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Application of Biogeography-Based Optimisation for solving plant
layout design problem under variability of production quantity
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Abstract

Changing customer demand in product type affects production quantity, material flow between
machines, and production cost. Effective layout leads to reduce the material handling cost. Machine layout
in uncertain manufacturing environment can be robustly designed, so machines have no movement. The
machine layout problem is an NP complete combinatorial optimisation problem, which means that the
time taken to solve problems using enumerative search increases exponentially with problem size.

This paper presents the development of Biogeoeraphy-Based Optimisation (BBO) based layout design tool
for generating robust layouts that minimises the distance travelled by materials and costs taking into
account demand uncertainty.

Furthermore, some results obtained from the computational experiments were presented in “The
2nd International Conference on Materials and Manufacturing Research (ICMMR 2014)”, “The International
Conference on Intelligent Materials and Manufacturing Engineering” (IMME 2015)” uas “The 2nd
International Conference on Manufacturing and Industrial Technologies (ICMIT 2015)” as shown in the
appendix.

Keywords: Machine layout; Demand uncertainty; BBO
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daufil 1: Executive Summary

msUszgndldnizuaumstumdneuiimnzandedagimanslunisuitgmnissanuuuddssnunigld
Ussansndaliniveu
Application of Biogeography-Based Optimisation for solving plant layout design problem under
variability of production quantity

Tuamwadeumsedaifaatinininisidsuiamisailiiniuoy  (Uncertainty) thamidandos nas
wisuwannudesnsvesgniidieriiavesdafusinmtasaroroiliiinsuiundeunEnfasiifu wiewus
udndnsilnl Uhnanisedndeensssnfouwaduiimmiiisiuioanamiudisnar wieldiinisuda il
nanssvudaiiiadudnssuaunisadn n"|smﬁauﬁmqi’ﬁq‘isijtﬂ?aﬁni wazUssdnSnmnisudnniudaniu lng
sumunsoudneTanAnuu 20-50% vasduvunsuaneun (Tompkins et al, 2010) n1sandaitiannsaansinou
s1iluszuy (Work in process) (Hicks, 2006) anszagmemstadaufivasian (Hu et al, 2007) aaainisuudiuian
(Chaieb and Korbaa, 2003) anfuvunisvuaieian (Material handling cost) Iiadnatios 10-309% (Ficko et al,
2004) Uyymanasdnaneituivinau (Facility Layout Problem: FLP) 3Fafuilgmidiiinnsdnwiuluaeniag
(Balakrishnan and Cheng, 2006; Drira et al,, 2007) in3asdnaifuilidunisudnddgilitdnietefiussoznanis
wude¥an Jywinsesnuuudaiioaniasing (Machine Layout Design: MLD) Sadalutim FLP

Uy FLP - awnsowdald 2 favaizanunisdsuwlasUfunanisiad sufivesTannudaanaida Static
layout problem wag Dynamic layout problem zﬁu‘%mmaﬁaﬁ}ﬁmﬁauﬁszmmﬂ%‘aai‘fm‘hiﬂm‘smﬁuuu.ﬂawm
drafiasuluiZends Static layout problem Tunnmseudluntasdranariinsfiutunioanasvest3ua
msipdeufivatiag Funi1 Dynamic layout problem Fepndwaroszazynansuudiefag nawdsuwtanfino
nudaensiiaivguinnmsednduduialvl mafuvieanuiinansunvedududazsia suidennsans
wauwasnufaimisuasgndn wazdwadeiledudisssyenisuudnetagssniaedesdnsitdingy dilsanu
Wndsonvasiiliusedudnumsaananas 1du Shsantsndnanas fuyunisvudeYanistu mssenuuuialasm
Imigadudssniiu sdralsinig nsusundsuduminade sdnsludalssunslfiAadlitilunisiadoutie
indesdng lidesdudiusenu Argunsof gy ddlemanisudnainmsugasuiumsnaniiewaudioniasing
AinRaniosing PnnsnumusTEnssudtgmmsredaituivien (FLP) vea Addean (2553) Tnududuan
§ulayaiunis IS Web of Science daumda 10 T (w.a. 2544 — .. 2553) 1Ay 143 A Uit unALide
firdestutigmimeedilsssmiiiinmsdifmsuanumanbmamsadanmudunaldunsunssnseaniuy
filsanluadaiudaiflivann

Ugym FLP. datfuilymn Non-deterministic Polynomial-time Hard problem (NP Hard problem)
(Nearchou,  2006) tiufia 1evumvesilymilugiy La1ililunsmdmeusrliduiistdulvaludioa (Non-
Polynomial) daratlunaswdneuaisssdiyduwu Exponential (Hicks, 2006) 38 analytical model #3a38n15m
AmaulasarduvdnnindindIans (Conventional optimisation- algorithms) Fslimangiunsudtlymt NP-hard
ilosmntymitivnelugeevilfliaunsedumnmaouiiiiiganealussusnarfiuonsuld (Singh, 2009) 3ans
witlgmiaenideunuusssumaduignsmimeulaenisusEanmed (Approximation optimisation algorithm) 34
wzaudanisuitlym NP-hard dafloguaneds Wy windane3viu (Genetic Algorithms: GA) Fyanmaueniias
(Simulated Annealing: SA) m1yL@a (Taboo Search: TS) =‘J‘ﬁ‘mr-i'mauﬁmmsﬂm%a%‘uqﬁmﬁm% (Biogeography-
Based Optimisation: BBO) t{udu 38 BBO (Simon, 2008) Wuisnismdmaviinzanlavodoudnnismieih
pimanflusssud Tnedannainnisoviendrefugiu wasnsdsuwamiusssumivesdsifdinfidady dean
msduAulugudoyadvins IS Web of Science daumils 6 U (w.a. 2551 - .. 2556) wuin 33 88O deliigminn
Usgynalduidaymmssanuuudalsau

darfu mu%’aﬁ%’uﬂumiﬁnmm'iuﬁ'ﬁmuu'|miaanuuun‘{qhmu Tnefinindsuwlasiinunisudanay
daanan TnaldiEnmamdmeuuuudsznadia Bmdmeuimnsaudiihginians (880)
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1. dnquszasduadlaseinisidy
d ’r 1 L7 4 o (=) v
wiamualusunsudraluniseanwuudilsanluanmnisasuwdasUiununmsadn Taoldiansdum
o i ad v o o a 1 A .
AwauluuUsEInA1Ae FAumAmeUnzandidiginant (Biogeography-Based Optimisation: BBO)

2. youlwnvailasamsidy

2.1 mssenuuudinsinFeariasinsnelivinanisudnliuiusuiifnuasduiuuumm (Robust
layout) fla fuedasinsiigneanuuuliiasmsnsesiumsasuwacinuntsadanudanat Tnsiifnquarasdiiie
annaTmssEEMIMsIuss Tagluyntanaliesiiga wissdnserlifimadsuwasiumia Ssisialdeeiia
nnsiedeuiaiiesing maUsududsdaimsomamnzssss runisuuaie g

22 yodfoyaillflumiadeinnnissiass luwiasgadayassiimmunnsstudwiinumstaaveuday
HanAS

2.3 Sranuvvedssfidnunzdudmiomuan Rectangular shapes) uaziuuanminiauasaa
gvadlsanuiinngigadiuey 1,000 was

2.4 Lﬂ?aaﬁ'nitqnm'%'aaﬂé’numztﬂugﬂw‘mﬁmé‘umqumn (Rectangular shapes) in139An13 (Operate) o]
Uitamnans (Centroid) vasgunsadindey uastunuansadhldyniuveasiosing

25 msdadoartasinadiunuuuauny X ndudeluem wasilagaunu X wdlituunslminuuuuny
¥ TnoauGsandasinsandudelusmiouds

2.6 \Tesdnsiivunanuniistazaruetliiviiiu (Heterogeneous machine size)

2.7 mandeuituassavuteYanazgniiulfiadeuiatedmui (Automated Guided Vehicle: AGY) via
asifiusn Fork truck (Forklift) Juagiuussinvuasguamnssy faildnuasnsidumaduduassandudoluem
v3annshunludie snduuuasiudmiennduatugimuy

28 nalilunisiadouiivessovudiedan  waznarlunisserssnisliuveanissdnsazhigniun
Wisan

29 wavenAtasing (muniiguaiued) desndraunalsawans Taglifdasundsaugaues
indosdnsuazaiuguuesanuiilddnGouniasing

2.10 suAdeiluiuamnsnisindeaniasing bifesandaailitsderiunsansmissdn

3. FEmsmtiuauidy
w % o o o e o v oo ﬁ o ﬁ = & v )

31 Anwdeyamuiniondnsuasndninsd insesdnslijunssdmasyunin @waenfiudiazdnia) 90
a wa e ) ° vel - - ' P v v o |
UfjiAnuraaazasinsgnimualingannats (Centroid) vosudaziaial laaligadoya 5 9o demisiei 1.1

a ¢ v o s 9 v P ° - w
3.2 Annsiuazeanuuuwiindeyaindr (nput files) Fuuusluiliiivisasidanvessuiuaiasing
v 3 o o o a W e W o o ) 3 a w_ ¢ a

AN NUAZAUENTBIUMALLIATEINT JuNARTNg drvunmpiTnussiasasinsiuliazedniuy wasusinu
mMHdnlulaazadieiaan

33 Asevuazeaniuuuiiudayaviaan (Output files) Fuduuitsiuananadvidannisussnanaves
Tsunsu Usznausie Amnsifiinasnig q (Parameter setting) 19y guanssuviivaemi (Ecosystem size) 31uusaU

. - & A v W ety v

(Number of iterations) uasfiufiveslssnu (Layout area) (Jusu waraaansfldainmsussuranalusunsy

v o e o s R ' ° oo ' o ' '
Ussnaumu @1MUNT8TeU ANBUVANANTBILAAETOU AMBUNAVAATEINNTOU Anaasuatnmaululnassau A1
| Y o w o = %) 8 & ° = o 1 a  w
WBILUUNATHIUTBEAaNS anumsinBoanissdng tasdumaihnuusuaissdnsveudasudnius

- . S . T 4
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713197 1.1 yadeya
o E ° a o
gadoya  dwueesing (M) Swausdndud (P)

M10P3 10 3
M15P9 15 9
M20P5 20 5
M30P10 30 10
M30P27 30 27

3.4 Uszgndld 880 TumsuAtlgminisdnsundesing TnslusunsunisinGeaniesdnadae 8BO Téums
apnuuutazimuiniglusunsy Visual Basic %aﬁﬁwﬁumﬁﬁmuﬁqguﬁ 1.3 wavadunaliiail
3.4.1Mnuaamsiiiaes laun auinszuuiig (Ecosystem size; n) §1u7usau (Number of
iterations: I,,,) AUz lUluNTsUTUUSe (Probability of modification: Pped) Snrmadsuulamiesssuei
gagn (Maximum mutation rater mg,,) AATEIuTiTnSEnE] (floor length: F) WazAunIa (floor
width: Fy,) 984919 (Gap: G) Waziaudiaaal (Number of periods: P)

3.4.2 nsadeneuiiudu (Solution initialisation) auguLuuAmBY (Solution representation)
fifviun Tu 1 F?"ma'uUi"nauﬁwm%aﬁnwmEJm%um‘%awiaﬁ'umuﬁqmuméaﬁ‘fﬂi Imamsﬁzmmmamﬂ?mﬁ'ns
mnum%“mmimmwnsmwa 8] mmmmanuwmuwmmaq sl dmav 1 Ameu drilgmilidosdnsi
Lﬂiaafm'i 10 1a38 1 MnouazUszneuiainiesdng 10 l.mm wazvinsasemaausuldasumurunssuLioai
Auald

3.4.3 viimsindeuaiosdnsiiasun Mnuudrsievesiuiilumenlasdilianmen () was
ﬁmﬁﬂ"ﬂL'%uqLLn'Jﬁm‘lﬂﬂummﬂ?aqa‘fnmnLﬂ?aa Tnsdnuumvenaissdnsiiszozliiuvanuniag (F,)

3.4.4 vﬁm=anxLﬁurfhﬁ’uﬁﬁmnmnaammﬁuﬁag’mﬁ’u (Habitat suitability index: HS)) dadu
msAmnumsesEgsInsTuie aqremardniuslunntanan . dwdndusiutassinesiiddunisednuas
\n3eadnsinand iy

3.4.5 dGueduiu k) vesdmau Taofiansanaindineuiidiign (szeznienanieniig)

