension of the classic job shop scheduling problem which
allows an operation to be processed by any machine out of a set of available machines. The objective of FISP is to
schedule a set of R jobs J = {J,, J5, ..., Jg} on a set of S machines M = {M,, My, ..., Ms} so that the makespan (Cyax)
is minimized. Each job may have different number of operations. Each operation O, the j" operation of the i" job,
can be processed on any of the allowable machines. An example of FISP is given in Table 1. Each row refers to an
operation; each column refers to a machine and cells are processing times. As illustrated in Table 1, for example, the
3" operation of the 2™ job is only allowed to be processed on M; and M.

Table 1. Example of the Flexible Job-Shop Scheduling problen.

Machines
Job Operation M, M, M,
o 9 4 r
5 012 5 4 >
O3 2 3 ;
On, 10 11 10
T (0,53 6 5 .
031 p. - 6

2.2. The Shuffled Frog Leaping Algorithm
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Shuffled Frog Leaping Algorithm (SFLA) is proposed by Eusuff and Lansey [9, 10]. The algorithm is inspired by
the behavior of frogs when seeking for the food. The algorithm begins by randomly selecting F frogs and sorting
them according to their fitness value order. Next, the frogs are divided into m memeplexes. For each memeplex, q
frogs are randomly selected to form a sub-memeplex. The chance of being selected is proportional to the frog
fitness; fitter frogs have a higher chance of being included in the sub-memeplex.

P;=2(n+1-j)/[n(n+1)] (1)

where n is the number of frogs in each memeplex.
In each sub-memeplex, the worst frog is selected. Then, the position of the worst frog in each sub-memeplex is
updated according to Eq. (2), where the worst frog learns to move from the best frog in its sub-memeplex.

Fworst™™" = Fworst® +#(Fsbest* — Fworst® ) )

where Fworst is the position of the worst frog in the sub-memeplex.
Fsbest is the position of the best frog in the sub-memeplex.
r is a random number between 0 and 1.
k is the iteration number of the sub-memeplex.

If the new position is better than the previous position. the previous position is replaced by the new position.
Otherwise Eq. (3) is used to update the position of the worst frog instead.

Fworst™" = Fworst* +r(Fgbest — Fworst* ) 3)

where Fgbest is the position of the best frog in the population.

3. The FSLA-FS algorithm

This paper proposes a novel evolutionary algorithm that integrates the concept of a fuzzy logic into Shuffled Frog
Leaping Algorithm (SFLA-FS). The detail of the algorithm is given below:

3.1. Generate the Initial Population

In this step, an initial population of F frogs X = (X,. X2, ..., Xg ... Xp) is created. Each frog, which in this paper is
defined as shown in Fig 1, represents a possible solution to a problem. The length of each frog is equal to the total
number of operations. As illustrated in Fig 1, each meme consists of two components: the operation to be processed
and its corresponding machine. The first components of the memes are initialized by randomly permute the
operations to be scheduled. Then, starting from the first meme, the corresponding machine is selected for the
operation by using the shortest processing time (SPT) scheme as shown in Fig 2.

Meme |

‘] — Component 1

l: —» Component2
i

Fig. 1 The structure of a frog.
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Fig. 2. Example of the process of assigning the machine to the operation.
3.2. Construct a sub-memeplex using the fuzzy roulette wheel selection

The F frogs are ranked in descending order. Then they are partitioned into m memeplexes. Each memeplex
contains n frogs. For each memeplex, q frogs are selected to from a sub-memeplex. This paper proposed a new
approach in selecting frogs to form a sub-memeplex. The main concept of the proposed approach is that the pair of
frogs which are similar in their content are placed next to each other with some degree of overlap in the roulette
wheel. For example, in Table 2. the population consists of 4 frogs; each frog represents a different possible solution.
The following paragraphs show how to create the fuzzy roulette wheel.

Table 2. Some solutions of the example in Table 1.

Trog Solutions

1 024501, 022, 012, 013, O3
031,015 022,012, 023043
Ou1, Oz, Oz, 022, 023, O3
021,011,012, 022, 023, O13

(%]

)

In this paper. the first frog is always assigned to the first slot of the roulette wheel. The slot size is proportional to
its fitness value. Then the similarity between the first frog and the rest of the frogs (frogs 2, 3, and 4) are calculated.
A pair of frogs with the highest similarity score is chosen; in this case, the second frog is selected with a similarity
score of 4 (Fig 3(a)). Therefore, the second frog owns the second slot. The same process is repeated until all frogs
are allocated slots in the roulette wheel. As illustrated in Figs 3(b) and 3(c), the fourth frog is assigned to the third
slot while the third frog is assigned to the fourth slot of the roulette wheel.

