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Abstract

Computer simulated experiments (CSE) are often used in science and engineering
applications. The nature of CSE is that time consuming and computationally expensive to run.
Normally, the output response from computer simulated experiments is deterministic.
Conseqguently the space filling designs, which focus on spreading design points over a design
space, are necessary. Latin hypercube designs (LHD) are normally practiced in the context of
CSE. The optimal LHD for a given dimension of problem is constructed by using a search
algorithm under a pre-specified optimality criterion. Usually this searching process takes a long
time to terminate, especially when the dimension of the problem is large. This paper proposes
the methods to enhance the performance of search algorithms which are widely used in the
context of CSE. The comparative studies are employed based on a range of problems and
optimality criteria. The results indicate that the proposed method can improve the capability

of the search algorithms for constructing the optimal LHD.



Executive Summary

Tutlagtunssrasamsnaassieneuiiames (Computer simulated experiments: CSEJleiidn
influnumdndglunsdnuguivuamuduiusvesiudsidn (Input variable) wasiuysesn (Output
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Shwgdl Liansavinsmnassiumbennasais q 16 Jedndudeddnaiinnisiassmmaasig
apaimese CSE Wundaslumsine Tnevhluwdansvihauwes CSE unaa,f[*unmmuuavamUaaa
niwensann (10] muuumfaEmmeminﬂﬂmﬁmsmnamaa‘sumum'suﬂsmﬂwq dal Y39 WHUNI3
naassimngauiioluldlunissiasinisnaassiisasufinges liedunsussndaninensuas
annsahuadnsiilsviaadaudseaniuldagnaiivuszdnsnw

anwuy mﬂmaa CSE ﬂamvaLtUiaanwmenmﬁmm WAANYULATIUUY (Determlmstlc)
ﬂa'l')ﬂﬁmﬂ il AdafiinnsUssnanasiny CSE sy mummwaanamnuﬂnfm Jzdmalildrdulsoani
AeiLae muuLLmumswma:mm:amaummumwmamﬂsuLﬂmﬁmﬂuunumiwmamuwmmmuﬂﬁﬂu
(Space filling design) naatu’mmmnaawmumﬂ%amammmwmmamamﬁ Lmuﬂﬁwmaamuummu
lawasAa (Latin hypercube design: LHD) lumufjifinsAumniuaun1snaasswuy LHD fvangay
invggsenuaY dipNgudeu snfienagy nsfinsadaLrunsaassfilsznaumefiwUsithdua
d fuazdnuIAnAaad (Design run) mm‘u n 0 W litul@diue UNITNAGDIULUY LHD dululd
vanuadu ()¢ LHUNTYIRAIT IS TN Tos 9 Wusrusumamaidie # uag ¢ fvun
Tnajan FaaziiiuldainsadusunTaaeIne btk mandiutlagm NP hard Alfannsovildde
fiawan ammmeamm8msmwmLmummnaaqmmn dumﬁmiﬂal‘uaaﬂaimsm'ia'unu (Search
algorithm) AIUATULNS silunsidenATimanzay (Optimality - criteria) fdaaaﬂaswumiamumaﬂ
ihanlglunisanu CSE 9 PamﬂunmﬁduuhEmaammluLmawwwmaam alwanmumwmaaauw‘lm!
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wﬂaamw‘mmmuﬂammmiu.mmquﬂ“ﬁwamm mmmm*wwaaamﬂmmlm Tumanseaiudnani
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Tudegiu  mnuwiyfnudidunalulagiduluegiesinia demalvuywdiinag
YsvendldinaluladidunouinmesuasadamaniUssgniiiiidaiendt mailanssassnimaaseio
penfinmes (Computer simulated experiments:  CSE)  agnaunsuans tiievimsnunguuuy
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Tafulusiuiidlensuaudnuasuisdssmsvesiauvsdn e deduiiuiiiy 4 18] viensldnig
Annmamansvesina (Fluid dynamics method) lednundnuaznisinaiouvedadindioriinis
naassdagliiugiae Wudy sudiulsimsneaaesdnuasil ligunsavhnismaassiumisvnassass
q i lssndedriindudldssuazanasndovesmienaass Jaomanidsinisinununaaed
numoamlasnsld CSE anunuiifietaslunisfnuiandnuurussssuuiaulaies nssuiums
ynueIMssanImInaaassnouiunesvie CSE aunsnasuslddhoguil 1 dil

) Simulation |
% 4 Design space GEE N2 Routine '
/ {“black box”)

Simulation '
Routine . .
(black:box'),

____________________________________________________ e e i i e i D

(a) Experimental Design (b) Approximation Rodel

AH 1 LEAINISHI9IUVDINITTIR0INISNAADIRIDABUNAADS (CSE) aaudasan [33]

mﬂgﬂﬁ 1 azihildrnszurumsvinanily CSE annsaudaldiiiu 3 duneuie

1. Experimental desien fi8 M51MURUNINAREY GaUsznauiensinmsedunng 9
(Treatment combination) %JaﬂmjimhLLUiL%ﬂﬁLﬁaqiaaﬁx&wajmLﬁav‘hmﬁwam

2. Simulation routine w3s nasas (Black box) e nszuruntsieuniglussuuivil
amnsonssdiuuazanmsailaifaeslsiunely danszuaunstundasdnil agldgUuuuann1Inig
afinanansATin LT UTay Ussanamadielilsuadnsfaniiudseen wazanadwiRlatiorulsiuny
sufuaae veadauysdfitendnly

3. Approximation model Al naaiefaluuiiiantanennsal lnsnsidivesiauusdniivi
mMsneaBaLazAiaLlseaniildannaaeis i ma%’wag‘uLm‘umwa.Jﬁ'a.Jﬁuéﬁ'mmsﬂu wazu L1y
Usrlomilunanensalreesiauuseen ovisuamenguiiuusidi

aald x € RY (d umisiulsidiiaulafin) Wunamesvessedusing q sesiudsdn

Fasvimsuszana CSE fafunszuaumsves CSE annsadeuumiieaunmssadiamansdil
y=[(x) (5-1)