3.4.6 AunaA1dnsInIsnsenevd (Immieration rate: A) (faldiarsanismrnniazdulunis
@enAmeuiiasimduuvassinmsanewish uasadnsinsaewean (Emigration rate: 1) laléfvsaniannn
iesiulunisidendmeuiinziwndiuundwaimsenovesnvssdayasniiuiidnauidy auaums? 1 was 2

A =I( ~%] (1)
E

2

AU

e =

3.4.7 asuimeulmimesuurunisawendreiu (Migration process) nuda A wag ( lngsauay
Amauluntsnateiug (migrate_num) aghiiAuriarminzidulunisasuwdas (Probability of modification:
Priog)

3.4.8 adudmaulmitisnswAsunamasssusd (Mutation process) auArriasiuues
n150g58n (Probability of existence: P) wazdnsnIsasuwamssud (Mutation rate: mg) Tuaun1si 3

uaz 4 auaIny

e e TR TR S ST ey e = e S &

R2557C159



( 1
| T— — |
S A
P 1= Mty (3
=
P= 2"’1‘":{2.2{ 7 J<ks<n
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1-F
m(SY=n = (4)
( ) 11111\(( Pnu‘ J

a ) a 4 o ° ' o o o v
349 U'isl,uumﬂ‘dﬁmmmmsamamuwaqmﬂa (HSh) aednaulvy LasuuiiA nauLiugn

ALNVIANBUATY
o o o °
3.4.10 Tusunsusdsznanasunssisasumudiuiuseuiidmual 3eenganisvinny wasaguua
o o o w el 1 ' v} |
mmmwaLﬂiawnsﬂﬁm'ixa:mwmwummaqwauwaﬂ

L1

Initialise N, hnao Proods Mimax
Randomly generate the initial solutions based on the n
Arrange machines row by row
Evaluate the fitness function (HSI) for the solutions
Sort the solutions in ecosystem based on the fitness (HSI)
Seti = 1(first iteration)
While i < /4 do
For j = 1 to migrate_num do (migrate_num = round (randorm number x n))
Migration operation
End loop for
Fork= 1ton
Mutation operation
End locp for
Evaluate the new solutions and update HSI
Elitist selection
el
End loop while
Qutput the best solution

u
o

e ° o v e - o Ay ad
Eﬂw 1.3 9Unaun1INNIUTaINITa aNLUUHIIRLIEILATENANTINTEE6 BBO

3.5 NvAaas
nsvaaesdmuaiTein 2 nmnsvasssie
3.5.1 nMavaaasil 1 Anwinistamuadamnsalines BBO fmuizan Tndldnisesnwuuntmaans
wirneFsanuulia (Full factorial design) winiwmesililunsvaasiuansinsiai 1.2 uasldyadaya 5 ya v
naaessn 5 ada Fafu masvaaesisuautim 675 afh
3.5.2 n1vaaedil 2 Usegndlditnis BBO tilesenuuudsdniFounisstnsuuumumi nold
Uhnamssdndiiinswasuamudiwm lnedmseinsvesgnaneedidnhiviiiily 4 saaan fugadoya 5
g0 Tngvhinamaassdi 30 A

R2557C159



4 o ' a
N3N 1.2 n']‘iﬂ'lwumﬂ'm’]'i'lumai' BBO

Values
Factors Levels -
Low (0) Medium (1) High (2)
Ecosystem size/number of iterations (N1, 3 25/100 50/50 100/25
Probability of modification (Peq) 3 0.1 0.5 0.9
Maximum mutation rate (mp,,.) 3 0.1 0.5 0.9

4, pan1svnassuaznsiassvinaldeain
[ | ) P P o oo w v o o )
PInnvinaesdtuted 3.5.1 distnansyeasdldinsmeinadaifaunsouansualuiided 4.1 dmiunis

v o a [T nY) -
naaasdod 3.5.2 eanisvaaasuanFaumsutasinevualanaiidon 4.2

<
4.1 Han1snaaesn 1

v o < o a 5 aa 1 4 v a ¢
mnnﬂ‘iﬂﬂaaﬂuﬂaw 3.5 u‘[au']f-laﬂqiﬂﬂﬁa\ﬂﬂqLﬂﬁqﬁﬁwqqaﬂﬁ A1 P-value Wlﬂ“\]']ﬂﬂ'ﬁ'ﬂﬂi?ﬁﬂﬂ')'ﬁl

< ° ' P ) T '
wUsUsrunanslunnsiei 1.3 %‘ammmﬂﬁsﬂuuaa’mmmmu 0.05 A1 P-value

taunin 0.05 nuwAIIUIY

a ¢ ' P ' ' [ R Y | a o & ¢ 2 o '
vilweidnaninarasssnanisunedaneduiiisddynszduaumdaliu 95 wWasidusd nmsimunsin
U9z ulun1UTUUTE (o) KASUTEUTUSTENIN Prgy U My fiuadedmauluynyatayastieiiioddy

' o o P ' ' a s o ar P
mvm”mma‘smvm'1mm'luLLﬁasfqmﬁagaﬁlﬁmszﬂawNms'uummaﬁ]mmjmuammm']mw 14

= ' a ¢
A5 1.3 A1 P-value 39nmsiRsienanuulsusiu

Source gataya

M10P3 M15P9 M20P5 M30P10 M30P27
N e 0.191 0.000 0.013 0.000 0.001
o 0.001 0.000 0.000 0.000 0.000
(17 0.800 0.000 0.000 0.000 0.000
N ad Prod 0.004 0.045 0.173 0.060 0.103
Nmae * Menag 0.135 0.000 0.099 0.000 0.000
Prod ™ Mo 0.016 0.000 0.000 0.000 0.000
I ol Blood AN 0.031 0.000 0.123 0.103 0.004

o 1 a ‘ <
M137199 1.4 Aarrns1dines BBO vikwugdy

Dataset W ¥ il Mo
M10P3 50/50 0.9 0.1
M15P9 25/100 0.5 0.1
M20P5 50/50 0.9 0.1
M30P10 25/100 09 0.1
M30P27 25/100 0.9 0.1

<
4.2 {an1innassv 2

4 o o d W Yo a da = !
luﬂﬂ?ﬂT'ﬁﬂaﬂlLUUﬂl\lﬂﬂL‘%ﬂQLﬂﬁ'ﬂ\i'\]ﬂi'l!.‘UU'ﬂum']u n']ﬂllmlhu'lﬂlﬂ'l‘}'ﬂﬁmﬂuﬂ"l'iL"Jﬁﬂuu‘JﬂQfﬂ"u'ﬂ'Nl'Ja'] 5 U
1w 1 Y ) e ' 4 o et o (] |
Nﬂ‘I'Jll'i-‘ﬂUsVI'N‘UUﬂ'IU’]ﬁF}VI‘ﬂ'ﬁ?ﬂnﬁ'ﬂu@?uﬂ']ﬁ']ﬁﬂUVlﬁVIEIﬂ ﬂ']LﬂﬁEJﬂ'iﬂﬂ'UﬂﬁWﬂﬂ ATEIULUBILUULIATTIU Lastaan

- ar o
0ae (Uil Lansanis i 1.5
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‘J 1 v
fM1319% 1.5 HANIVARDITDILAGEYATILG

yadoys  Adweuilingn  dwedudwmeudiitan  Adudssumnespy vaeds Guii)
M10P3 85,791.39 88,790.02 2,870.28 2.29
M15P9 533,564.19 563,223.59 13,514.21 3.73
M20P5 476,625.34 521,419.22 17,855.37 4.61
M30P10 1,846,848.63 1,912,197.83 36,593.85 .57
M30P27 3,298,488.50 3,376,527.20 39,362.01 9.13

o

7. dyUnan1sidy

Mu"?ﬁ’uﬁﬁﬂn1'iﬁ'muﬂ‘d‘mﬂ‘mFd"aE;'lumﬁaanLtuurmimu'luam1'1111‘51,1}55114LLUaaU‘%mmminﬁm Tnald
JFBnsrumAmauLuulsEInuA1Ae 3 ';ﬁﬂumﬂ"mauwmm.,amwu'mmﬂam (Biogeography-Based Optimisation:
B8O) Tnanduniseanuuunisindeaaiosinsuuuiaies weliiiaase Uumamwummammauwam Amsilned
BBO finadanmnmusidneuatuitedWomisadfdonudesiu 95 waddud Welinnsviauresisnis 880 i
Usz@nsnmgegaismsmvuadwnaifinadiianzay fadmnsifinesfimmnzauiuyadayaudazvuniinny

ULANMIaAY

atlsima msesnuuuiinisdsaaiesdnsmelivimanisedniliviueumsiiasaniansdiudeu
funseainssewindinanielissazuanissudisfagluidavgasaawniign Fee1vesvidliAaniswdeugumis
gauA30sdns uananil m‘iaanlwuc‘f‘amm'im"imsm15&5’91{11]3521:6514'] Winduueninilesanszegmiamsaudie
T 19U Auunsvuadan vlinvesguninivuniedan was é’nwm“%até’umamwudw?ﬁq udu saminis
Wauniinsmdneulasdssnadisauiouttymaseentuumtntsaaiesdng
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‘J 4’ = e
dauil 2: Wanw1auive

o o
1. AnudiAguaziuvastgun
v a v W o= 4 el [ % v d  wu
Tuanmumdesunisedatagtuliniinsasuwdamiaanubiviuey  (Uncertainty) Waiisados ms
ﬂ‘ L 1 OJ 1 = - o 1] L3 L/ ar 4 - o o o
wWasuulasmnudsanmsvesgnAtidseviinvaw@ndusdmugianaaraviliiinsuiuwdsusda sty viauusi
a W 1 e a e o od o & i o5 1 a
nanfugilvl Ulinanisedadeenseswdsuwlacluiianamifiviuvisanasnudanaan vialdiinasudn dail
o o a = o v 1 F o a a o w
wanszvudaiilosludinszuaunisndn nsindsunivesianssuiuaiedng uazuszdndamnandnnuddiu lag
1/ U o = v - ﬂ‘j - R le o
suvunssudeagAndu 20-509% vasduyunisuaniaiug (Tompkins et al, 2010) nMsedaifannsaansiuiu
5 . o ) as i o
siluszuu (Work in process) (Hicks, 2006) anssaznisnisiaaauiivesian (Hu et al, 2007) anvianisvudiedan
(Chaieb and Korbaa, 2003) amsiuyun1suuaiadas (Material handling cost) ldagatias 10-30% (Ficko et al,,
Y & e il = - a v
2004) Yymn1sdanefiuAviney (Facility Layout Problem:  FLP)  Fadluilgmaiidnis@nwidululrniag
5 = = a ) a v o da E v %)
(Balakrishnan and Cheng, 2006; Drira et al., 2007) Lﬂ'sawnStﬂuﬂﬂ'wﬂ1‘mameﬁﬂnumua'mmm*umn‘uszuamqmi
1 o [y o o LY} o v 2
YUNYIER Uyminiseenuwuudnizeaniesing (Machine Layout Design: MLD) ﬁ'wmﬂuﬂzgm FLP
Uymr FLP amnnsoudala 2 dnvasmumsdsuidasuiuiumsiad suiivasiagninginaiiia Static
. v o o d o i e W 1ed <
layout problem wag Dynamic layout problem mU“immfuanﬁﬂmﬂaaumxmwLﬂiawn‘ﬂuunflsLUaauLma\imu
' 4 d ¥ 5 w v ' [l = a & =y a
garariwasuluiendn Static layout problem Tumanssfiudnuluudazdrsaniinsifintuvisanasvel s
J < o ' z : | i ' o < a
nsiaRauvasfdn (Sunda Dynamic layout problem @4e1vdmaraszasnianIseudeiag nswasuuanSna
a ol a v o ‘ o a a v ' - TR |
nsednetlianvninnnsuanduniviialmi maviumieanuuiunisudnvesduniuiazuiin dutlieswnainnis
a 7] v ' ' { w ' W ' o P — o
Wasuwlasarudiasnsvesgndt wasdsraseiodludissugnenisuidelagsznitaaiednsiiniy Alssou
Wudsonasyhlivszdvsavnisednanat 1iu §nsinsuananas duyunisvude Taqiniu nmsesnwuudalssu
' 5 %o ' [ d o ' = o ar ' v a ' v o v
Tnignadudeduiu adralsfinon msufudsudumdaaia wWnsludalseaunalfiinarlddnelunisindeudie
o ") i ' ' é a o a a od o [ o w
w3aedns Lidasdudwssnu Agunsal Arggdslamanisudnainmangadiiunisudnifiondaudinainiosing
| a & o ) I TP e A = v
AMMARIATEIINT INNMTNUMYLSTUNTIN AUl gIn1sedeafiuAviniey (FLP) vas aSdean (2553) Tnududuain
§1utfayaivnnis IS Web of Science faumas 10 T (v, 2544 - .. 2553) $1u3u 143 unarm wudr unan e
64 ﬂ} 1’ o ar Ad i e A o =y 1 HIS
mnstasnulananedilsuidnmsamiiimaldouudasSuunisedaaudisnaiiuduneuvasniseaniuu
dalsasnlusimiudaibiuindn
Uoyw1 FLP dallutigymn Non-deterministic Polynomial-time Hard problem (NP Hard problem)
O e o 71 it ) ' ') =
(Nearchou,  2006) tufe Weovwausstlymilugdu varildlunsudmevazlailuilsddulwdludioa (Non-
= - ° o é‘ . . a = & ad
Polynomial) §analun1smAinauataasiifinfuuuy Exponential (Hicks, 2006) 33 analytical model #Sa38n15w
Amaulaardavdnvisadindians (Conventional optimisation algorithms) SalsimunzAunisudtiuwn NP-hard
o = ' ° 1 u s et < JET = ad
asnnilymiilvualvgjazviiliflidannsefumaneuifnganialusseznaiiieensiuld (Singh, 2009) 3513
v = -l a = ° J = L - i 5 g
widgywinaendeuuuusssugiiduisnismdimeulnonisuszumen (Approximation optimisation algorithm) 34
] v = 1 ad ' a a 5 4 da
wmnzaunan1sunilymn NP-hard quﬁaqumma LU Liindanaii (Genetic Algorithms: GA) %%Lawmmuauua@
2 2 v ad ° = . .
(Simulated Annealing: SA) M13Yd33 (Taboo Search: TS) PBAmeuituzanadagiimand (Biogeography-
.- . v o . ad ) = o %)
Based Optimisation: BBO) Wudu 38 BBO (Simon, 2008) WidsmsmAsauivnzaulasardaudnnisnied
a a o v o < a a daa o a & <
pitmanslusssuyd lnedunnanniseviewdneiiugiu saznisidsuwamusssuiivesdadidinifady dsain
msduAlugiudeyadzinis IS Web of Science dauvids 6 U (w.a. 2551 — w.41. 2556) wud1 35 BBO dalaigmiun
Uszgnildudtyminiseanuuuislsau
v & o S w Y = < o a
sy nuATeidadunsdnuinsuityminiseanuuudalsanu TaefinswdsunlasUimanisudaniy
1 Lo ° i A e o P a v
dnan lneldisnmmAmeuiuudssinueie iwidmeuiivnsaudsdigiaand (880)