Frog [ Frog Similaritv score [ Selected pair

1 g 3 —| ]

1 3 0

1 q 2

@

Frog | Frog Similarity score Selected pair
7, 148 2 Hyf= o]
2 B 3 R.4]

()

Frog | Frog | Similarity score | Selected pair
4 =g W [ |—» .2
24]
© [4.3]

Fig. 3. Example of the process of assigning frogs to slots of a roulette wheel.

After all frogs are allocated slots in the roulette wheel, the overlapping area between the two adjacent frogs is
determined. The size of the overlapping area is positively correlated with the similarity between the two adjacent
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frogs. The more similar the two adjacent frogs is, the bigger the size of the overlapping area. Fig 4 shows the fuzzy
roulette wheel of the example in Table 2.

A

08 L 3
0.6
04
02

Degree of membership

°
A

10 193 26 30 38 393 48

Fig. 4. Fuzzy roulette wheel

In the selection of frogs to form a sub-memeplex, first, a random number is generated. Then the membership
degree to which a generated random number belongs to each frog is calculated. The one with the highest
membership degree is chosen. This selection process continues until a total of q frogs has been selected.

3.3. Improve the performance of the worst frog of each memeplex

The proposed SLFA-FS model employs the crossover and the mutation operators to improve the quality of the
solutions. Crossover operator plays an important part in improving the worst frog in each memeplex. After forming
a sub-memeplex within each memeplex, the top two ranking frogs in a sub-memeplex are selected for crossover.
Once the crossover points are defined, the Precedence Operation Crossover (POX) is adopted to develop a new
offspring (Eq. (4)). If the new offspring is fitter than the worst frog in the corresponding memeplex, the worst frog
will be replaced by this new offspring . If not, the crossover between the best frog in the population and the second
rank frog in the sub-memeplex is performed (Eq. (5)).

Offspring = Fsbest ® F2s )
Offspring = Fgbest © F2s (5)

where  F2s is the position of the second rank frog in the sub-memeplex.
@ is the crossover denotation.
Fsbest is the position of the best frog in the sub-memeplex.
Fgbest is the position of the best frog in the population.

Best frog :
Machine
o [3b T2 [2 17 182
Second rank frog : I Machine | M3 | M1 2 | ML M1
-y Job 2 [Bniel 2 1 2
OMgprige * [ Machine [ | i} sia] wi v i |

Fig. 5. Example of the crossover operation

Once again, if the new offspring is fitter than the worst frog in the corresponding memeplex, the worst frog will
be replaced by this new offspring. Following the crossover operation, the local search, which will be described in
section 3.5, is performed on the new frog. However, if the new offspring is still worse than the worst frog in the
corresponding memeplex, the mutation operator is employed to perform the mutation on the second rank frog in the
sub-memeplex. Mutation operator is used in order to maintain the diversity of the population and to overcome
premature convergence. The mutation procedure is as follows: 1) Select the machine that processes the last
operation of the schedule. 2) List all operations that are processed on this machine. 3) Randomly select one
operation from the list. 4) Re-assign the new machine to the selected operation. 5) Determine the fitness value of the
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mutated frog. If the mutated frog is fitter than the worst frog in the corresponding memeplex, the worst frog will be
replaced by this mutated frog. Then the mutated frog is further improved by the local search. However, if the
mutated frog is not fitter than the worst frog in the corresponding memeplex, a new frog is randomly generated to
replace that worst frog. This process continues until all m memeplexes are processed.

3.4. Shuffle the memeplexes

All the memeplexes are combined together. Then the population is sorted in order of decreasing performance
value. Next, the termination criterion is checked. If it is met, the algorithm is terminated. If not, the population is
repartitioned into memeplexes and the loop continues.