Nnaunsi (5.1) axldavesiutsesnildannnizuaums CSE ﬁu%*ﬁ‘uaE‘J;m'izﬁ'mimﬁmﬂwﬁ’wﬁ
Heudhluszuu delaevluudidleidu 7 asdudfislinsuumudendosd dnuasddnues CSE
fio udazmitenmanmdeiu (n) avldauaviuldomnernsun faininddednlngTavenei
Fianuuunneaia (Statistical modeling methods) Tngldsuaumizennasslitfoniian uslild
ﬁﬂ%aﬁﬁﬂuﬂiﬂagﬂﬁﬂEULLUUﬂ'J'mﬁJNWUuﬁr‘ilﬂ\'l(ﬁ")LL‘lJ'iL't‘l’WLLazﬁQLLUiaaﬂ‘Lﬁuﬁﬂﬁﬁjﬂ wian1sm [ AlndiAes
f ‘Lﬁuﬁﬂﬁ?jﬂ Fanureianisiannduuuni@dfniensiann Surrogate model [1, 31, 34] Tt
é’qtﬁﬁq’muWSnnem'Lﬁ'hmu"?{faﬁau’lmﬁan(ﬁuméﬁum'lumuﬁm CSE agilannnieadaaiuniss
uHUNIINAaDY (Experimental  design) wagnsassfnuuneaidiiienisnensal (Statistical
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approsimation model) dalasensd silsviiuludiuesnisadrumunsnaaeafineaudmiunis
Frapamsneassmnanauines

T lunisnwadi CSE agldunumvmnasanuvasiulaweosand (Latin hypercube design:
LHD) [23] mugiudinuuniaaiif Kriging model (7, 25, 31, 36] JafinasrvaunanAde ssyinis
Eonwsunisnaassiiinzay (Optimal design) Siunuamddaannsianmuusiug (Accuracy) uaga
uniedne (Reliability) YaefnuumaERRnasia s dufunuesssuuRiiaududou [1, 6,
11, 18, 33, 34] wazanunsmisnuuiiadulunensalAdudseenidegauiugiensuArua i
wusinla 9 oghelsfinom finnsseeulilusnAdowanedu (5, 15, 19, 21, 25, 36, 38 ] ﬁsgqi'}m‘sa%"m
WHUNSNAaBILUY LHD ﬁmmzauﬁqw‘%a Optimal Latin hypercube design (OLHD) fuliledeade
wiztlutymussian NP-hard Fadaaldnanunuannlunisdum [15, 19]

MTEUANINAGBILUY LHD fnsaume OLHD 1u annsovilalasnisiananguauda
ﬂuamwums‘mmaaaﬁﬂ%’w‘ﬁﬁmﬁnmauﬁ'ﬁﬁﬁw’%alﬂﬂaﬁmmnmﬂmwmﬁmﬁmﬂ%nﬁmmmimaaq
(Space ﬂlhng ma’lmm‘l,@Lm1LLfmm‘mﬂaawaswwuﬂiauﬂammmmmmmﬂmLmﬂwmu s
ﬂmauumua’lu’ﬁmmﬁm’lmﬂmLﬂmmﬂ’WSLaaﬂmtml’lum (Optimality criteria) 1 Integrated mean
square error (IMSE) [31] tnausi Entropy [18] tneust Maximin distance [16] uazinausi qﬁ [25] 1dusiu

LLa“ﬂmauummLt,rmmwmawamzuamhf M anilafie ﬂm”immvuer 14210 (Orthogonality) Fuiu
ﬂmauusmmﬂmmmmlmnﬂﬂ AIMN13UTZIUBNENAYBIFIUSIUIET 7 mmamuﬂsaamﬂulﬂama
daseNu wmmwumﬂ*&ma Minirmum pair-wise correlation [17, 29, 35] ﬂ’lﬂﬂ’]‘i'ﬂﬂ‘ﬂmm%mw
Aedeadeiumudn sansoutisnsassusumaasseandu 2 S5funneneiu Busnidunisaiie
Tngldudnnisyedivadin (Algebraic method) #3835 Non search-based pradldiaueliluauide
viangdu [3, 11, 37] HaTlE N AU TR SRR RaTiad 1A AMENN SRR oA
ngaufinwavans i luaeinuumeaianamaaiugitun sneansaiwaiidedifinfeanniaaing
wensueaesléunaiiiinu wiluauwes Butler [3] auanisasurmaaaslnouszgndld William
transformation davgdearmuas s dulauanzviai uenenikiuves Ye [38] #ldisniTves

Kronecker product 1na$iausiniimaaasiivngan dilussansnmdusiidesiinfe n = 2" & luag
d = 2m -2 Wiy 357 2 U09NEASNNEUNITNARBIUY LHD  Milvnzan w3e OLHD  fansld
Sane3unsdudu (Search algorithm) Arugiunisiatsanmusidenamiza (Optimality criteria)
Fawdnnslaoihlvesisnsilfensldinaiinnisaduaindnaanaasagle q WievhliiAansnszatega
vmaaau:uuLﬁmﬁuﬂ%i‘}ﬁmsmaaﬂmaﬁmimmﬂﬂ"]_mmsmﬁanmmuwauﬁﬁ'ﬁuv{%a‘m Taeanesiy
msdufagngansiauiiermnuansessuienasidenamnzaly iteration Tagiu wazelu
iteration neunthlsifirnauansreiuannme (9150199061 Tolerance level #imuunlidiamii) da
Wuiiveuinindanssuiumsiuduarduganisdudu o dumtisivhaeind Global optimum n
q fla é’ana%ﬁumsﬁuﬁuwmﬂﬂwmwgﬂﬁ’]Laua%"mnLﬁa‘h’j’ﬁumuwumwma@N OLHD (1
Columnwise-pairwise algorithm (CP) [20], Simulated annealing algorithm (SA) [25] wag Genetic
algorithm (GA) [21], Evolutionary search algorithm [15] Judu wazinuslunmsdoneimanea
'wa'mu,‘uugﬂLﬁua'ﬁumLﬁﬂlﬂuﬂﬁﬁmﬁ‘lﬂ%iwLmumimaaaﬁgﬂﬁuiwﬁ:‘uﬁﬂmauﬂ'ﬁﬁﬁwaﬁasffa dmiu
wnasniasldesnunsnarsasiiiumsinszesiesswitganaanda 9 agludigiveanimaass i
supzynILUUYAdN (Euclidean distance ) witesrdalunslidaneifislunsduduaiugiiuinasidon