¥ ey - S - 2 S swer sy T r— = - = i o 1
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2. fnguszasAveslasan1sidy
4' (23 1 a ‘i = -, Loy v
WeaaunlusunsugrgluniseenwuudslssauluanivianswdoundadSunantsndn neldiSnisdum
o 1 a ° P a . T "
AmauLuulszanuAfe ﬁé’ummmawmmsam%ﬁ’:qumami' (Biogeography-Based Optimisation: BBO)

3. vaulnvaslasen1idy

3.1 mssenuuudimsinFeaniasinsnmelivimunsdahiviusuiidnuasduiiuuumumiu Robust
layout) fie fluatesinsitgnesniuulifainsnsesiunisidsuwasufinumsidnniudisnan Tnefifnqussasdiie
anrmsnisrogmrsmseuseanluataalitonfian wissdnsedlsifintsn Aoy FalsifaldaniiAn
nnsiadautnaiaiasing mavsududdfasuianigssszsunsvudiean

3.2 yadayaiililumiAduiinannissiaes luwtazgadeyansiinmmuandefuduiinunsudnvaias
HanAuN

3.3 a"waaau,uUfuaﬂ'iaawuﬁé’nwmmﬁu?{mﬁamuumn (Rectangular shapes) LagMUUAAINNTEUASAIIY
gnvedlsnuiivuiageganiuaz 1,000 wns

3.4 wiednaniadesiidnupziiuzunsadmasuyuan (Rectangular shapes) finsdams (Operate) o]
U3tminam (Centroid) wasgunsadimasy uastunuannsadhlinnduvsaniosdng

3.5 mydneuadasinaumuuuny X vindudelien uasilogaunu X udtwiuelulnuuauny
Y TnoGudeaaiasinsandudralusmioud

3.6 \n3aadnsfivaaunataza e liviiu (Heterogeneous machine size)

3.7 maindeuiivessovud etanasgnisiulyindeufiadrednlusii (Automated Guided Vehicle: AGY) 3o
aulusa Fork truck (Forklift) ‘?Jguasg:ﬁ’wiamwmqmawnﬁu Faitdnwmznindumadudunsaindudisluen
vievmiurnilude vinfuuuasdudsiesnduaistugiuuy

3.8 niililunisindeuiivassasudiedan  wazvatlunissensenislénuusanieadnsazligninn
RIHGY

39 aunweaAIasing (miuniuguaing) fesndiwuialsauane Tnslifivsanieygees
inSasdnsuasaugasEaiilidaEundasing

3.10 sAeiuasnsindoaaiesing bifvsanduaiileesiunmsinmsenisndn

4. vul) uaznsauuwiauAnvealasinisivy
4.1 nsidsuwasuiiamnisuin
mawAsuwlainunisrdanuaraisinsvesgnd annsaiiniadsuuadd 2 Snvasie
4.1.1 nswasuwawinaaauifasnisadaificuuiet (Deterministic demand) Mansis Ui
quéx’aamswﬁmﬁmﬁﬁmmimsqﬁﬂﬁaahqf&‘mu waziinswasuwamudaaan (Pillai et al, 2011) adhadu Ty
4 HranmiinadsuulasUiinannuiasnsmulasadell 500 1000 1500 uas 800 wiend
4.1.2 mIwdsuwasBmmnnieinsuuuds (Stochastic demand) vufinmilsiutiuausn
ientias Tnsannsauandlusuvonsdinuasingg Aammhesndunietss wastinauaudanisvedasnsd]
gsgnuianduiBnasdy (Ounker et al, 2005; McKendall and Hakobyan, 2010) usnanniizutuuainanan
faanshusazdrnaaunsalssiiulaal$iiseluil
1. nsweansal (Forecasting) (Russell and Taylor, 2011) Lﬂuﬁ‘ﬁﬁu_@w'ﬁ‘h’i’mzmmm
Audemsvesdud daenaldiEnmavennsalidaiunn (Quantitative Methods) Tasanduudnnismandineians
Wy FBoynsuaan (Time series) Wunmhdeyaluednudisvinnsanudosnsluewanld SBnsonnedadu
(Linear regression) \umsimuauduiusnindamaniseuinnruiesnisauitutladeifadenginssuves
anfn Wudu wieldi8nsmeinsai@sgunin (Qualitative Methods) Tunsdliitayaluafinlaiuandsidiufianiaiuiy
wiganasvaUTinuanudaansdum viedeyaluednliifieswe sty nsdrseanudisanisningndiienis

i
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aounm viiedumual waznswensaiiuy Delphi Wunisasunuaudnifuninesidornyvaisay Faudisi
Ttaru dudu

2. fladureanisuannasaruinasuazay (Cumulative distribution function: cdf)
#ilnf149 (Montgomery et al., 2012) 19y msuanuaswuvasinaue (Uniform distibution) audasnsvesduiieg
ﬁfi'iaq"luﬁhqﬁ"’«wiﬁw a &4 b [Demand ~U(a,b)], mM3uanuaawuuuni (Normal distribution) Ta3yan1uipIn1sves
dudniinisnszanediugussdndifiidnadeniniy J asiinauuususu 07 [Demand ~N(U,0%] tazn1suanuas
wuutenlmuwdea (Exponential distribution) Wusiy

a ° < a = « T ) .
4.2 FmAmaunmuzandedagiiaiand (Biogeography-Based Optimisation: BBO)

aa v ® o P oy o o & B o o
TEmsaumAmeuimisaddgimaniigminaueiiuaisnlay Dan Simon 1udl A.A. 2008 i
w o ad ~ v <
winnsnaznalnn1svinauwesis BBO annsnaiurelinngui 2.1

=] Remeremsrammesemminainaas
\\mm‘rigralion /

SI. S:l Sr.ﬂ
mmber of species
.J i = 3 ar - i
g'dw 2.1 MIwlSsuiiguAImaunNurannigls BBO (Simon, 2008)

mng'dﬁ 2.1 wuaunu X wanaia AmeuunazAnay (Solution; S,) Tuvsseins dadmaundazimou
Wisuailouuilagardariieg aelussuuiinadfiansan wauny Y uansfiadnsinisewevieangada (Emigration
rate; E) Wazdnsinsavievidhgegn (immigration rate; 1) Tng S, nuwnunu X asgnldifumunumesimouiludiign
Tussuuiton fluisnsmdmeuimnsaudsigiimaniiussiouaiiouiuiiegerdoniaihiinmgauanysol
iuaumnivhlibifaumanuassmaiisioiug Weduduil snsniseneneeniflaunsnsyanvfiaviugludsiud
agordudug vassdaiuginduiiagordudnanaidntos udlunenssiuiou fuftedardeidannsnsasufusng
nsenendhvsssiaiugainiuiiegerdudug Idenidusauunn fannsafinsandasnisoneviduasesnye
asiiufagondeldainnsadues A waz B dafy Jansoaguldds s, Menansamirenduilasguidentiniiu
uwiasvasmsanewdhinniign uasillomanuarmninzduiissgnanenliduundsvesnisanenoaniaviign Tu
vhuaaientu S, fuduiuarmeuiiigaiuiouaiiouiuilogerdonisiiinngauaysel uanugitvh
Wiflanuvainvanavisviiniug el é’mnm‘sawawaamﬁaLtw'a’nﬁsmuﬁﬂﬂﬁuﬁflﬂsi’aﬁuﬁag:mﬁ’uﬁuq P8
siinfiuganiuiiegerdudandnisiinnn wituiagerduiltedhianniosedumsanevidwesiniugoniudog
mﬁaé‘luq Taun Lfiaw'mﬁmmwmnmmﬂmwﬁmﬁuémnmaaq’ué’a awseaiulain S, dlenamuainning
Wuilesgnideniiuuvdsresnisevieweanunniign wagilemamuainnizduiasgndadenliiduumadinesns
avgvidtiauilgn

5. A3msaniiun1sive
) d o
5.1 ﬁnma’l’agaﬁ‘lﬂumﬂﬂﬁmLﬂiawni
e o d W
5.1.1 JULUUNISIRLILLLATENING
o a d4 o Ao B & o o o
NMTIALTBNLATEIINTHaNwaIsLUUA1aunl (Multiple row layout) YU IAUBIHUNAITINLTEY
- ) é P - 1w o v o v °
m'iawnm"lugﬂwn Wasy 4AMueIwmIny F o Lasiaiunlnene Fy ang'i'uﬂuid‘mﬂ‘mmmmmuumua:
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d v ' 4w ' o ' " u - u E o
wasuwaald fmheduuns wjesdnswiasiaiasdissesviaviniu G (Gap) Wiauidunanisiadaufiuessa AGY
wasdumaduvesdujife fiwhaduams

5.1.2 dayafudunisuin
v o < 4 w o a a 4 g 4 & v
gadayadssnau 5 gn AwnTen 2.1 (ATesdnsiligunssdmdsuyunin (Emasuiduiuas

a va 4 o ° I z ' <
U{]UFN"IU'U'!NLﬁ?ﬂ‘ﬁ]ﬂ‘if‘]ﬂﬂ']HUW‘l"J‘W'\!ﬁﬂiﬂﬁ'N (Centroid) 1asunasiAgal

w

i) 90

< Y
m31e7 2.1 gadoya
o d ar i =3 o
gadaya  drwaueesdng (M) Swnusdansi (P)

M10P3 10 3
M15P9 15 9
M20P5 20 5
M30P10 30 10
M30P27 30 2

5.2 iipmzviuazeanuuuuiifaymindrdudeyaindeing uazdeyardnsius

wiludeoyainda (nput files) Wuudluiléifunoasdunvasiauaiodns wuiausuwiauaiasdng swauy
wdndaust ddunisvhauranaiasinsluudassdndost Vinunismddluwiassanaa Sednunzvssuitudeyaiidi
quilsUuudiguil 2.2 uag 2.3