3.5. Local search procedure

The local search procedure used in this paper further improves the solution by swapping the operations within a
block on the critical path. The critical path is the longest route from source to sink in the disjunctive graph. It is
possible to decompose the critical path into a number of blocks (a block is a maximal sequence of adjacent critical
operations that is processed on the same machine). Fig 6(a) shows the Gantt chart of one of the resulted solutions
011, 021, 012, 055, 033, Oy5. In Fig 6(a). the critical path is O51-0,,-0,3-Oy 5. There is only one block on this
critical path, which is 0,3-O, ;. By swapping the sequence of operations O, ; and O, 3, the makespan of the solution
is decreased from 19 to 17 as shown in Fig 6(b).

Mi[ G MJ Ol
2| __ S N o |
M'{ 0. i M3 O,
Y v = j vawra g 10 S Bi7) W 2 6 10 15 13
/
critical path
@) (b)

Fig. 6. Local search procedure
4. Experimental Results

The proposed algorithm was tested on 10 benchmark problems taken from [13]. The performance of the proposed
algorithm is compared to that of the previous research work by Brandimarte [14]. The system parameters of SFLA-
FS are set as follows: F =50, 100; N = 100; m = 10% of F; n = F/m; G = 100; and q = 2/3 of n. The percentage
relative error from the best known solution (RE) is used as a measure to evaluate the performance of the proposed
method.

Table 3 shows the experimental results of our SFLA-FS in comparison to the tabu search of Brandimarte [14].
The results indicate that the SFLA-FS algorithm outperforms Brandimarte’s approach in 6 out of 9 problems.

5. Conclusion

This paper proposes a modification to the shuffled frog leaping algorithm for solving the flexible job-shop
scheduling problem (FJSP). The proposed model is a combination of the shuffled frog leaping algorithm and the
fuzzy logic concept. The experimental results show that the performance of the shuffled frog leaping algorithm is
significantly improved when a new fuzzy roulette wheel selection is used to construct a sub-memeplex, instead of
the rank selection typically used in the original shuffled frog leaping algorithm. Our future work will deal with
multi-objective FISP, a much more complex version of the FISP.
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Table 3. Experimental results

Brandimarte [14] SFLA-FS
Problems RxS LB

Popsize Cmax RE (%) Popsize Cmax RE (%)
MKO1 10x 6 36 100 42 16.67 50 41* 13.89
MKO02 10x6 24 100 32 33.33 100 30* 25.00
MKO04 15x8 48 100 81 68.75 50 68* 41.67
MKO5 15x4 168 100 186 10.71 100 181* 7.74
MKO06 10x 15 33 100 86 160.61 100 75 127.27
MKO07 20x 5 133 100 157* 18.05 100 159 19.55
MKO8 20x 10 523 100 523> 0.00 100 523* 0.00
MKO09 20x 10 299 100 369* 2314} 50 369* 23.41
MK10 20x 15 165 100 296 79.39 100 272* 64.85
Awverage Relative Error 45.66 35.93
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Abstract

This paper proposes a modified version of the genetic algorithm for flexible job-shop scheduling problems (FISP). The genetic
algorithm (GA), a class of stochastic search algorithms, is very effective at finding optimal solutions to a wide variety of
problems. The proposed modified GA consists of 1) an effective selection method called “fuzzy roulette wheel selection,” 2) a
new crossover operator that uses a hierarchical clustering concept to cluster the population in each generation, and 3) a new
mutation operator that helps in maintaining population diversity and overcoming premature convergence. The objective of this
research is to find a schedule that minimizes the makespan of the FISP. The experimental results on 10 well-known benchmark
instances show that the proposed algorithm is quite efficient in solving flexible job-shop scheduling problems.

Keywords: Flexible Job-Shop Scheduling Problems; Genetic Algorithm; Fuzzy Roulette Wheel Selection; Hierarchical Clustering

1. Introduction

The flexible job-shop scheduling problem (FJSP) is one of the hardest combinatorial optimization problems. It is
an extension of the classical job-shop scheduling problem (JSSP). The difference between the two is that FISP
allows each operation to be processed on more than one machine. However, different machines require different
processing time for each operation. Comparing to the JSSP, FISP is more complex and more difficult to solve.
Recently, a number of metaheuristic approaches, such as Genetic Algorithms (GA) [1], Tabu Search [2], Simulated
Annealing (SA) [3], Particle Swarm Optimization (PSO) [4], and other approaches including Fuzzy Logic [5] have
gained a lot of attention from researchers in the area.