milnzanAonszuaumsauduinldnaenuumnn Tnsmvngednduilefifveaununsmaassilvuin
Twgjdu

anfinaranianun aunseagldiimaaaunsmaaes OLHD dwiu CSE Tneldudnms
mailvadiniiveraebisniufeddinalunsiuiuuinanudamguluudivesmsimuniiidgminauls
Ay drudefiveanisairaununisnaasdlaglddanaiiunisdudude dadiiasdesldinanilu
nszuIMsAUAY urreutsasBaveudmiunniadymitauladne dafudadinniauundaluns
a¥aununsMAaeaLuY OLHD  Tnsmsuuandsnsmsfivadindhdudanesfiumsduduitelianse
aansummaassliotnaiiuszans mrnniu faasiildansenuidenanedu (12, 19, 29, 38) il
Fnsdanandsiianusniudesssvaviaredlgmesnludnlidnsdudunsifivvunvedia
Ugym i'mtl,ﬂﬁam31153qmﬁmnﬁmmaﬁ%ﬂfﬁmmuﬁu 9 1y n§UIRIng (Cyclic group) WanUsegnaly
Tunsadne OLHD wenanilgidudmuinnisinuniinsnuiudnuinasidensmnzauiivanusila
inasmilimuazAsliRnd o mnasidsndmnaniiuandisiun o iARkRUNTMeaBsiiA
uanenetundslilundvesnsiluldatsuuumsadattontsnennsal uananiuuamemsudiym
ﬁwunmﬁ’h’ﬂun‘swnum'ﬁﬁumﬁé’f&ﬂdLﬂuﬂqm'1Lﬁmﬁé’aaﬁﬁ’mlmlﬁﬁﬁuL7§aaq Lagnasnmaliulgs
Funouvaamsvhauetdanadiiuusiazuszian wy nsUSuunumsviaaasiaiy MsUFungmsuud
(Replacement rule) MsuSungmisvgadudu (Stopping rule) 1iusiu t;ﬁ%’amm'jmaﬁlﬁmnmﬁﬁaﬁ
szdanaddomsiInsiuniensaiasnisnaaasimanzanlaslinisua mamseningiinmm

=

Fundiauazdanainunsdusuiiiuszansam lnsevngedndsdunsaindfvesamiivunlneyiu
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vnaassneuine Geseasdemihuil

nsaunulAnlun1sNIIde
NSAYLHUNS NAABIMLN g ANd S UUeY CSE uuavmﬁmamsamﬂ (Heuristic method)
mmmﬁmimmmaummnm:umnﬂammaumwlﬂmemmmm A 99y mmmaaﬂuﬁmmmsmm

= = as 1o e

wmangau (Optimization  problem) nanafie danamuall X € R e R Duvs piivuusafaudsindia

U

yu1alvg vazsdrvuald ) unuiladaduioglse difres xer’
Ta 9 saudgnansmamzanlunisadiaunnsmeassuuiuin3nll femsmusaunisnaaes
¥ nq faenrdoaiudouluseluil

fl(){*): min A(X) (1)

xer
siitlrduTaguazasd A0 onawmneianasidandmnzanln 4 uzdasiimstmunlidminouns
YN15AUM
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Susoud 1: Gudumstunlnemsdamionurumannassiaiuy x° uasimuald x© =x°

dunauit 2: adralaswadredulndifiss (Neighborhood structure) U84 & anidenuves
Tnssasiildszuliaront antudenusmnisnnass " grnusumsnaaesiiduldiomnves
Tassadsgnilndifeaiiasnetun

& { ° € o Yool o v a ' o
Funouil 3: mnailnduingUsvasdvearunimeass X e wagdndulainagyiinig

< Cuw Shew sy oo & w w M e o o Yy 4 v o
Wun X Ay X Wiﬂlll mﬂuuaaunaulﬂmmmauw 2 ‘ﬂ’]LﬂlﬁaEJ ‘] LWAAUMILLHUNIINARDIN

ﬂmauﬂ’ﬁﬁ*ﬁuﬁf% q suninarussaieuluvesngmsugadudu (Stopping rule) wav¥iin1sI1BN
wnumIaasIils Feasioinduusumaaesiimnzanian ldannsyuiumadudu
MnTuReuMsYuessaneifiumAnzauiinaundeiy saluisfasiindua lu
AsiffINISIUHUN TRABT LN A ﬁ'm%'uﬂgylmﬁﬁﬁﬁmmﬂlmﬁu fdedsanlofinun n1isms
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1. miﬁmumqmﬁ%ﬁ'u (Starting  point) Pnduneui 1 veen1sinauvesdanaifiuniswian
wnzan dadunisiauausunisaassdsiu Sszifulddndunsimuniuududuan Random)
FAdeiuunfnin wiuiisezsudumsiunuuude saunsadszgndlinquiinisnunimaass iy ng
gaanshemnssninneduiluununisaass (Orthogonal array) wia ngn1saLaAs (Symmetry law)
vonanaass Insfinsimuagalinszasegluvinamesmsnaasaiuuvamnaes definsussendng
wiahi] ndaglunsimunurimamaassiedu fesdwaliveuareimsdumiiiuinanas uasvli
m'sﬁu'mﬁm‘%’uﬁﬁwuﬂﬂiwzy,'mmsﬂﬁﬂ‘Lﬁﬁl’aﬁqaﬁw‘nﬂL?’J?}dfﬁu tudeldanlumsdumiesasiues

2. Tassadregnilndifios (Neighborhood  structure)  amiildssylilutumoudl 2 Heaty
Tassaednilndifos dddunsaausunaaaesiugulndidsamneis wunismaaesiifilasaiavde
audnunrlndifssiy lunmstmunlassairevessnilndifssanusorildvas s widsndoldadn
ursmanglusuiu CSE Aemsaduandnasaumla 9 Tureduifignidenulnedy iesanmsadunuy
faghidwmansynula 9 delassasivesuaunrsmaastuuu LHD  IHivdsuudasly sndretaty
Tnssadagnilndifissvesununisvaaaewuy LHD Aiflvine 5 und uag 4 aadud Weilnmsaduaindn
sEwinaumafi 2 uazunait 5 aoluaedinin 2 igngudani vgldnasagy
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9ingusanann sztiuldddidruaununisnaaemiiuldlananialulassaiegnlndidssvindu
5