[ T T T MY P or G B W " TR e
Fie LY Fo s e Poecien A= ¢
iy —

| 45
ot Mpese
15 e
A G H I i} ¥ t n N [ P Q 5

i Machine |

z 1 25 32 4 i =7 1

3 2 13 22 | i Problem setting i

1 3 08 3 | | . 1

s 4 3 1.2 T R

6 1 35 25 d i
7 6 4 4 i ENTER i i
8 7 18 24 i i |
4 8 29 25

10 9 12 325

1 10 42 35

12 . | s % ]

13 Proded 10 |

H 1 25" 1 & 5 & ] 3 A5

15 2 10 8 7 5 9 L3 ] 3

16 § L] L] 2 1 1

17

18

19

20

T8

22

234

M

3|

% |

21 i 2
A m] Ser] 4t 4R fad detS | fovatiambep dateod® [ Teploh Asakes . Sewbendil) Cshovgle: - i i » 3

o o W v
Uit 2.2 JUuuursawhnindrwesyadaya 10M3P
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. A B £ ] E F H i 3 i L H
£ Ucicertainty Dessand Pocerlainty Dessand Probiess
2 " Datruts | Prodoc Womker Perrd Tatasets | Prodoct Rusber | Perwd
3 ] | & 1 e T 1% 155 13 171 13}
4 1 T Fil | 55 i 156 | 117 16 165 161 178
5 3 5 | w § w | 127 165 ETY 58
& 151 3 L} 1%
7 i 153 123 75 » M B 4 ™
8 2 17 [ 165 135 & 175 ] 187 [
9! 2 3 2 38 122 (53 7 = % 18Y 181
10 4 » 1id 187 w [} & “ 12 163
1n B3 2 173 3 [ ) 5] = 187 165
12 % 18 5 7
n 181 1 3 33 &5 7. 3
1 161 i3 115 3 ] ) 17 5
15 3t b a 1 55 19 4. 153
18 [T} 32 35 5 4 n 55 1% 113
17 3 173 1 18 112 15 175 = 113 15
18 ] 144 €& 16 35 £5 1
19 1 135 7 37 111 £ 3
&_ 7 3 1E5 £ i85 % 135 %
b1} 3, 3 192 3 15 5] 155 )
2 5 5] 77 [
3 1 143 18 128 184 1 © 172 fizd
24 F] 35 161 ] 52 2 T e | I A
5 181 172 157 12 3 52 & 125
% 185 175 24 161 4 187 £ 153
7 F 153 £3 53 £ 5 i 176 3
] 31 111 171 128 i3 9 173 122
» 2] i74 = 113 ? £ 184 45
¥ ST/ 7 153 [EI8 €5 B ~ _
31 9 3 £ 172 i
3 1 7 142 7 7

< Yy s v U a =
UM 2.3 suuuuraainiidiamdiinunasesn

5.3 TwTgvnasaanwuuntindayaviean
uiludasiavieen (Output file) Whiuiuanmadninnnisussinanavadusuna azuanseanion
Fartoluil

5.3.1 nM3AMMUAAIIIMTAN 9 (Parameter setting) loiun vuaszuuiinan (Ecosystem size:
n) §1uaus8au (Number of iterations: |, AruniziulunIsUFulss (Probability of modification: Pped 8031013
Lﬂﬁauuﬂaamqﬁsﬁmﬂﬁqqqm (Maximum mutation rate: my,) TUatesfiufidaFeaianine (floor length: F)
uazA211n 313 (floor width: Fy,) tupvasdasindmsuauds (Gap: 6) wazduautgianal (Number of periods: P)

5.3.2 nadwnsiliannisuszananalusunsy Usznaudas drduiivessau ﬁmauﬁﬁﬁamamﬁaa
58U Aneuiiifgatemnioyu Anadsvesdanaulundazsou Andosuunasgiuresnadng drunsindo
\n7a3dns wagdrdumainuveuaiasinsuesudasedndg

5.4 Uszgnall#ignns 8BO TunudtiginsdniGoaniosdng dsnisvihauues BBO dwsuauided aunse
uansdumeuntsvaulddasuit 2.4 wavesuanlddsil

5.4.1 wisudeyavasymiumnnatasdaueiasding () Snurdadug () uazdduns
anuvenaiasinsuesusdazadndos
54.2 mwuaavnsaiines (Ecosystem sizer n, Number of iterations: |, Probability of modification: P4
Maximum mutation rate: m,,,,, floor length: F,, floor width: F,,, Gap (G) was Number of periods: P)

5.4.3 nsaadnauiiusu (Solution initialisation) maugUuuurineu (Solution representation)
fifmun Tu 1 asudsznausairiasinsmaiaasnnerefunusuiuaiosng Tﬂam'zfjuwuwta‘um?aﬁni
Tudgdsenisiaiedinsuiilasi 11'111"|L?quiaﬁmuﬂim1nm§m Felddrmeu 1 shaeu drilguriliadesdnsil
\Aa0edng 10 1A309 1 AmauasUsznaufeiAiasing 10 ndes wazvhmsadrernauauldasumunassuuilngd
Avunld

5.4.4 vinmsinFeantesdnsiiasion mmpdsdhesesiuiilunsrnlaedildne (7) uas
ﬁflm's%"m‘%aaumﬁ’mlﬂiluﬂiutﬂ’%’aﬁnmnLﬂ%flad Tngsuumvsnaiasdnsiiszazliiiuaiunine )

54.5 vmsussdiumdsiinmmmnzansduitegends (Habitat suitability index: HSl) Fudy
msfnnamesTesenswudianamnrdniudlunndia dwdafasiviazsiinasiidunisudnues
\Sesdnsitunnineiu

5.4.6 dnGsadudu (k) vesdney Tasfinrsanaindmeuiidiige (Gzesmasniosiign)

fr2q
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Initialise N, Inga Pmods Mmax
Randomly generate the initial solutions based on the n
Arrange machines row by row
Evaluate the fitness function (HSI) for the solutions
Sort the solutions in ecosystem based on the fitness (HSI)
Seti = 1 (first iteration)
While i < /4, do
Forj = 1 to migrate_num do (migrate_num = round (random number x n))
Migration operation
End loop for
Fork= 1ton
Mutation operation
End loop for
Evaluate the new solutions and update HSI
Elitist selection
=T
End loop while
Qutput the best solution

[
o

o ° o Al o v dy  aa
Ul 2.4 9UnauN1TYIIUTaINITa0NLUUHIAALIBNLATAITINTINI87E BBO

Eaf)

o o v » ks - Va '
5.4.7 AnnuAwansmMsenendl (mmigration rate: A) wialdfiarsundsaauezdulung

& o P o ' "W . . - - et
Laanmma‘umsmuuﬂuLmawaqm'iawmuﬁﬂ warAlanIINITavievoan (Emigration rate: ﬂ) Wioldfinnsaunfaany
| o < o v ¥ d . a <
u"l‘ilﬁL'ﬂiﬂﬂﬂ'ﬁLaﬂﬂﬂ"lm‘EIUYmBUTHWL%HLL'L‘iEi\i'UENﬂ"I‘SE]\‘IF_I'L'iE)’eJﬂ‘lFﬂ\ﬁJE]lolﬁﬂ"Iﬂﬁ'lJVlﬂ"lCﬂE)ULﬂ!J nadunIIn 1 uas 2

A = 1(1 e 5) (1)
n
E,
n

fIuaAu

My = @

54.8 a3rmaulmifasuuiunisenonieiu (Migration process) muda A was 1 Tnesway
amaulunisnateviug (migrate num) sgliliAudraiesdivlunsidsuwdas (Probability of modification:
Prnod)

5.4.9 a$1uimeulnidoniswdsuulamisisud (Mutation process) muaAiitasdiuvas
n1358¢580 (Probability of existence: Py) wardnsnsasuwlawniusssugrd (Mutation rate: me) luaunasi 3
uaz 4 mudiu

|

P=———"—— k=0
’ - Aodiendi

1+

R VUSR] G)
ku{

B Ml"f:{;a < Asksn

it 1+ #]

T *[ r-ztﬂlﬂz---ﬂ:

s
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1-P,
S)= o @
m(S) mm( P J

max

a 1 e a o 1 Iy ' d e a
5.4.10 \J'SﬂLﬂuﬁ'm‘iiﬁﬂ’}'lulmﬂﬁﬁn*ﬂmnuvmqa"iﬁﬂ (HSF) 'd'é]»lﬁ'ma‘lﬂvlu uﬂsitﬂumﬂ'lﬁﬂumuﬁ"l

AUNMAMBURATY
!.l o AJ o o
5.4.11 WsunsuagUsenanaaunseiinsunusnusavimuualy ?’mswqﬂmimﬂu uﬁﬁﬂi‘ﬂﬂﬁ
L2 4 o v 1 o 4 l‘s 4
n'mm’%‘uqmiaqaniﬁ"lwm?saswnn'iwumumqwaumqm
Y P o w o A = v da a a [ v

5.5 fannldsunsiiiandgnns 880 unldddumsiadaeeSasdnsfithSiaunsedaliuivay aan
Tusunsy Visual Basic

5.6 N1TNAABY

o w a e e a
nsvAaRsdEnTUNUAdEll 2 nsvnassie
| o ' a P o v
56.1 A1svnaadi 1 Anwinisivuaaivnsines BBO fimuazay lnaldniseanuuunisinasd

Lwlﬂmmiuauuumn (Full factorial demgn) '.n'ime.ma'iﬁ'lﬁ'lumwmamLLammmﬂaw 2.2 LLa“l‘U‘Uﬂ‘UﬂL‘a 5 9n ¥
vnaasn 5 ada Ay nsvmaaalinnuioun 675 afy

= o ' a ¢
M1379 2.2 N1INIUAATYNIIHRMES BBO

Values
Factors Levels
Low (0) Medium (1) High (2)
Ecosystem size/number of iterations (n/;,.) 3 25/100 50/50 100/25
Probability of modification (Prq) 3 0.1 0.5 0.9
Maximum mutation rate (m;,e) 3 0.1 0.5 09

< vad - v v e E w v
5.6.2 nMinaaasf 2 Usegnaldi8nis BBO iflesanuuuisinenniasinsuuumumu aeld
a a da < ' ' v v ' ) | o
Uimamse@nifinswasuudasmudisaa Tavaanudesmsuesgninaziidliwiniuly 4 4amar duyateya 5
9 lagyinisnaaesd 30 A

6. tlan1satiuauidde
o Al - W v oa v w 5 v 5 5
Tsunsuitlilumseanuuunisdaiouniasdnidieia 88O lagnimunduinarelusunsunin Visual Basic

) w &
FRIaNYUENIU

v o A
6.1 wihaausnuadlusunsu Asgud 2.5

PRaN S e o _ ey AL - '-ﬂ,,“ CETLEC TS e o B a4 i
e 9

Application of Diogeography-based Optintisation method

for olving machine fayout problem

I ‘ri' 5
éluri;l-‘d_—“n—i-.
il A

[Ernasmnyayasszeasea s nus

.,

Lo e e T ——————————————————

-
Ay’
|
\

A )
U7 2.5 wiveusnvaalusuny
4
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° I = o d
6.3 mitwuaamdneslaedldalsunsa diguin 2.6

- Parameters Setling
Ecosystem sze s @

Hunbar of Reration © I B

fagration Probablay : i t

Mxdnvunn rrafaten fate T i t

Fandom seed e [ i1 ) ._"_‘l‘

- Problem Size

With of ates: ‘ 3 rrgtes

Largth of srea : I %] metey

Gap betyesen mzthings ¢ ’ i wateds)
Raset Fun program !