GA has been applied to many combinatorial problems such as job scheduling and the travelling salesman
problem. Some relevant works are: Pezzella et al. [6] proposed an algorithm that integrates different strategies for
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generating the initial population, selecting the individuals for reproduction, and reproducing new individuals. Zhang
et al. [7] developed new concepts for generating a high-quality initial population, called Global selection (GS) and
Local selection (LS). Al-Hinai and EIMekkawy [8] proposed hybridized genetic algorithm architecture for the FISP.
In their algorithm, the efficiency of the GA is enhanced by integrating it with an initial population generation
algorithm and a local search method. Ho et al. [9] proposed a new architecture based on the GA for learning and
evolving FISP called learnable genetic architecture (LEGA).

In this paper, we propose three new operations for the genetic algorithm. First, a new selection method, called
fuzzy roulette wheel selection, is proposed and used in selecting chromosomes to form a mating pool. Second, a
new crossover operator which employs the concept of a hierarchical clustering algorithm is used in crossover the
mating pair. Third, a new mutation operator is applied to the offspring to maintain population diversity and
overcome premature convergence.

This paper is organized as follows: Section 2 briefly describes the flexible job-shop scheduling problems. In
Section 3, the proposed algorithm is presented. The experimental results are given in Section 4. Section 5 provides
the conclusion to the paper.

2. Problem definition

The Flexible Job-Shop Scheduling Problem (FIJSP) is an extension of the classical job shop scheduling problem.
It allows an operation to be processed by any machine out of a set of available machines. The objective of FISP is to
schedule a set of R jobsJ = {J}, J,,..., Jg} onaset of S machines M = {M;, M, ..., Mg} so that the makespan (Cx)
is minimized. Each job may have a different number of operations. Each operation O;;, the j" operation of thei" job,
can be processed on any of the available machines. An example of FISP is given in Table 1. Each row refers to an
operation; each column refers to a machine and cells are processing times. As illustrated in Table 1, for example, the
3" operation of the 2™ job is only allowed to be processed on M, and Ms. The symbol “-” means that the machine
cannot execute the corresponding operation.

Table 1. Example of the flexible job-shop scheduling problem.

Machines
Job Operation M, M, M;
Oy 2 4 8
5 0 5 4 7
Oyz 2 - -
0, 10 11 10
1 055 6 5 -
033 2 - 6

The following hypotheses for the FISP, which are previously stated in [10], are made in this paper:
e All machines are available at time t = 0.

All jobs are released at time t = 0.

For each job, the sequence of operations is predetermined and cannot be modified.

Each machine can only execute one operation at a time.

Each operation O;; must be processed without interruption on one of the S machines.

The objective of the FISP is to minimize the makespan.
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3. The proposed algorithm

The proposed algorithm is developed according to the concept of the genetic algorithm. The detailed procedure of
the proposed algorithm is as follows:

3.1. Generate the Initial Population

As shown in Fig 1, the structure of the chromosome used in this paper consists of two components. The first
component of the chromosome represents the sequence of operations to be processed while the second component
contains the list of machines used in executing the operations in the first component.

For example, consider the 2-job, 3-machine problem given in Table 1. An initial population of 4 chromosomes is
randomly created as shown in Fig 2. Each chromosome contains 12 genes. The numbers 1 and 2 which appear in the
first component of the chromosome stand for jobs J; and J, respectively. Since each job has three operations, the
numbers | and 2 therefore occur three times in the first component of the chromosome. On the other hand, the
numbers 1, 2, and 3 which appear in the second component of the chromosome stand for machines M, M,, and M3
respectively. According to the chromosome 4 in Fig 2, the second component is [3 2 3 2 2 1]. The first gene in the
second component 3 means that the 1* operation of the 2™ job is to be processed by the machine M;.

Component | Component 2
[@lzla-= o aT2Pha]1]3]

Fig. 1. Schematic representation of the chromosome structure

Chromosome 1 1 2 2 2 1 1 2 2, 2 1 1 1
Chromosome 2 | 1 2 1 1 2 2 1 1 1 1 1 3
Chromosome 3 | 2 1 1 D 2 1 2 1 2 210, 1

Chromosome 4 | 2 2 2 1

w
[§)
w
(8}
(8]

Fig. 2. Initial chromosomes

3.2. Fitness Evaluation

In this step, a fitness function is applied to evaluate the fitness of all chromosomes in the population. In line with
the main objective of the FISP, the fitness function used in this study is the reciprocal of the makespan of the
chromosome.