4- =40 urunsnAasd faduidanuininidvesnunisnaassiivuialvaitu govdwalniiuiu
2

S TR TR v & Y, ' & i _.calll:’i} - L 1Y) oy LY 2 = q 3 JE.
weunsnaaesidulllanmunlulassasndgnlndifeafinvuaslume szuuliihmadenldlasaing
] ¥ = < =t o st 1 a a < ’7 9/ 1 8o ;V Vo ar Al 1
drulndlAssimnzandadudaddyetnags mnuunfainginulassaignindifvsi gideiignjmneg
d s b 23 yd‘;\‘ ﬂ’; or dl o 1 o 1 o d} o s
ngUiudsalasiaduliasdulaensuSunaenitnmsdulasagyinsduilagvangmediniiiieyihnisadu
amndnluasauale 9 wnuissduiissnadiniifieaini Jnnsdnyiduaiidedesdu fidewui
B3l sgvilinsdumuaunsaassmngauannsoguukun snaaesninuaul@atu 1a
athemIAFINTY
o @ oo v e oA 1% = LY
3. nnsunun (Replacement rule) wananUalenlanauiua) fidlesdusznauiidiAtyse
o = L o ol U EJ
U58ANEAIMNITAUMILHUNITNAGDINUIBANTDITANDIAUNITVIAMIN LAY ADNHNITUNUN
& & &y A4 = v i
(Replacement rule) lutunauf 3 19INTUMIAVAL WDIEBNUNUNTITNAABIIINTATIATIIE Y

new

o & =] o =Y 1] = Ci' C i = 1 ot ' ] -Ei-
IndlAswdasiasdinisdnduloinasiinisunuil X~ de X" wisli sndregiaeu agnisunuinly CP

new

1 annsovilalasmsivuald Vi=rx")—r(x°) wazazlinn
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1,if Vh <o,
CP rule = (2)

0, if Vh>0.
e “17 mneisinnsunuil uay “0” mneislifinisunud asdiuldiingnisunuiivea cP Aeudnsine
wazlsidudou odrlsfinnn sxdsald CP vganmsfumilamuzanamesi (Local optimum) I &9
wansnsudleiiymide vnrsdumididasdnnuadsiinnne wasidendinauiidiigaun el
wnzalumauiin iesnnisidashiliidsnannn wadliaunsoildlunsdiifvesnimaaes
vl

new !J

ngmﬂmuﬁlu SA ABUTNIBUANAINN CP TneAmuai ﬂuilﬂ']‘.iLL‘V]N‘W X My X

Vi
exp| ——— Zu

H
dlo v wnulavdufignguanannsuanuesuuugivleste ~ U0, uaz “t” 1Wumsidieed Afidedeni
“guuunii”  Faan “t7  avgniniiinianaion q lneamuatv =1 luduneuiudumsaum uas
fmuald “t” fidnsinisanasniiu =g e 0 <a <1dwnuladulunisangumgiilunssuiuns
M TngunAudainen «waz o drnnniiuly avdmalidnsisweinsguingamngauiulvagat
s 2 W Hew =ie wa =i 2w =
[11] wazanngmsununbi SA azwiuladunumsvaaes X nilnuauvaldauiisadntesaziilena

4 ., C ' new == o 2o dd W '
WU X wnndausunsnaaes X ndnaandiugann 9 3anseaidenineivas [25] wuin
Uszdninmmsvinanees SA azduegiunisidoninsidivies «p, Viuaz & sgwun lagajuuding

nrsunuily SA fe
1, ife.\'p(—v.fz/t) >
SA rule = (3)
0, if cxp(wth)ﬂ:.
dmdunsdivosdanediiu GA Huiinisldngnisunuii Aeudisazunnsisan CP waz SA Tag GA
awrmsRasanaualivenuaunsnaassiulUldlulassadsulndifios sy asviinig
funraranindu (Probability) Tunsgniden Inefiunumisvaassiiinuadifinineeiilentande
aruniesdilunisgnidenganiniues
9INNSNUNNTTNTIUYBINUITETIAEITRINUTY ngMswnuihiy TrateUssdniainms
yhauvedudazdane3iunismianizauetiade Inglowgludunaivesmsiumununsnaass
wnzan fniuluaddel gideainnaalunsuiy wilsunalnnelusesngmsunuiluesdane3itus
3 'zjﬁmmnﬁﬂeml'?ﬁaimﬁ'}ﬁ Tagldvanmssiassdeyadediftiyminarnuas mnﬁguﬁwn']ﬁmiwﬁ
N9EdA LWBVI’IﬂJ]ﬂ'TiLLV}‘uVW]EJﬂ'J’mLLﬂN (Robustness) uazannsnthluldiudanaifiui 3 siindradu
uaﬂmnumfﬂ EIJJLLU’Jﬂﬂ‘l/]“y'mj‘lﬂﬂgﬂ']'SLmuﬁIﬂEfL‘dﬁaﬂﬂ']‘i‘lJ'iUL‘iJaEJuGYJLaGIﬁEJE]quiJﬂ Tmﬂnqmnmumu
Wisansntuiionsy Umm’sﬂuw wedeudlulndusinismaaesiivinzean uieziinadavguinni
SlonszuumsduduEadouminannaumnzeay
4. nnsvgadua (Stopping rule) Hadeidddeniihnuvesdaneifiumsmanrngansn
Usgnswila Aengmisvendudiu (Stopping rule) Fadunueildlunisszyinnsuiumsimueuns
yoassiinzaezinsgamsdunidiola delwsfnuiivuilianunsafumununsnaassdiding

Cy va v & ' = aw A
X lﬂﬂﬂLLa'J ﬂ'SSU'J‘Uﬂ'ﬁﬁquﬁﬂﬁaua‘ﬂﬂqiﬁuﬁqLLﬁﬂ'3']ENTL!LLf—lUﬂ"liiqﬂaaqa']ﬁﬂﬂ@ﬂlm LI91NITUIUN
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s fidenuinnisimundiiuaniefuresngnisgadudi wiedn sefumInATALAADuB UL oL
(Tolerance level) 11 azdwmansznuegiannsenarililunsdum saulufnuanifveaununs
naassfignaeuileduganisiududie Juduiihaulasgedeiazdnymseduiinamnzyessziy
anuaaiandeuBugen fesilildurnmaassfivnnzaunieldinariinia e Ssnideiesld
nanmsias1zvanul (Sensitivity analysis) Lﬁamﬁﬁﬂ{]qumﬁ’uﬁuﬁmmsauﬁw%’uuﬁias‘uumfﬂaa
fiftamitauladnu

nanlasaguiie sidoiiasjuiudnyimiledeiinadeyssansnmuessanadiiunisman
nvauisiazUszian MntuazinUssgndnsiiesgimndludunld Wednwmnvesmnsiined
fimnzaudmivdanasiumamanzauuaazsia Tnedidomeanieimaildazannsmnagudy
msd§agy dafldasnsmhluldlfednaazmnsanga niuidorsinausinaalunisuiuums
yhasusavdanedfunismeanga Wunsusulassadrssnilndidos msuFungmisunuil ms
Uungmsmgaiudu uazn1sUiuasnsdiuaanasinstdendmngay dudu wielidanesiuudas
Uszian ansavnanildenaiissansnmanndeiu lihandu luwdvesdnmarudilumsgudmend
wingan (Rate of convergence) saullUits MsBruuHLUNIIAABTIINEaRTInMATRRRINRAY
nalszms wildananasedaihivdifyniaatd ndenvhnmsusudsslassasianmsinuvesdanesi
MsmAINZaL LAz sEATILEY favriinisisuiieulssAnsnanesdaneifulssineneg e
favuasiRuun s eaesiia sty deuwnmalunisdentd Sanadfiufivmnnsaudmivusasym