4 o ] = I3
EUVI 2.6 MINMUARTHITIULADT

w § a & d & v
6.4 msuanwadng annsanansanisaUAnniveililunisusznananisdadeaniasdnste

= v 4 o v o dad 5 = v
aegun 2.7 LLamwamwmL‘%'mm‘smnw'ﬂw‘szasmamwummaqﬂﬁwqﬂ (Sequence of machines with BBO) W38y

& w 4 o dad ' u 3 o v
viaransinGaaaiasinsidignlundazsounisium (Best value) tasynsounisAauiduN (Best so far) wiou

[y "

< < W o o 4w W
AEALREY (Average) Ltasdumuaamummigw (SD) NEUVI 2.8 wazmsuanaraiunwiwaansinissuniaadnslan
o
un 29

<

v "'""‘YW@- e
R ol g e e A B ! fo-o0
i TR 5 LM e A
;‘ - x FRED 3 e “ ¥ 4 !..:-:.‘
T v nes 1 wgeaey frye "9 wan g &
, " 5 F >
.Sk @
i teteages l

e = g O P— |

J = o d o
3Uil 2.7 samsaguaiwesililumsvsananamsiniGoasisdng

I B T Ty i T N L s L s T o3 0 T S S ) o e O L B S L TR S L G S LS T T M Y RSk e e e R e e A

R2557C159



It | ._
GRLERE N e -

s

A S

P+ |

Harg

LT L NN
o T e R S

&

ik e

< v o 4w
EUW 29 ﬂ'ﬁLLﬁmNaLﬁHEﬂﬂWl‘H’il&n’l'iﬂﬂﬁﬂdtﬂ‘imilﬂi

o
6.5 Han1Ivnaaen 1

15

[ | 4 o a aa 1 oY a P
ﬂ']nn'ﬁ'ﬂﬂﬂa\ﬂu‘uﬂw 5.6.% Ll!i]u’mam‘i“f’lﬂaﬂd‘wmﬂiwﬁﬂwﬁi}m A1 P-value ﬂIﬂmﬂm‘i’lLﬂ‘ﬁﬁﬁﬁ’]’lu

< < e ' U g e w ™ o '
wlsusrusanslunis1ai 2.3 Fadamuaarssautisddginanu 0.05 A1 P-value

dasnda 0.05 MuIEA1U7

= o 1 1 1 ar L] = ar o ar J a l') 3 [a o 1
ynsiweifinaniinadassazynamssueaqedidtuddyiseduanudeiu 95 Wesdud msiuundia
192t fulunisui UG (P WaSUREUTUTTENIN Py U My, Tnasadnauluyngadeyasdreiidodadiy

1 - A 1 v v 1 oy é 4 o 4
Avnsiiimesfimnzalutasyadoyaillidszasnamsudisiageiigauansdinisi 2.4

e 1 a 3
#1599 2.3 A1 P-value 1nn1salATIEAULUTUS Y

Source gadoya

MI10P3 M15P9 M20P5 M30P10 M30P27
Miax 0.191 0.000 0.013 0.000 0.001
Priod 0.001 0.000 0.000 0.000 0.000
Mz 0.800 0.000 0.000 0.000 0.000
ok Priod 0.004 0.045 0.173 0.060 0.103
Ve Mimoe 0.135 0.000 0.099 0.000 0.000
Priioa ™ Myax 0.016 0.000 0.000 0.000 0.000
Mo Prod* Mmax 0.031 0.000 0.123 0.103 0.004

R2557C159



< ' a =
M54 2.4 ﬁ"iﬂ'ﬁ'u-ﬂ.ﬂa'g BBO vitvunegay

Dataset N nax Pirod Mppax
M10P3 50/50 0.9 0.1
M15P9 25/100 0.5 0.1
M20P5 50/50 0.9 0.1
M30P10 25/100 0.9 0.1
M30P27 25/100 0.9 0.1

ol
6.6 HANIIVIAADIN 2
4 . a YY) 4w Voo a da e '
liE]‘v'l’lﬂ’]‘i'e]ﬂﬂLLUUNGi]ﬂL%UQLﬂ‘iﬂﬁm'iLLUUVIUW‘M ﬂ"lUIN‘LJiM']IUﬂTiNﬁm?IEJﬂ'l‘iLUaUulLﬂﬁdﬂ’]&l'ﬁ’Nnﬁﬂ 5 Aqﬂ
v ° o ' o e edet ol oy - 4 o W P
VoG ﬂ']ﬂ"lﬂﬂll‘ﬂﬂ'ﬂf!ﬂ ﬂflLﬂﬂUﬂqmaUWﬂwqﬂ ATFIUUIRUUIIATIIY Lazlianlaal (W) LEANIAINITIN 2.5

< 3 v
M990 2.5 f-!aﬂ'ﬁﬂﬂﬂﬂ@‘ﬂﬂﬂl.mﬁﬁ‘qﬂﬂBl‘,]ﬁ

yadoya  Ardwouilifign  Auedudweuilifign  Adudssumnessiu vaneds Guai)
M10P3 85,791.39 88,790.02 2,870.28 .29
M15P9 533,564.19 563,223.59 13,514.21 3N3
M20P5 476,625.34 521,419.22 17,855.37 4.61
M30P10 1,846,848.63 1,912,197.83 36,593.85 1.57
M30P27 3,298,488.50 3,376,527.20 39,362,01 9.13

7. agUnan1sade

- g o o 1 L% 4 -y = b 2
a'lmwumnﬂsw'eeuuﬂﬂ'iu.n'su'ma'lun'1iaanwuum‘iwwuluan'1wmiLUaauuUa&Usmmmwam Tngld

FBNITAUNIAIMBULUUYT2UIUAIAD ’Jﬁﬂummmauwmmuammmnumam (Biogeography- Based Optimisation:
880) lnenilumsenniuunisindauniesinswuuaiivs Waliiidissosnamsuudietagruduiign Avnmives
BBO firadenmnvvasinavatiiieddymeadisoamideiu 95 wesidud ielinnsvihaedisnig BBO il
UszdvBnmgegadanasimuadsiweiliumzay frmnsfveifmnsauiugndeyaudasuuindaoy

LAnNTY

aglsfimy nssenuuuiimsiisaniasinsneliuiinunissdniliviusunisfisnsanfenisufundsy
fundosdnsssvintsnaniislisrsmanavudeiagluuiasdaanaimiign deensssiiliiAansideusumis
yaaATasding uenanil mseentuuiausafiansanivingusvaddug ufuuanmieanssesmanisvudig
o 1y sununisudieTag viinvesgunsaluuaiedan tasdnungteudunnisudisTag Wudu TaanTg
sauriEnmsmdnaulnslsznadisudieuitymnissenwuunsinisaniaatng

R2557C159



LanaN591484

#3d997 Inudnd (2553). Naresuan University Engineering Journal Vol.5 No.2 July-December 2010: 46-62.

Balakrishnan, J. and C. H. Cheng (2006). International Journal of Production Economics 103(1): 87-89.

Balakrishnan, J. and C. H. Cheng (2009). Omega-International Journal of Management Science 37(1): 165-177.

Balakrishnan, J. D. and C. H. Cheng (2007). European Journal of Operational Research 177: 281-309.

Balakrishnan, J. D., C. H. Cheng, D. G. Conway and C. M. Lau (2003). International Journal of Production Economics 86(2): 107-120.

Baykasoglu, A., T. Dereli and |. Sabuncu (2006) Qﬂl&gﬂiﬂﬂﬂﬂﬂ(ﬂl&@mﬂlﬁtﬁdﬂﬂﬂﬁ%ﬂl&lﬂﬂﬁﬁ%@} 385-396.

Chaieb, I. and Q. Korbaa (2003). P
883-897.

Chan, W. K and C. J. Malmborg (2010). International Journal of Production Research 48(10). 2937-2956.

Corry, P. and E. Kozan (2004). Computational Optimization and Aoplications 28(3). 287-310.

Dong, M., C. Wu and F. Hou (2009). Expert Systems with Aoplications 36(8). 11221-11232.

Drira, A., H. Pierreval and S, Hajri-Gabouj (2007). Annual Reviews in Control 31(2); 255-267.

Dunker, T., G. Radons and E. Westkamper (2005). European Journal of Operational Research 165(1): 55-69.

Enea, M., G. Galante and E. Panascia (2005). Journal of Intelligent Manufacturing 16(3): 303-316.

Ertay, T., D. Ruan and U, R. Tuzkaya (2006). Information Sciences 176(3): 237-262.

Ficko, M., M. Brezocnik and J. Balic (2004). Journal of Materials Processing Technology 157: 150-158.

Hicks, C. (2006). International Journal of Production Economics 104(2): 598-614.

Hu, G. H,, Y. P. Chen, Z, D. Zhou and H. C. Fang (2007). International Journal of Advanced Manufacturing Technology 34(11-12); 1153-1163,

Jithavech, I. and K. K. Krishnan (2010). International Journal of Advanced Manufacturing Technology 49(1-4); 27-40.

Kia, R., A. Baboli, N. Javadian, R. Tavakkoli-Moghaddam, M. Kazemi and J. Khorrami (2012). Computers & Operations Research 39(11): 2642-
2658.

Krishnan, K. K., A. A. Jaafari, M. Abolhasanpour and H. Hojabri (2009). African Journal of Business Management 3(10): 616-620.

Krishnan, K. K,, I. Jithavech and H. T. Liao (2009). Interational Journal of Production Research 47(21): 5911-5940.

McKendall, A. R. and A. Hakobyan (2010). European Journal of Operational Research 201(1): 171-182.

McKendall, A. R. and J. Shang (2005). Computers & Operations Research 33(3): 790-803.

McKendall, A. R, J. Shang and S. Kuppusamy (2006). Computers & Operations Research 33(8): 2431-2444.

Moslemipour, G. and T. S. Lee (2012). Joumnal of Intelligent Manufacturing 23(5): 1849-1860.

Nearchou, A. C. (2006). International Journal of Production Economics 101(2); 312-328,

Pillai, V. M., I. B. Hunagunda and K. K. Krishnan (2011). Computers & Industdal Engineering 61(3); 813-823.

Rezazadeh, H., M. Ghazanfari, M, Saidi-Mehrabad and S, J. Sadjadi (2009). Journal of Zhejiang University-Science A 10(4); 520-529.

Sahin, R. and O. Turkbey {2009). International Journal of Production Research 47(24); 6855-6873.

Simon, D. (2008). [EEE Transactions on evolutionary computation 12(6): 702-713.

Singh, S. P. (2009). International Joumnal of Recent Trends in Engineering 1(1 ,May 2009): 73-77.

Tavakkoli-Moghaddam, R., N. Javadian, B. Javadi and N. Safaei (2007). Aoplied Mathematics and Computation 184(2): 721-728.

Tompkins, J. A, J. A. White, Y. A. Bozer and J. M. A. Tanchoco (2010). Facilities Planning, JOHN WILEY & SONS, INC.

Ulutas, B. H. and A. A. Islier (2009). Journal of Manufacturing Systems 28(d): 123-131.

Vitayasak, S. and P. Pongcharoen (2012). Lecture Notes in Management Science 4: 78-76.

e 217(7):

]

R2557C159



AMANUIN

MTERATINMITEAVUINTR
“The 2nd International Conference on Materials and Manufacturing Research (ICMMR 2014)”
17-18 November 2014, Bangkok, Thailand.

Re-layout under stochastic demand with different degrees of demand variation
Srisatja Vitayasak and Pupong Pongcharoen

AMUsERATINT IRV
“The International Conference on Intelligent Materials and Manufacturing Engineering” (IMME 2015) ”

Consistency on optimal GA parameter setting on various characteristics of layout design problem
Srisatja Vitayasak and Pupong Pongcharoen

ILag

MUUsERAYINTIEAUUIUIYA
“The 2™ International Conference on Manufacturing and Industrial Technologies (ICMIT 2015)”
28-29 March 2015, Chonburi, Thailand.

Application of Biogeography-Based Optimisation for machine layout design problem

Saisumpan Sooncharoen, Srisatja Vitayasak, and Pupong Pongcharoen

R2557C159



Re-layout under stochastic demand with different degrees of
demand variation

Srisatja Vitayasak® and Pupong Pongcharoen®

Centre of Operations Research and Industrial Applications, Department of Industrial Engineering,
Facuity of Engineering, Naresuan University, Phitsanulok 65000, Thailand.

3srisatjav@nu.ac.th, ®pupongp@nu.ac.th
Keywords: Re-layout, stochastic demand, demand variation, Genetic Algorithm

Abstract. Demand variability affect material flow intensities between machines. The significant
changes in demand may lead to excess material handling distances. Altering an existing layout
associated with demand levels over periods of time helps to reduce the handling distance required
for manufacturing products. The objective of this paper was to investigate the effect of degrees of
demand variation on redesigning machine layout based on multiple time-periods. Demand profiles
were in form of normal distribution. The computational experiments were conducted using eight
datasets, each of which was tested on demand profiles with five degrees of variation. The results
indicated that the changes in demand between periods with varying degrees of demand variation
had significantly influenced on material handling distance. The existing layout was redesigned to
minimise the distance in each period, by which the shifting cost was generated. Both variability of
demand and the related costs should be considered in the machine layout design under stochastic
environment.