3.3. Selection

In the genetic algorithm, parent chromosomes are selected with a probability related to their fitness. Highly fit
chromosomes have a higher probability of being selected for mating than less fit chromosomes. In order to improve
the performance of the genetic algorithm, the new selection method, called the fuzzy roulette wheel selection, is
proposed in this paper. The concept of the fuzzy roulette wheel selection is that two chromosomes which are similar
in content are placed next to each other with some degree of overlap in the roulette wheel [11]. The similarity
between two chromosomes is measured based on the number of genes on one chromosome whose position and
content are identical to those of the other chromosome. To be more specific, the similarity value of a pair of
chromosomes is the summation of 1) the number of the same O;; positions that both chromosomes have and 2) the
number of the operations O;; on both chromosomes that have chosen the same machine. For example, in Table 2, the
population consists of 4 chromosomes; each chromosome represents a different possible solution. The following
paragraphs show how to create the fuzzy roulette wheel selection.
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Table 2. Some solutions of the example in Table 1

Chromosome

Solutions

1

FERI S

01,1, 021, 022, 023, 012,013 My, Mz, My, My, My, My
011, 021, 012, 013, 022, 025 My, My, My, My, My, My
02, 011, 012, 022, 025, 015 Mz, My, Mo, Mz, Mo, My
021,022, 023, 01,1, 012, 015 M3, My, My, My, Ma, M,

In this proposed selection method, the first chromosome is always assigned to the first slot of the roulette wheel.
The slot size is proportional to its fitness value. Then the similarity between the first chromosome and the rest of the
chromosomes (chromosomes 2, 3, and 4) are calculated. A pair of chromosomes with the highest similarity score is
chosen; in this case, the fourth chromosome is selected with a similarity score of 5 as shown in Fig 3. As a result, the
fourth chromosome occupies the second slot. The above steps are repeated until all chromosomes are allocated slots
in roulette wheel. Next, the overlapping area between the two adjacent chromosomes is determined. The size of the
overlapping area is positively correlated with the similarity between the two adjacent chromosomes. Fig 4 shows the

fuzzy roulette wheel of the example in Table 2.

In the selection of chromosomes to form a mating pool, first, a random number is generated. Then the
membership degree to which a generated random number belongs to each chromosome is calculated. The one with
the highest membership degree is chosen. This process continues until a total of Psize chromosomes has been

selected.
Chromosome Solutions
1 011, 0215 022, 023, 012, Oy M2, M, Mo, My, M, M
2 0¥ 0¥, 0121015, O G MM AT M 81
3 02, 011, 012, 022, Oif, 2 M, o, Mz, M, My
4 024, 022, 023, 011, Or2, Ms, My, My, M, Mo, M,
Similarity value
Chromosome | Chromosome (Max score = 12) Se;?ied
Operation | Machine | Total

1 2 2 4 <. [14]

1 3 1 B 4

1 2 g 5

Fig. 3. The process of assigning chromosomes to slots of a roulette wheel

Degree of membership

Fig. 4. Fuzzy roulette wheel

. Fitness va
>

lue
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3.4. Crossover operation

Next, the proposed model employs the crossover operation to improve the quality of the solutions. This paper
proposes a new crossover operator, which employs the concept of the hierarchical clustering algorithm. The
followings are steps of the proposed crossover operator:

1) By using the fuzzy roulette wheel selection, create a mating pool of size Psize, where Psize is the predefined

population size.

2) Partition the chromosomes in the mating pool into 2 clusters by using the hierarchical clustering algorithm.

In this hierarchical clustering algorithm, the single linkage method as defined in eq. (1) is employed to
calculate the similarity between two clusters.

S(G.H)= MAX [s(e, /)] (1)
eeG,feH

where G and H are any two clusters.
s(e,f) denotes the similarity between chromosomes ¢ and f.

3) Randomly select one chromosome from each cluster to form a mating pair. Once a crossover point is
determined, a one point crossover technique as shown in Fig 6 is used to create new offspring. This third step
is repeated (Psize/2) — 1 more times.

For example, in Fig 5, four chromosomes are divided into two clusters. Cluster 1 consists of 3 chromosomes
while cluster 2 consists of 1 chromosome. Two mating pairs are formed: 1-2 and 3-2. Fig 6 shows an example of
the one point crossover operation which is performed on the mating pair 1-2.