MINUNINISSINSSI/d1saEumA (Information) TitReadas

AMIIaDINTSNAABWNEABLTNABS (Computer simulated experiments: CSE) legminanld
atauwsvaetioAnyigUuuvtesssuuiimndudeunasbisansovhnimaasmanigain (Physical
experiment) Walulgl Sacks et al. [31] Menuinarililunszuiunisiiasinimeassneneufiines
sinagldinanunuunn Wy nssiassrenfiameslusudunsastiaanseiadenalinanduiulunism
duwseanuivs 1 A sihuilellunisanigmiiiiagu Saldinslinguinisetfdanliluonudu
CSE  @aUsnaudienmsasaununisnaassiimiizaniuuaaiavedasiulaiaiing (Optimal Latin
hypercube design: OLHD) wagmisviniundanuunadadialiluniswensel Imamﬁ%‘aﬁ}éﬁﬁmmﬁu
AnyiiEmsadausinisnaaosfionnzauuie oLHD weldlu CSE s Simpson et al. [34] szyl¥i
uadgRldan CSE asiidnunsidiuiuy Deterministic Wuite mavnavaaesiimduusthiineios
AeliAnAfuUsoeniinsiiaue Saasiuldin nsvihgn (Replicate) a¢laifinuAeadosty CSE ot
mMynauRunIeaesduiaiufionszaregamaasslivhiciglivesnisnaass (Space filling design) s
wnitgn Gaunumsnaassildodiaunsuatslu CSE - Ao wnunisvaassuuvasfulawaifad (Latin
hypercube design: LHD) %auwuﬂ131qﬂaaqﬁqnﬁﬂtﬁua‘lmEJ Mckay et al. [23] Tul a.a.1979 quidnuole
FLFAYIDIUHUNTVAABILUY LHD ﬁﬂqmmmaamﬂﬂ‘mwhjﬁmiﬁuﬁa‘uﬁ‘uL:‘jamamw (Projection) 91NU
azfifvesiuaidila 9 uwunsveaesuuy LHD Aslinsng X ausenauludie nuad uasd redul
ile nfesuiuiy (Raveass) luwnunsvaaes waz ¢ Aodnnududsidilutuunsmaass M3

oM o ﬂJ
LHUNINAaDALUY LHD @Iy lansaunsn (9.1)

A §
__¥ i
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o o w a4 a e | ey o
e 7z; Wudaviiinninmsaduiiavuuvduildainnisusnuasiuuiengy (Uniform - distribution)
01 G e Ugdimswanuwaauy U0, 1]FlumadfUR nsade LHD awnsavillaenis

Fuidsunuudy (Random permutation) daw 1 & »luustazaeding 9nduidiavildanniame
d poduthnmnnddstuduanindrommunavanes X diimsigihlinanszavvesudasyn
noassasiululaody uaghiansoiusesldinmsnssauvosgaasiniaigiiveanisaasmioli 4
annsafisanldannguil 2

8] T X 8 ] ¥
% X
-
84 X E- x
X x
¢ 8 X g 8
2 o2 X
x x
9 X 8 X
o
X X
§_ x 8 X
! T |‘- ¥ 3 e B | TR\ W R WO G ScsnEoacht MMOiRGGosoDo D
909 s b 013 A 000 028 050 075 100
x b
a
(a) (b)

AN 2 UEAAIUEIUNTTNAGDY 9% 2 LHD wuugy

23U 2(a) spwiulddasunsmaas Uy LHD 7ildannsguanisnistheiulifiguandaig
FovanmanTRddaann dugUi 2b) wiasiinuadRiiTusiasiiuldiiusiuiivesiniveants
naas (Design space) o199zliignd15a9ild iloviinisnszansganaansbimigiivesnmaass
Unidulauszgnalidaneifiunisdudu (Search  algorithm) — arugiuinasilunIsi@ananninzay
(Optimality criteria) L“Ffaﬁ%"mmemimamﬁmmamLLazﬁﬂmmJﬂ'ﬁmwmﬁuLﬁnﬂ%qﬁuam%@ﬁgamn
Faitldsreanilunuidsonatetu [9, 11, 12, 13, 16, 17, 18, 19, 24] #as1891u1537 OLHD Huweuns
noaesiisEAvE AR LHIAsAaBaLUY Simple random sequence ¥ 9 T udvaiin1IAumY
uHunsAaeY LHD fivaangay wis  OLHD tuldldiesite Inowwizodisidlunsaiifidvesununis
naaosdivuanlwaliu (5, 15, 25, 20, 38) fatiaudimesAdenldauenisaausunismaasuuy
OLHD Tneldsanesiumsiuduniugiunmsidandnmmngan 1wy nsdumununsmaassiunzay
Tneld8anesiunsdufumugiuinasilunsidendiuanzaniuldgninaus waneds iy Morrs
and Mitchell [25] léWamndana3fiu Simulated annealing (SA) naldinaud b 91 Li and Wu

[20] Wiausmsdumunumsnaassiunsauiigalaelddaneifin cP aneldinusi Integrated mean
square error (IMSE) uag innusitdulnsii (Entropy criteria) #iosn Jin et al. [15] lddaudasdanaina
FIannswuugy (Fnhanced  stochastic evolutionary  algorithm) ilavhmsdumununsnaaesi
anzanlnefionsunaeiiiaInateity tnast Maximin distance LAt by wazineust Entropy Tudl

finu Liefvendahl and Stocki [21] Uszgnddane3fiuuuuiaiuin (Genetic algorithm: GA) Liiavinns
Auvusunsnaaetiiiiige nmeldinud ¢, uas LA Maximin - 91097U398989 Rungrattanaubol