Introduction

Changes in manufacturing environment may be the result of several factors, such as introduction of
new products, redesigning of the product, the shorter product life cycle, and elimination of products
from production line. All factors affect the customer demand, the material flow between machines
and the efficiency of the existing layout, respectively, so the layout may be redesigned. 1/3 of USA
companies undergo major reorganisation of the production facilities every 2 years [1] and as
reported on Facilities Planning textbook (Tompkins et al., 2010), in the United States, since 1955,
about 8% of the gross national product has been spent yearly on new facilities, and the continuous
improvement in design approach must be included in facility planning it is reasonable to assume
that over $300 billion is spent for layout or re-layout annually [2]. Re-layout is redesigning and
rearranging machines associated with demand levels to minimise handling distances required for
manufacturing products. Material handling cost is the most measure for determining the effective
layout. However, in practice, re-layout process is time consuming and there are imposed shifting
(rearrangement) costs including labour cost and equipment cost, and cost due to the loss in
production capacity [3, 4].

Yang and Peter (1998) presented uncertain demand in the form of flow density matrices between
machines for multiple periods, each of which include several scenarios with different probabilities
[5]. Enea et al. (2005) modelled stochastic demand using a fuzzy number for department layout
design in uncertain production scenarios [6]. Ertay et al. (2006) used forecast technique for demand
profiles in robust layout design [7]. Tavakkoli-Moghaddam et al. (2007) proposed facility layout
problem in cellular manufacturing system with stochastic demand. Part demands are independent
with the normal probability distribution [8]. Krishnan et al. (2009) and Jithavech and Krishnan
(2010) determined random product demand based on uniform distribution in department layout
problem [9, 10]. Moslemipour and Lee (2012) assumed product demand to be normally distributed
random variables for dynamic machine layout design [11]. Also, the demand scenario can be



defined using exponential distribution [12]. However, there has been no report on the investigation
of influence of demand variation on the re-layout problem.

The objective of this paper was to investigate the influence of degrees of demand variation on
redesigning machine layout (re-layout) aiming to minimise the total material handling distance
based upon predicted demand. The remaining sections of this paper are organised as follows: the re-
layout problem under stochastic demand is described in the next section followed by the Genetic
Algorithm for solving the problem and its pseudo-code; then, the experimental design and analysis
on computational results are presented; and finally, discussions and conclusions are drawn.

Machine re-layout in uncertain demand environment

Demand profiles on each product type were proposed with normal distribution which is the most
widely used model for the distribution of a random variable, The normal N (u, 0‘2) is used to denote
a normal distribution with mean p and variance o®. With a higher variance, the probability of
product demand moves further from p is increased. The evaluation function for the efficient layout
design can be used to minimise total of the material handling distance (MHD) for each period
according to predicted demand as shown in Eq. [ [13].

M M N
Totalmaterial handling distance (MHD) —[ Z 2 Zﬂ'ﬁj;ng},’J (D

i=1 j=1 g=1

M is a number of machines, 7 and j are machine indexes (7 and j = 1, 2, 3,..., M). N is the number
of product types, g is the product index (g = 1, 2, 3, ..., N). dj is the distance from machines i to j (i
#7), fiig is the frequency of material flow of product g from machines 7 to j, and D, is the customer
demand of product g.

Total cost of re-layout includes material handling cost and shifting cost as Eq. (2) and (3) [13], in
which two shifting costs were related to the number of machines moved (U) and the distance of
moved machines (V), respectively. Ui.;x was denoted that number of machine moved from period
(k-1) to period k, and V.; « was denoted that total distance of moved machines from period (k-1) to
period k. For robust layout, total cost is the total of the material handling cost. It was assumed that
the material handling cost (Cym) was one currency unit per metre, and the average shifting cost
based on the number of moved machines (Cy) and the distance of moved machines (Cyyp) was set
at 1,000 currency units per one machine moved [11] and 50 currency units per metre, respectively.

P P
Totalcost of re=layout=Cyy| > MHD, |+ 210, Uy @)
k=1 k=2
P P
Total cost of re-layout=C, ZM‘HD,C + ZCMDV,‘,_U\. (3)
k=1 J k=2

Genetic Algorithm based Layout Design tool

The number of all layouts for re-layout with M machines and T periods is (M!)". For example, there
are 10 machines and 5 periods, the number of possible layouts (solutions) is 6.3 x 10%
combinations. Solving the problem using full numerical methods especially for large size require
the longer computational times. Because of this computational difficulty, various approximation
optimisation algorithms have been applied for solving e.g. Genetic Algorithm [6, 14], Ant Colony
Optimisation [15, 16], Simulated Annealing [11, 17] and Tabu Search [18] , but they do not
guarantee the optimum solutions [19].



Genetic Algorithm (GA) [20, 21] is a biological based stochastic search algorithm for
approximating the optimal solution in search space. The process of proposed GA for MLD [22] can
be described as follows: i) encode the problem to produce a list of genes using a numeric string.
Each gene in a chromosome represents a machine number; ii) prepare input data including number
of machines (M), dimension of machines (width x length), number of products (N), and their
machine sequences, and identify parameters: population size (Pop), number of generations (Gen),
probability of crossover (P;), probability of mutation (Py,), floor length, floor width, gap between
machines, and number of periods; iii) create the demand levels of each product in each period; iv)
randomly generate an initial population based on the Pop: iv) apply crossover and mutation
operators to generate new offspring respecting P and Py, respectively; v) arrange machines row by
row based on the length and width of floor; vi) evaluate the fitness function value; vii) select the
best chromosome having the shortest material handling distance using the elitist selection; viii)
choose chromosomes for the next generation by using roulette wheel selection; and ix) stop the GA
process according to the Gen. When the GA process is terminated, the best-so-far solution is
reported. The results obtained from the algorithms with non-tuned parameter setting usually results
in premature convergence [23]. The appropriate setting of P, and P, be set at 0.9 and 0.5,
respectively [24]. The number of chromosomes and generations were 50. Genetic operators adopted
in this work were the Two-point Centre Crossover (2PCX) [25] and Two Operation Random Swap
(20RS) [26].

In multi-row configuration, non-identical rectangular machines are arranged row by row
sequentially within a restricted area and respective to the predefined gap between machines [27].
Once the space was not enough to place the machine at the end of the row, it was then placed in the
next row. Flow path means the movement of material handling equipment, ¢.g. automated guided
vehicles, which can move fto left or right side of the row and then move up or down to the
destination row. The distance of material flow was evaluated for the shortest distance.

In this study, the following assumptions were made in order to formulate the problem: i) the
material handling distance between machines was determined from the machine’s centroid, ii)
machines were arranged in multiple rows, iii) there was enough space in the shop floor area for
machine arrangement, iv) the movement of material flow was a straight line, v) the predefined gap
between machines was similar, and vi) the processing time and moving time were not taken into
consideration.

Experimental design and analysis on computational results

In this work, the computational experiments were conducted using eight testing datasets, all of
which have different numbers of non-identical machines being unequal in size and number of
product types [13]. The demand profile of each product type was in the form of normal distribution.
Each dataset was tested with five degrees of demand variation: 0.5, 1.0, 1.5, 2.0, 2.5 and 3.0.
Demand profiles for experimental study were generated using five forms of normal distribution: p +
0.50, p+ lo, p £ 1.50, p =& 20, p £ 2.50 and )L + 36. The number of time periods was set to twelve
periods.

With eight datasets, each of which took thirty replications and five levels of degrees of variation,
1,200 coinputational runs in total weie caivied out. The machine layout desigining progiain was
developed and coded in modular style using the Tool Command Language and Tool Kit (Tcl/Tk)
programming. An experiment was designed and conducted on a personal computer with Intel Core
i5 2.8 GHz and 4 GB DDR3 RAM. The computational results were analysed shown in Table 1.

From Table 1, mean of MHD the SD value of 40M40N were the highest because of problem size
(Number of machines and product types). Also, the problem size relates to the executing time, for
example, at 3.0 degree variation, the smallest dataset (10M5N) took 2.3 minutes while the time for
40M40N dataset was 33.5 minutes. The mean and SD of the distance, and the average
computational time depend on the problem size. When the number of machines is increased, the
feasible solutions are increased. A variety of solutions had an effect on the standard variation.
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Using the analysis of variance (ANOVA) to investigate the effect of degrees of variation on the
MHD, the P values were less than 0.05 in all datasets, so the degrees of demand variation had a
statistically significant effect on the material handling distance with 95% confident interval. A
variability of demand affects the efficiency of the layout in term of flow distance between
machines. The re-layout process generates machine movements between periods presented in the
form of distance of moved machines (DMM) and number of moved machines (NMM) as presented
in Table 1. In twelve periods, machines can be repositioned four times, so the possible number of
machines moved in 10M5SN was 110. Both the DMM and NMM increased associating with the
degrees of variation to maintain the shortest MHD. The more fluctuation in product demand there
are, the more machine movements are taken place. These movements may result in additional costs.

Total costs were calculated based on the results obtained from the previous experiment are
shown in Table 2. Total cost in term of DMM was lower than that in term of NMM. The shifting
cost may vary from place to place and the re-layout approach consumes time for repositioning
machines. This emphasises that the uncertainty in demand should be a concern in machine layout
design. It should, however, be noted that the shifting costs considered in this work were excluded,
and other costs related to the shutting down of the manufacturing line were also omitted.

Table 2 Mean of total cost based on NMM and DMM in each dataset

Degree of Based Dataset

variation on 10M5N 20M 10N 20M20N 20M40N 3I0MISN 40M20N 40M40N S0M25N
0.5 NMM 8530825 63184467 14359,249.0 26,943,958.8 13,187.4872 19,844,628.8 38,620,517.7 32,209,063.3
DMM 8294718 62148351 14,256,1159 26,811,2163 13,067,100.3 19,729298.7 38,502,833.1 32,101,215
1.0 NMM 8314157 62351632 14,087,687.5 26,531,549.7 12,906,1514 19489887.7 38,129,787.2 32,006,163.9
DMM  803,782.6 6,137,520.0 13,988270.0 26432,365.6 12,789.004.0 193743812 38,016,559.6 31.900,350.9
15 NMM 8139925 6,124,793.7 13,806,072.7  26,135,0854  12,646323.5 19,108,849 37.688,877.9 31,972.909.1
DMM 7822558 6,025,680.1 13.706,033.0 260351519 12,530,165.4  19,000,293.4 37,574,440.8 31,875,007.6
2.0 NMM 7977809 6,049,006.6  13,603,777.1 25.843,860.5 12,442,790.8 189504282 37.366.181.3 31,895.246.1
DMM  764,688.7 5953,511.6 13,510,625.6 25746,095.6  12,328,005.3 18,843819.0 37249,680.4 31,800,882.9
25 NMM  766458.3 6,005,662.5 134472129 257180143 12,275,006.5 18,712,6188 372733526 31.967.897.2
DMM 7337308 59114235 133493998 256240747 12,163392.8 18,603,2053 37.164,450.0 31,880,631.6
3.0 NMM 7602583 5941,5373 13,329457.7 257132386 12,117,891.3 18,591,666.6 37.261,182.9 32,100,052.4

DMM = 725483.8 58449333 132350632 25617,589.8 12,010,8054 18489,477.0 37,148,181.7 32,010,510.8

Discussions and conclusions

This paper presented the influence of degrees of demand variation on machine re-layout under a
stochastic demand environment by minimising total material handling distance. Demand profiles
were in form of the normal distribution. The analysis on each dataset considered five degrees of
demand variation with five levels of the standard deviation. The degrees of demand variation had
statistically significant effect in material handling distance in all datasets. Machine movements
based on number of machine moved and moving distances also increased according to degrees of
variation. Mutability in customer demand between periods should be recognised in machine layout
design .The future work should be focused on machine layout design in demand uncertainty based
on a trade-off between rearrangement cost and material handling cost. Considering demand
uncertainty in layout design can be a benefit to the manufacturer providing that the future demands
are properly forecas.
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Abstract: The performance of finding an optimal solution is always a crucial issue for engineering
research. Quality of solutions obtained depends on the algorithm and its parameter settings applied
to solve a problem. Machine layout design (MLD) involves the arrangement of machines into shop
floor area to optimise performance measures. The MLD problem is classified as Non-deterministic
Polynomial-time hard (NP-hard) problem, in which, the amount of computation required to solve
the NP-hard problem increases exponentially with problem size. Material handling distance is
commonly used a key performance index for the efficiency of layouts. Uncertainties including de-
mand variability, machine maintenance and routing flexibility have an impact on material flow.
This paper presents the investigation of the consistency of using optimal GA parameter setting on
various characteristics of the machine layout design problem under stochastic customer demand
environment. Three MLD characteristics were studied: i) no consideration of maintenance and rout-
ing flexibility; ii) consideration of maintenance; and iii) consideration of both maintenance and
flexible routes. The experimental study was computationally conducted based on two scenarios: re-
layout after demand changing; and robust layout (no machine movement even if demand changes).
It was aimed to minimise the total cost including material handling cost and shifting cost. The best
GA parameters and computational results were statistically compared and reported.