Cluster 1 Cluster 2

Fig. 5. Mating pair selection }

Chrc ATt e A 4 2 | 2.1 111 1 ekl

Chromosome 2 [ ]2 Tt [t J2 2 ot i ]3]
(a) Step 1

Chromosome | V] 272002 [ 1 T [Z a2 11 ]

Chromosome 2 1 1 2 1 1 3
e
(b) Step 2
offspring 1 [T T2 [T/ T [2M2T2] T ]
(c) Step 3
Offspring 1 b il I i sl T2 L L4 |
(d) Step 4

Fig. 6. Procedure of the one point crossover operation
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3.5. Mutation operation

In this paper, the new mutation operator is employed to perform the mutation on the offspring. The mutation
operation is used in order to maintain the diversity of the population and to overcome premature convergence. For
each offspring q, the following mutation procedure is performed:

1) Randomly select two genes in the component 1 of the chromosome.

2) Swap the selected genes.

3) Evaluate the fitness of the mutated offspring. If the mutated offspring is fitter than its parent, it will replace

its parent in the population. If not, the mutated offspring will be discarded.

4) This procedure is repeated T, times, where T is the number of iterations in which the mutation operation is

performed on the offspring q.

T, = max(1, xp— % /) 2)

where r is a random number in the range [-1,1].
X s the fitness value of the fittest chromosome in the current generation.
X, is the fitness value of the chromosome q in the current generation.

3.6. Termination

The best Psize chromosomes are selected from the combined list of current chromosomes and newly generated
offspring. Next, the termination criterion is checked. If the criterion is met, the elite chromosome is retuned as the
best solution found so far. If not, the whole procedure is repeated. The termination criterion used this study is to
terminate the iteration of the GA when eighty percent of the population shares the same value.

4. Experimental Results

The proposed algorithm was tested on 10 benchmark problems taken from [12]. The performance of the proposed
algorithm is then compared to that of the previous research works by Ho et al. [9], Girish and Jawahar [13, 14], and
Xing et al. [15]. The system parameters of the proposed algorithm are set as follows: Psize = 200; Pc = 0.9; Pm =
0.3. The percentage relative error from the best known solution (RE) is used as a measure to evaluate the
performance of the proposed method. Table 3 shows the experimental results of the proposed algorithm in
comparison to all of the above mentioned methods. The average relative error of the proposed algorithm is the best
among the compared methods.

5. Conclusion

This paper proposes a modification to the genetic algorithm for solving the flexible job-shop scheduling problem
(FJSP). Three main operations of the genetic algorithm are modified: selection, crossover, and mutation operations.
The experimental results show that the performance of the proposed model is significantly improved when these
three new operations are used in place of the original operations typically used in the genetic algorithm. A much
more complex version of the FISP, which contains multi-objective, will be studied in the future work.
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Table 3. Experimental results

Problems nxm LB Hoetal. [9] Girish and Jawahar [13]  Girish and Jawahar [14]  Xingetal. [15]  Proposed Model

40 40 40 39 40
MKO1 10x 6 36
(11.11) (11.11) (11.11) (8.33) (11.11)
29 26 27 29 27
MKO02 10x 6 24
(20.83) (8.33) (12.50) (20.83) (12.50)
204 204 204 204
MKO03 15x8 204 -
(0.00) (0.00) (0.00) (0.00)
67 66 62 65 64
MKO04 15x8 48
(39.58) (37.50) (29.17) (35.42) (33.33)
176 174 178 173 175
MKO5 15x4 168
(4.76) (3.57) (5.95) (2.98) 4.17)
67 77 78 67 65
MKO06 10x15 33
(103.03) (133.33) (136.36) (103.03) (96.97)
147 143 147 144 144
MKO07 20x5 133
(10.53) (7.52) (10.53) (8.27) (8.27)
523 523 523 523 523
MKO8 20x 10 523
(0.00) (0.00) (0.00) (0.00) (0.00)
320 328 341 311 309
MKO09 20x 10 | 299
(7.02) 9.79) (14.05) (4.01) (3.34)
229 247 252 229 234
MKI10 20x.15 - 165
(38.79) (49.70) (52.73) (38.79) (41.82)
Average Relative Error 23.57 26.08 27.24 22.17 21.15
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