and Na-udom [30] ldviamsiSeuiileutszaninvues SA uaz GA lundvasanudalunisgiingand
Winwdy (Rate of convergence) WaswUN SA @unsevinauladindl GA ieunnnsdiyasnsfng
wonvnil Joseph and Hung [17] l@uansad1aunun1snaasduuy LHD Tnefinnsainmsi Maximin
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distance uazlnmgl Minimum pair-wise correlation m‘u@:ﬁ’uima‘l%’é’ana'%ﬁuﬁﬁ'muﬁumlmiuax
Wisuiflsunadildiuauidedlasieaulily Mors and Mitchell [25] wudnuseansnimusausuns
maaﬂuL%afuaaﬂmauﬁ’ﬁﬁﬁmmwa q iy 91we9 Cioppa and Lucas [5] lflauadanaiiudmiuaing
wun1sneaes OLHD  wildlwafuilodisusuauisodeunti yananifanuindsihauetun
daIﬁLﬁﬂLLnuﬂﬁwmaadﬁﬁqmauﬁ'ﬁﬁﬁmm'luLLé*ummﬂmﬁmﬁuﬂ%qﬂLtazqmauﬁ’ﬁﬁqﬁg&mﬂ 9Nt
Steinberg [35] L@UBNITINUHUNTNAADILUY Orthogonal LHD Tagwenenailranduiusszuing
efnivesurunInaassiidniosiign duiumsversnuitiauelilu Ye [(37] wovildannseaiie
WU sveaaaRtiAlmalIulE dan Prescott [29] t@uensasiaununsAaaauy LHD #ifian pair-wise
correlation Wiy 0 wazfinnsuIauanTRfinaiinudiusivaauaiRnadudnigivieli
athslsinadadifnvesddeduiliedsnsiinaveansavildiavinsdiifvesilymanadn
winfu ludhuvesmsiauedaneifiiioaiaunumsnaass OLHD annsagldain Grosso et al. [12]
lauedFadrawsunisneasLuy LHD fuunsaulagld lterated Local Search (ILS) Janaitldiwuinisns
fananansevilafilewssufisuiumuiauelilu Moris and Mitchell [25] uagamuwes Jin et al.
[15]

yndingnndradu azuiuldmaiannisnisausunisnaassuuy OLHD firasuiivedia
81 Falasamsidoiivsiunsuaunaudoruuasfadosueinismununisnaassuuvdnnisivadouas
nslisanesfunsduiuddasiu uaguszgndlivdnnisued lterated Local Search unaheialile
Fano3uitannsavinuldediisz@ninanniu venanil nsiinndinadestunaznismumy
mideiliieades nuiiEmafumuunIeassiunzaudanandnedy ldgnianldednaunsuaslu
i CSE wighiidedinaguin 1w assuiunsiuduldnaisnunenn wasunnsdnsduauli
amnsaAUMLILANS NAaaTiINZauiu Global optimum 1# Tnowarnzesduilefifvestaym (n
waz 4) sl wafldiinsinummandlonazd fud plisanefiummariannsavienldegdl
YsAvdnmaniu Tnsnisuiuusadeulueg 4 spwhensdumuEuNSIRRDITmNyan Faiueade
5%435@L13’14ﬁ%1’7@1!14wé’aﬂa%ﬁ;;miﬁuﬁuﬁﬁﬂwﬁw%mmmﬂé\ﬁjluﬁiaa%’wnu,m‘1mﬁ‘ﬁwﬂaasﬁmmsanﬁm%’u
CSE uumanawns LHD %38 OLHD  Taswfunisufunalnniglunseuiunisdudu iy ngaisunud
(Replacement rule) ngnswaaduAn (Stopping rule) tudy Fanaiildanlassnsidudiunsduasgn
ﬁﬁlﬂﬂiSQﬂﬁﬂlﬁﬂ%ﬂﬁl‘Umi'JNLLN1Jﬂ1§Wﬂﬁ9QﬁWUﬂW‘§LL8n‘1§’lﬁ‘u@@r1mm§1Lﬁﬂ‘ﬁ%ﬂiﬂﬂﬂﬂ’li%ﬁﬂﬂﬂﬂbﬁl‘:ﬂ’l’m
SailosenIa I Mas N ITEINANAIETIAINS 3R SIMTINEIAENIZIRNINA IR UATIMD

ngusasnuaIn1iive
1. derhiauesanesiumsauduiiiuszans nnlumsadaununsnaaasd
Wisngaudsu CSE
2. iaauanumslumsuiuusmaiauesdanesiumsduduliiivssdnsam
wazBanguaansilldng
3, fiethunumsaasamngauildaindanesiunsaudululdiiunissiass
MEATUIAINTTULATL
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Ustlemifiaandnegldiu

1. mAduienslininiensaiaunummaasslaglddanesiunsduduiiiussansamenn
feiunavannsaldonildietu uavadlddoagilmi 4 Aeafumsmsairumimsnaaesdi
fifveatgmilnatu

2. fhlinsuisnnensUsuAniwes i desiusanesiunsduduiieliaino
vauldeghaiiuszansanmenna

3. fanndneninidelulasinisuasndanaruiiionfinsilunsaisssfuuiunei - 1w
Journal of Statistical Planning and Inference %38 Journal of global optimization it

4. ynlfifaausniielun1svinise seuiainddedeinaugianssudians aminends
waluladwsgasundmszuasimile lay 5A.05. TuNINT HAINTNA LazdnITE9In
aInendeusmsiiamaiaunaiseeteaiiadlueuian

YDULIANISIL

Tasansideiiiunisfnudesinuesununisnaassiildediaunsvarsluaudiunisdiasins
yaeIdaEReNTLeS Y8 CSE Mntazrhmauiulssdedatamaniudelinszuaunsnunumaass
dwmiu CSE fisAnBnivenngsiu uenaniideiliagusrasdlunisugnaueutavesnisiinuising 4 7
spanliluenansiiiondos tomdeasulmi 4 uluisnisiniaueinsini 9 dieliaansoraue
NAaBINRBIY Wioad1atesdasiiusyAns nmurinfy Lm'amwmli’mulﬁdwUﬂiwauﬁuﬁﬁagjuﬁq
Tasen1533e i siiunisifaan1saiuaunIsnaassfitnnzatuuAa1a e LHD laonisnannanu
LIARveWmaNNS AR aLa e anasTunTIAUAILINAeiY azUiunalnnisvieuresdanaifuns
Auslviusyans nvann s ulaefinnsanannadwsildannnisansdarumsainneldnanuananaiy
Faswandunso Uil

1) UssLnnauaauainisnngey
1.1) LHUNISVARAINANIBAIMLUUANY 191 tisadutuauvlavalsea (Fractional
factorial design: FFD) urunIsvaaadiuy Central composite design (CCD)
wuuane tuen
1.2) WHURNINAaBILUY LHD Useinveng 9 i Orthogonal LHD, Symmetric LHD