Introduction

Genetic Algorithm (GA) is a biological based stochastic search algorithm for approximating the
optimal solution in search space [1]. GA uses probabilistic (non-deterministic) transition rules to
guide exploitative and explorative search via a population of candidate solutions, In each iteration
(generation) of the search process, GA exploits the best solution via crossover operation and also
explores different parts of solution space simultaneously [2] via mutation operation. Both opera-
tions help GA move towards a local optimum and tends to move the search to a new neighbourhood
[3]. Number of GA applications have increased in the last few decades such as machine layout de-
sign [4, 5], scheduling [2], bin packing [6], timetabling [7] and other production and operations
management problems [8]. Each step of GA is controlled by parameters such as number of genera-
tions, population size, probabilities of crossover and mutation. These parameter settings play an
important role on GA performance.

The parameters can be determined by adopting those values from previous research. The appro-
priate parameter settings used in previous research have been studied for particular problems. How-
ever, these setting do not guarantee good performance in other problems. Another approach is the
trial and error method, in which the process of finding the best parameter values is very tedious and
time consuming depending on researchers’ experience [9]. The results obtained from metaheuristics
with poor parameter setting are usually premature and therefore practically not recommended. Nev-
ertheless, universal optimal parameter settings for GA does not exist [10] and non-tuned parameter
settings usually results in premature convergence [11]. In scheduling problems, problem size with
different number of machining and assembly operations, GA parameters had a statistically signifi-
cant effects on the penalty cost [12]. In MLD problems, the parameter settings of Simulated An-
nealing algorithm in each dataset had differences [13], and the GA operators effect the solution
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quality in all datasets [4]. Problem characteristics can relate to efficient parameter settings. The
quality of solutions in both robust layout and re-layout obtained from using the optimised GA pa-
rameters is better than using GA parameters adopted from the MLD problem under certain customer
demand. [14].

The design task of machine layout involves the allocation of machines in limited shop floor area.
The effective facility layout can reduce material handling costs by at least 10-30% [15]. MLD prob-
lem is classified as Non-deterministic Polynomial-time hard (NP-hard) problem [16], in which, the
amount of computation required to solve the NP-hard problem increases exponentially with prob-
lem size. Designing machine layout according to the demand changes over time periods can be re-
garded as re-layout or robust layout. The re-layout is the process of rearranging machines to mini-
mise handling distances required for manufacturing products, of which the customer demand may
be changed over time periods, However, in practice, it is time consuming machines’ repositioning
and there are imposed shifting costs (rearrangement cost) such as labour cost, and equipment cost,
and cost due to the loss in production capacity [17, 18]. To overcome those costs, the layout could
be robustly designed with consideration of the stochastic demand over time horizon. Designing a
robust layout is aimed to minimise the total material handling distance based on the predicted de-
mands through the multi-period planning horizons. Frequently, MLD assumes that machines are
available during the planning horizon.

Machine maintenance leads to the reduction in the number of available machines and disruption
of material flow which cause delays, longer flow time, lower productivity and higher production
costs. Alternate machines classified as alternate routes can be defined as the use of different ma-
chines to perform the same operation [19]. A system with alternate production routes can maintain
high production performance when some machines have broken down or are under maintenance
[20]. Routing flexibility enhances the system to produce a given set of part types or part families
without interruption. Alternate routes can also mean that each product can be processed by different
routes depending on demand level [21]. Material flow time and distances are also changed.
Transport time of material is another crucial factor that needs to be recognised in flexible manufac-
turing systems. To reduce transport time, the transportation distance has to be minimised [19].

The objective of this paper is to investigate the consistency of using optimal GA parameter set-
tings on various characteristics of the MLD problem under stochastic customer demand environ-
ment. Three MLD characteristics were studied: i) no consideration of maintenance and routing flex-
ibility; ii) consideration of maintenance; and iii) consideration of both maintenance and flexible
routes,

The paper is organised as follows. The next section describes the Genetic Algorithm based Lay-
out Design tool under demand uncertainty followed by uncertainties in production environment,
The experimental results are then presented. Finally, the conclusions are drawn in the last section.

Genetic Algorithm based Layout Design (GALD) tool under demand uncertainty

The pseudo-code of GA for the proposed MLD is shown in Fig. 1 and can be described as fol-
lows: i) encode the problem to produce a list of genes using a numeric string [5]. Each chromosome
contains a number of genes, each representing a machine number; ii) input data: the number of ma-
chines (M), the dimensions of machines (width: My x length: ), the number of products (), the
machine sequences (M), preventive maintenance (PM) plan and alternate machines; iii) specify
parameters: the population size (Pop), the number of generations (Gen), the probability of crossover
(Pc), the probability of mutation (P,,), floor length (F7), floor width (Fy), the gap between machines
(G) and the number of periods (P); iv) identify the demand levels for each product in each period
(Dgr); v) randomly generate a list of machines for breakdown maintenance (BM) and replace the
BM machines with alternate machines (in case of maintenance); vi) randomly generate an initial
population based on the defined Pop; vii) apply crossover and mutation operators to generate new
offspring considering P, and P, respectively; viii) arrange machines row by row based on F; and
Fy; ix) select the processing route with the shortest distance (in case of flexible routes) and evaluate
the fitness function value; x) select the best chromosome having the lowest total cost distance using



the elitist selection mechanism [22]; xi) choose chromosomes for next generation by using the rou-
lette wheel selection; and xii) stop the GA process according to the Gen.

Input problem dataset (M, Mw, My, Ms, N, PM plan, Altemate machines)
Set parameters (Pop, Gen, P, Py, Fr, Fw, G, P)
Create demand level (D) for each product associated with demand distribution
Randomly create a list of machines for breakdown maintenance
Replace the BM machines with alternate machines (in case of maintenance)
Randomly create initial population (Pop)
Seti =1 (first generation)
While i < Gen do
For i = 1 to cross (cross = round ((Pc x Pop)/2))), perform crossover operation
For k =1 to mute (mute = round(Py, x Pop)), perform mutation operation
Arrange machines row by row based on Fy,, Fwand G
Select the processing route with the shortest distance (in case of flexible routes)
Calculate material flow distance based on either re-layout or robust layout
Elitist selection
Chromosome selection using roulette wheel method
i=i+1
End loop while
QOulput the best solution

Figure 1 Pseudo code of GA for MLD

In this study, the following assumptions were made in order to formulate the problem: i) the ma-
terial handling distance between machines was determined from the machine’s centroid, ii) material
flows between rows were routed either by moving to the left or the right side of the row and then
moving up or down to the destination row. The route of material flow was evaluated for the shortest
distance, iii) the movement of material flow was a straight line, iv) machines were arranged in mul-
tiple rows respecting to the F;, and the G [5], v) there was enough space in the shop floor area for
machine arrangement, vi) the G was similar, vii) all machines have alternate machines, and viii) the
processing time and moving time were not taken into consideration.

Uncertainties in production environment

Many uncertainties that arise from external or internal sources can effect production,

Demand uncertainties

Variability in product demand can be either deterministic or stochastic. Deterministic demand is
known in advance [23]. Stochastic demand may be considered in terms of various scenarios with
different probabilities [24, 25]. The demand profiles for each time period can be forecasted [26] or
determined using statistical distribution functions such as uniform distribution [27, 28], normal
distribution [29] or exponential distribution [30]. Fuzzy numbers have also been used to consider
the stochastic flow between facilities and fuzzy costs have been represented by a triangular
membership function [31].

The evaluation function for the efficiency of layout design can be used to minimise total material
handling cost as shown in Eq. 1 for robust layout, and to minimise total cost including material
handling cost and shifting cost in Eq. 2 for re-layout. The average shifting cost (Cymp) based on the
distance of moving machines (V) was set at 1,000 currency units per one machine moved [18]. Once
the re-layout related total cost of the next period is greater than the material handing cost of the
current period, the re-layout approach for next period is dismissed.

MM
Total costofrobustlayout=C,,; ZZZZ(J JigkDex Q)]
i=l j=1 g=1k=1
M M P
Totalcostofre-layout=C,,y, ZZZZd JigkDygx +ZCMDP1 Lk ()

i=l j=1 g=1k=1
M is the number of machines, 7 and j are machine mdexes (Gandj= 1, 2, 3, ..., M). N is the
number of product types, g is a product index (g =1, 2, 3, ..., N) and P is the number of time peri-



ods, k is a time period index (k= 1, 2, 3, ..., P). dj is the distance from machines i to j (i #), fijex is
the frequency of material flow of product g from machines 7 to j on period k, Dg is the customer
demand of product g on period &, and Cyy is the material handling cost per distance unit.

Breakdown maintenance

Machine breakdown is a stochastic event that is a major concern in industry. If operations are
interrupted, it may be necessary to revise the schedule to re-optimise the remaining operations
taking into account the machine downtime. The easiest solution is often to apply some dispatching
rule to sequence operations immediately after the breakdown occurs [32]. A number of parameters
have been used to model machine maintenance problems, for example machine failure rate has
often been represented by the Poisson distribution [33, 34] or generated randomly [35, 36]. Machine
lifetime is commonly modelled using the Weibull distribution [37]. Mean time to failure has been
represented by the normal distribution [38] or the exponential distribution [34].

Preventive Maintenance

Machines are subjected to deterioration with usage and age. Most of them are maintained or re-
paired to keep up the machine performance. Preventive maintenance (PM) refers to all actions per-
formed in an attempt to retain an item in specified condition by providing systematic inspection,
detection, and prevention of incipient failures [39], each of which is a deterministic event. PM char-
acteristics can be divided into two cases: First, the maintenance is performed regularly at pre-
determined equal intervals, called fixed periodic maintenance [40, 41] or time-based maintenance
[42]; Second, flexible periodic maintenance [40, 41], called Age-based [39] or condition-based
maintenance [42], the intervals for maintenance action are unequal and not fixed, but the maximum
continuous working time allowed for each machine is fixed.

Experimental design and analysis on computational results

MLD problems in demand uncertainty were studied and divided into three cases: i) no considera-
tion of routing flexibility; ii) consideration of maintenance; and iii) consideration of both mainte-
nance and flexible routes. Two scenarios were considered: robust design, with no relocation when
demand changed; and periodic redesign after demand changes. PM machines, alternate machines
and alternate routes were predefined in problem dataset, BM machines was set at 10% of the total
number of machines and randomly chosen. The number of time periods was set to five periods.

The computational experiments were conducted using a dataset with twenty-five products to be
processed on fifty non-identical rectangular machines. Each type of product has differences in de-
mand distributions and machine sequences. Demand profiles can be obtained from empirical data or
by using various probability distributions (exponential, normal distribution, or uniform). The
GALD program was developed and coded in modular style using the general purpose Tcl/Tk pro-
gramming language [43]. An experiment was designed and conducted on a personal computer with
Intel Core i5 2.8 GHz and 4 GB DDR3 RAM. The full factorial experimental design was aimed to
identify the appropriate setting of GA parameters for solving three cases of MLD with demand un-
certainty. The GA parameters include a combination of population size and the number of genera-
tions (Pop/Gen), crossover probability (P.) and mutation probability (P,;). All GA parameters were
investigated in three levels, The experimental design and the range of values considered for each
parameter are shown in Table 1. Genetic operators adopted in this work were the Two-point Centre
Crossover and Two Operation Random Swap [4].