2) UssLnnaessaneifinnsduauy
2.1) Columnwise-pairwise algorithm (CP)
2.2) Simulated annealing algorithm (SA)
2.3) lterated Local Search (ILS)

3) nuFnsidena fiszaign
3.1) Maximin distance criterion
3.2) ¢, criterion

3.3) Minimum pair-wise correlation
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1) Anvuazduaimguiesnamidoiiodes

2) ahausunsnaassiivanzanlasldisnsivadauazisnsussnmuimedanasiuniin
AN E

3) UUismammuaaidady nnsunud wazmsYATesn e s aveaday
danasfunsduny

a) WannUsunsy R Wedassnsaitigmian 4

5) fultsunsudlefiusiusadeyn uagihmsdienesitoyaiiemdoas

6) ajUnauasIavitunaiefTiuieuns
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UNN 3

AsANHUNSIY

Tuuniifideaznaniaiinmaiandaneiiunsduiuuuudlnuaaindaian lasldnw R

i EJ = ar s a (=) = 1 1
Usgnaudensuanidsuandn msusulsadanediiunmsdudunsuszdiuar P, wuulv uagnis
AnsigingnisvgaduAuTitnnyeay

n'l‘SLLanuJﬁ‘éluﬂSJ'l‘?lﬂ (Element exchange operation)

msasaununisaaedin Xepy AlndiAsafuuiunsvaasstiagiu X Taolduundnan
Ufjuinsidsaaaunl (Column - wise operations) tnauslag Li and Wu (1997) 3815 ﬁat;imamﬂé"au
andnluredini@ k uazuan?t a vay b fansuansuandniasinliununisvaaes Xtry Bin3
anasiAves LHD uaziidadifeviliannsoldisussdiua €y wuulmidmiviaunismaas KXiry 16
aghaiilseangnm Uin, et al., 2005) feghamsuaniasuandnuaaslunim 9

- 0 0.1257 - 0 - 0.1257
0.25 0.25 0.25 0.25
0.375 0.375 0.375 “@5\
0.5 0.625| 0.5 0.625
0.625 0 | :> 0. 625 0
0.75 0.5 | 045, 03%5
0.875 0.875] 0. 8 0.875
1 0.75 | 1 0.75
L0125 1 L0.125 1/ £

AN 3 N1SHaNUREUENITNVDILHUNITNAGDILUY LHD Uu1n 9 x 2

o = 3, b = 6 nuEuNTaasssuny

8 5/ L2 3 fsj tﬂl =1

(Budneiia) andnluaouduifi 2 w3 f 0.375 %QﬂaawmuauwnLuﬂauauum 2 U0V 6 A9 0.5
ﬂJ [ [ £ 73 rl

wWasuluuwaunisveasslui (@uainiie)

2N 9 LLdQ’IQﬂ’ﬁLLE‘ﬂLU’iEmE{“ﬂ'UﬂI@El}J

msiuUsEangamdanasiiunisadudu
ﬂﬁii’]‘nquﬁﬁﬁasjmiJ%’U’l*ﬁlﬁaLﬁwsvﬁmﬁmmmé’aﬂ@%ﬁmm‘sﬁuﬁu wiunIUFUUTaIMs
Fumuuudanguielinsdumuaunsnaassdmsy CSE fiuszansnmanniu
1. Modified simulated anneating (Thamma, et al,, 2008)
MSARILBaNd37N Modified simulated annealing (MSA) ‘UUI@EJI‘HG]']LLU&H”IEW R wialdly
msﬂumLermswmaaqawsu CSE fanm 11 annsaesuiiunsumsauarismssmsiines

LSMG}UWQ‘IJ
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X -0 0.1257
57 ' 025 0.25
% 0.375 0.375
% &1 - x 05 0.625
X ::> 0.625 0
8 X .75 0.5
% 0.875 0.875
g | < 1 0.75
A < E N T A L0.126 1 -

A 40 NSEFIURUNTIINAADILUY LHD BUAuIUIA 9 X 2

Sunoudi 1 a1amumsaaeEudy Ay Imam‘sﬁm‘%‘mﬁ’uLU?auﬁwﬁ%ﬂﬂ‘lﬁmaaﬁmmslu
WHUNSVIAABINLNENNISYBY LHD fanaw 10 Tienduuaunisveaastiagtu X way viamsduin
uaumsnaaes X Widuiennsmaaosiiiign Best so fa) Xp e = X ialddmsuioudioudu
weumsnaaoslnl X ey, wazdernfimesEuduldun gouvgil ¢ filuiioumsiimesmugua
AUNIANIRABUDITEIENITTNIgAYNATBLAINIAaRY X ¢ail SrunUsUMIEUHLINISIRaes
i 1 T Fenilaedonnaifissefiannsavlidaneiiiu MSA naamansmeawmasasild e 1.,
nﬂmqmmummwaan MuUsun luueunismeasaiia 1000 dmsusuiudandsisnninviewiiu 6
wag 500 dwmTusnouiusdand 7 iy onTdudmivanguugil ¢, < 095 wialinsan
govgll t lunszuaunisiuniullagnedng dmadiseanisvenivuruntimeasdlmi tol = 0.0001
Feannsinuiuii tol deafuluazyintisanasiin msa Mnanlunnsviauuuduuslaivinline
Laaﬂﬁlﬁﬁﬁu

Funaud 2 dsrnmiinesdmu asrvdeumsneadun flag = FALSE was
i =1

Fumouil 3 airaununisnaasdln Xtr‘y ImﬂmiajuLLaﬂLUéiﬁmaz.JﬁﬂIuﬂaé’uﬁ k 24
wuminaaes X gy © Xep ) Mam g

Fumaudl 4 Ussifiuaiteiduinguszad P, vousunnass X uaz Xppy, iiesadule

F9zgauiu (Accept) unun1snnaes X ¢y wnuiinsunivaass X vielinaauns (10)

¢, (X)) — 2, (¥,,.) = tol

Tne tol = 0.0001 vieseuSuununmaaes X,y aueaniosiiuluainis
_ [‘?":‘; l'_;{t }-);) _‘.'".\,,.J JY)
€

£
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Y 7 ) { | y = w = ' Y
dunumIvnans Xty gnosusumuisululadeulonisieatdeuan flag = TRUE uin

= = 7 ar 5 et el F i2 i r -
Wisuieunsumanaaes Xepy funrumsmaaediiingn Xpeg 01 Py (A t.,.._),) o
Py (}&begt} wiagimsuitnuumnaaes Xepy Wuwunsmeaoddign Xpese = Xepy