Table 1 Experimental factors and its levels

Parameters Number of levels Values
Pop/Gen 3 25/100, 50/50, 100/25
P 3 0.1,0.5,0.9

B 3 0.1,0.5,09

Each computational experiment was replicated thirty times using different random seed numbers.
Considering three problem cases, two MLD approaches (robust and re-layout), all of which had



thirty replications, and three values of three parameters, a total of 4,860 computational runs were
carried out. The material handling cost was set at one currency unit per metre, and the average shift-
ing cost based on the distance of moving machines was set at 100 currency units per metre. The
results for each case obtained from the computational experiment were analysed using the analysis
of variance (ANOVA) as shown in Table 2, in which the P values are given.

From the ANOVA tables, it can be seen that the Pop/Gen, P, P, and interactions between main
factors have a significant effect on the total cost with 95% confident interval in both robust layout
and re-layout in all problem cases. The optimised Pop/Gen, P and P, for all cases were set at
25/100, 0.9 and 0.9, respectively. This was based on the minimum total cost, from which there were
no differences in the parameter settings. Consideration of maintenance and routing flexibility in
MLD under stochastic demand has no effect on the GA parameters. The MLD with various charac-
teristics has consistency in optimal parameter settings. However, a universal optimal parameter set-
ting for all characteristics of MLD problem does not exist, Investigation of the parameter settings
cannot be overlooked.

The computational results for robust layout and re-layout in terms of the mean, standard devia-
tion, minimum and maximum are shown in Table 3, where the lowest mean of total cost for robust
layout and re-layout in each case is indicated in italic. Mean of total cost of re-layout is lower than
robust layout especially in case iii. Changes in demand, available machines and processing routes
over time period generate longer material handling distance, so that the layout is redesigned. This
emphasised that the uncertainty in manufacturing environment should be a concern in machine lay-
out design. However, it should be noted that other costs related to the shutting down of the manu-
facturing line are emitted.

Table 2 P values from analysis of variance (ANOVA) on GA parameters

Source Case i Case ii Case iii
Robust layout Re-layout Robust layout  Re-layout  Robust layout  Re-layout
Pop/Gen 0.000 0.000 0.000 0.000 0.000 0.000
P} 0.000 0.000 0.000 0.000 0.000 0.000
Py 0.000 0.000 0.000 0.000 0.000 0.000
Pop/Gen* P,. 0.000 0.000 0.000 0.000 0.000 0.000
Pop/Gen*P,, 0.000 0.000 0.000 0.000 0.000 0.000
P. ¥, 0.000 0.000 0.000 0.000 0.000 0.000
Pop/Gen*P, *P, 0.508 0.073 0.505 0.101 0.896 0.73

Table 3 Comparison of total cost produced by two MLD approaches in each case
Value Case i Case ii Case iii
Robust layout Re-layout Robust layout Re-layout Robust layout Re-layout
Mean 12,516,491.90 i2,443,878.00 | 13,734,366.91 11,238,384.22 | 13,914,552.45 11,043,921.76
SD 398,882.10 249,032.86 285,446.08 176,840.87 302,213.04 205,734.22
Min. 11,969,568.90 11,752,732.10 | 13,186,179.42 10,673,075.02 | 13,307,734.72 10,559,855.93
Max 13,437,367.10  12,917,746.40 | 14,415,995.37 11,459,330.66 | 14,518,625.07 11,484,319.21

Conclusions

This paper presented the investigation of the consistency of using optimal GA parameter settings
on various characteristics of the machine layout design problem under stochastic customer demand
environment. Three cases of MLD problems with uncertain demand included no consideration of
routing flexibility, consideration of maintenance, and consideration of both maintenance and flexi-
ble routes. The experimental results indicated that performance of the proposed GA depended on
the parameters including a combination of population size and the number of generations, probabili-
ties of crossover and mutation in both robust layout and re-layout. All of them had a statistically
significant effect on the total cost with a 95% confident interval. The optimum GA parameter set-
ting on three characteristics of layout design problem was consistent. Differences in MLD problem
characteristics under demand variability had no effect on the GA performance. Nevertheless, con-
sistency on optimum parameter settings depends on problem characteristics.



statistically significant effect on the total cost with a 95% confident interval. The optimum GA
parameter setting on three characteristics of layout design problem was consistent. Differences in
MLD problem characteristics under demand variability had no effect on the GA performance.
Nevertheless, consistency on optimum parameter settings depends on problem characteristics.

The total cost of re-layout was lower than robust layout. However, the shifting cost may vary
from place to place. Investors should make decisions based on a trade-off between rearrangement
cost and material handling cost. Future research should focus on investigating the effect of degree in
demand variability on machine layout design.
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Abstract. The design task for machine layout is to arrange machines into a limited manufacturing
area. Material handling distance is usually considered as a key performance index of internal
logistic activities within manufacturing companies. Machine layout design problem is classified into

non-deterministic polynomial-time hard (NP-hard) problem. The objectives of this paper were to:
describe the application of Biogeography-Based Optimisation (BBO) for designing machine layout
with minimum total material handling distance; and investigate the appropriate setting of BBO
parameters. The BBO searches for the global optimum mainly conducted through two steps:
migration and mutation. Both steps are controlled by immigration and emigration rates of the
species in the habitat, which are also used to share information between the habitats. The
computational experiments were designed and conducted using five MLD benchmarking datasets
adopted from literature. The statistical analysis on the experimental results suggested that all BBO
parameters has statistical impact on the quality of the solutions obtained except the smallest-size
problem

Introduction

With high competitive market, lean manufacturing company has to respond promptly regarding to
the customers' needs. Machine layout design is one of the crucial manufacturing designs for
optimising productivity. The design usually involves the arranging machines on the limited shop
floor. Material handling distance can be considered as a performance index for internal logistic
activity within a chain of supply [1] and mostly measured for determining the efficiency of layout,
According to Tompkin et al. (2010), the material handling cost was accounted at 20-50% of the
total manufacturing costs and it can be decreased at least 10-30% by an efficient layout design [2].

Machine layout problem can be classified as a combinatorial optimisation and NP-hard problems
[3]. The number of all possible solutions based on the number of machines to be sorted so the total
of solutions are going to be exponential when the size of the problem expanded, e.g. for designing a
layout of ten machines, a number of possible solutions are 3,628,800 (10!). A number of the
approximation algorithms, such as Simulated Annealing [4], Genetic Algorithm [5], Rank-based
Ant System [6], Tabu Search [4], Shuffled Frog Leaping [7] and Bat Algorithm [8], have been
successfully applied to solve the machine layout problems, but they do not guarantee the optimum
solution [9]. The Biogeography-based Optimisation [10] has been applied to solve several problems
e.g. travelling salesman problem [11], scheduling [12], cognitive radio system [13], and multi-
objective problem [14]. From literature reviewing on the ISI web of Science database from 2008-
2014, there has been no specific report on the application of BBO for designing machine layout.
The objectives of this paper were to apply the Biogeography-based Optimisation (BBO) for solving
machine layout problem aiming to minimise the total material handling distance, and to investigate
the appropriate setting of BBO parameters.

The remaining sections of this paper are organised as follows. The next is to describe the multi-
row machine layout design (MLD) problem followed Biogeography-Based Optimisation for solving
MLD problem and its pseudo-code. Then, the experimental results are presents. Discussions and
conclusions are drawn in the last.



Machine layout design in multi-row layout configuration

The characteristics of the layout problem can be categorised with different criteria such as size
(equal and unequal size), shape (regular and irregular shape), and layout configurations (single row,
multi-rows, loop layout, open field layout and multi-floor layout) [15]. In multi-row layout
configuration, machines are arranged row by row on shop floor within a limited area. Material
transportation between machines relates to handling equipment e.g. automated guided vehicles,
material can be moved to left or right side of the row and then move up or down to the destination
row [8]. The appropriate flow path was evaluated from the shortest distance. The objective function
is to minimise the material handling distance as Eq. 1 [8].

M M
Zzzzfﬂd,j ;I:?l;f (1)
J=1 i=l

M is a number of machines, i and j is machine sequences (7 and j =1, 2, 3,..., M), f; is frequency
of material flow between machine 7/ and j, dj; is distance between machine i and j.

In order to formulate the problem, the following assumptions were made: i) the material handling
distance between machines was determined from the machine’s centroid, ii) machines were
arranged in multiple rows, iii) there was enough space in the shop floor area for machine
arrangement, iv) the movement of material flow was a straight line, v) the gap between machines
was similar, and vi) the processing time and moving time were not taken into consideration.

Biogeography-based Optimisation based layout design

The Biogeography-based Optimisation (BBO) presented by Dan Simon in 2008 is the stochastic
search algorithm based on the migration and mutation of species from the habitat to others, The
geographical area with high habitat suitability index (HSI) means that it is well suited as residences
for biological species. Habitat with a high HSI has a large number of species which can emigrate to
nearby habitats. But few species immigrate into this habitat because it is almost saturated with
species. Conversely, habitat with a low HSI has a small number of species so an immigration rate is
high. From Fig. 1, E and I indicate to the maximum of immigration and emigration rates,
respectively. Both of them are mostly set to 1. Sy presents the largest number of species that the
habitat can support. Sy is the equilibrium point, in which the immigration rate and the emigration
rate are equal [11]. S, represents a few species in habitat (Low HSI), while S, represents many
species in a habitat (High HIS). The immigration rate for S, is higher than S,. In the same way, the
emigration rate for S; is lower than S, [10]. Both immigration and emigration rate can be used to
probabilistically share information between habitats via migration and mutation process.
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Fig. 1 Habitat migration rate and habitat suitability index (HIS) [10]

The pseudo-code of the proposed BBO for the machine layout design shown in Fig. 2 can be
described as follow:



Experimental results

The computational experiments were aimed to investigate the appropriate setting of BBO
parameters including a combination of ecosystem size and number of iterations (#/1,4), the
probability of modification (Pp.q), and the maximum mutation rate (m,_ ). All BBO parameters
were investigated in three levels. The experimental design and the range of values considered for
each factors are shown in Table 1.

Table 1 Experimental factor and its levels

Factors Levels V.alues .
Low (0) Medium (1) High (2)
Ecosystem size/number of iterations (#/1,4y) 3 25/100 50/50 100/25
Probability of modification (£,,0q) 3 0.1 0.5 0.9
Maximum mutation rate (#,,,y) 3 0.1 0.5 0.9

The computational experiments were conducted using five MLD benchmarking datasets [16] so
that they had different sizes according to the number of machines and products. Dataset M10P3
means that there are three products to be processed on ten non-identical rectangular machines. The
machine layout designing program was developed and coded using the Visual Basic Language.
With three values of three parameters, each of which took five replications, and the total
computational runs of 135 were carried out.

The results obtained from the computational experiments were analysed using the analysis of
variance (ANOVA) as shown in Table 2, in which the P values are given. With 95% confident
interval, it can be seen that the combination of ecosystem size and the number of iterations (7#/x),
and maximum mutation rate (m,.) has a significant effect on the material handling distance in
almost all datasets except M10P3 dataset. The probability of modification (P,,04) has a significant
effect on the material handling distance in all datasets. The appropriate parameter setting based on
the minimum material handling distance on each dataset is shown in Table 3.

Table 2 The P values from ANOVA table for each dataset

Source MI0P3  MISP9 M20P5 M30P10 M30P27
0/ Tyax 0.191 0.000  0.013 0.000 0.001
o 0.001 0.000  0.000 0.000 0.000
Uy 0.800 0.000  0.000 0.000 0.000
e 0.004 0.045  0.173 0.060 0.103
4, W g 0.135 0.000  0.099 0.000 0.000
Prnod "8ty 0.016 0.000  0.000 0.000 0.000

s Ve T, 0.031 0.000 0.123 0.103 0.004

Table 3 Appropriate setting of BBO parameters on each dataset

Dataset "/, Lnax Priod Mmax
MI10P3 50/50 0.9 0.1
MI5P9 25/100 0.5 0.1
M20P5 50/50 0.9 0.1
M30P10 25/100 0.9 0.1
M30P27 25/100 0.9 0.1

Conclusions

This paper presents the application of Biogeography-Based Optimisation (BBO) for designing
machine layout in multi-row environment. The algorithm was aimed to minimise the total of
material handling distance. The computational experiments were conducted using five



benchmarking datasets. The analysis of computational experiments suggested that the BBO
performance was depended on its parameter setting. The appropriate parameters had been found
difference on each benchmarking dataset. This suggested that the application of BBO should be
considered on its parameter setting in order to optimise the performance of BBO algorithm. Future
research may focus on improving the performance of BBO by modification or hybridisation.
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