Sumeui 5 funsumaenasuiinduludiiunoud 3 Snafseunsusnuseusindu iy,
wardinsangaumgiiasdaeaunms t = t * ¢;

Suneudl 6 fumeunisauasugndulutuneud 2 sundanduluaadeulunsmes
vawwesdaneiiu flag = FALSE Juad
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C o )

Initialization
X-'-XQ‘XH,; =X
And sett, i, C,

v

i=1
£ flag = FALSE
Construct X, by
>

&

No

element exchange

_~"Reach max ™. _
P Tries for this P
> temperature -~

FRE) iy eV

. L

g
! Yes
Y AL
Decrease

|
} temperature
I

-z oy i

Check stopping rule
flag = FALSE ?

vV

( Stopping
N

ecide accept new Yes
design ?
f(X) f(X,,,}>m!
/ \
el Yes Replace current design
~ ) . \_ vi ;
" Random(0, 1) < e { f{Xtey - fX) I/t > 1 with ne_v;(desxgn
‘-“\ ‘,/ (X“‘ Uy)
™ e = flog = TRUE
‘\\\ ’/_/
No
No " New design is
. i=i+l % - — = 05 improving ?
= T S < f(Keew)
X
\'*.

[ ‘ ‘ Replace best design
1 i=1 ‘4 1 with new design
[XEH: Xu;-)

AN 5 Modified simulated annealing algorithm flowchart
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2. Enhancement of enhanced stochastic evolutionary

fanas#iu Enhancement of enhanced stochastic evolutionary Wandulaglddia

waniw R @uieany MSA

Start inner loop

Parameters setting
i=0,j=0
nc(p( o DJ na’mp =0

Construct set of Xy, by
enhancement process
discussed in step 2

&
s

i,

//
P

\'x.

No

v

e

o

2 ) -fx)s N
\ ~<_Ti*Random(0, 1)

| | Stopping
i=i+1 o . -
T i>Morj>Chpa

l
//;\\

design ?

P

N~ i) 2 10,
o

il
il
.

T" No
) Bt

M
-

| No

|

/v\
-

NG

N
“
? \

L

DE

Gnd Inner loop )

AT 7 Enhancement of enhanced stochastic evolutionary flowchart (Qﬁu)

_~Decide accept ne}\ Yes

Yes

]
|
|
Replace current design
with new design

—
ﬂ‘ (X: Xlry}
Macpr = Nacpe + 1
X
f//- )
No Yy \

- —
-7 Newdesignis ™~

; improving ?
y . \_ﬂxm‘l‘ < f(Xpest)
S

~

1
)-8

|
Yes ‘
Replace best design
with new design

¥E

A

(Xbu( = XU})
Nimp = Niep + 1

I3y lavinin MESE NN UaIsanaI N MSA Mineuslag Thamma, et al.

(2008) fla @nwBFIBNTAUNILUULANIEA SN UTDRAI839aNa371U Enhanced stochastic evolutionary
- = o . = 4w oa v P ' @ = i A
(ESE) minauslae Jin, et al. (2005) @lgadursluluuni 2 ludiuvasnszsurunmsaunidangs v

o o < 5 W s" - 1] = G‘J V o cj

dannsnusuiies wazidennizuiunsaumls uasfinfuludwroimsiessiteulunisvgavinanui
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mnzadnly e linsdumuaunsaassdmiumsassmnaaeasoaenifamesiussansnm
inni Tnelassaihauesdaneiin MESE Ussnaudensvininu 2 gudeuiu dudentu ESE mavhe
gUludunssuunsdumifleasraununisvaasdl Xy, fanm 12 aansossuistunsumsyinny
el

nalnvasgulu (inner loop)

nsvinmvesguly lnientedvesdaneiinu MSA mnuszgndlilunisainusunisnaaedln

Aty madndilasanivusnsvaass X, i'mﬁqf&'auqummiﬁwmuqﬂh Inoguluagiinig
yhamnudiavan M sou visongaiiaunummaass X try 1A Xpese Aaf0fu Copyau 50U
Fumouii 1 rowdhgmavihauguludosdimsvhaniluduvesguuendnseunauatio ms
a$aununsvnaeaiidu X, wasdhgmaiavesguisiriiiduresnsiines
L = 0ifgept = 0, N = 0 e G
sumauil 2 aaununismean Tusl Xipy lnol#iBnsvesdaneiiin MSA Fasiravilvildinan
Tunsadausunisnaaeaiopas wastaumsmaassiildnasaunisiegulunasuwadulainn
(uansramsiouiiouludauuasianisise) lasiidunsunsianiuaensigninsanssesians
fnlldsail
neviausmsdumlaonisuivismsasinduueurumsnaaadini Xepp andudiguadne
wun1svaaesibigriuso J uuu lnewasuldismsaismunanaaesnuuuuresdanaiiiu MSA
fumagseunsuanwasuaninidudaszderiu danmn 13 villiasnsadeanszesnanlunsaine
wHumIAaRIdsasUld il

F,‘_rlmn = Xuy "
c=0 |
! Construct Xuy temp by 1
i s —>p element exchange
Construct set of X, by Bin column (i med d)
randomly pick J distinct S
element-exchange in Enhancement

column (i mod d)

‘

Choose best design X,
from set of new design

.

Yes T
B Kiy FXey_teme

A 8 Mavimun3sadranunmanssiviluduneuil 2 vesgulu
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19 nA, ’Dbﬁ

sort) ﬂﬁ']’)ﬂﬂ ﬂ'ﬁL'iEN‘Ua‘JJaGNWBﬁﬂJﬂ'l'§U'1‘i}E]§Jaﬂ\1tLﬂﬂ'lﬂUﬂ 1 wmmmum n L"LJ'S?JULVIEJUHU‘UBSJ&IU !

mrsammaua n ‘Uanamuﬂ’nuﬁuwﬂum‘iﬂ’lmm (Computatlon complexity) Wiy O(TIZ) Tu
MU RN ‘mﬂﬂiwmmiﬁu GIENﬁJﬂ']’im’i’lﬂﬁau%"ﬁﬂuﬂ']‘iﬂmmll,ﬂ’ﬂauaﬂu'ﬂﬂLLﬁ’ﬂUB’]Li&’J (Array)
visolaidail

7 @A
m‘sauﬂiw 1 mwaaunwaualu 258 0 ﬂi\‘i 91,
miﬁmiqw 2 mnaamwaua’lu a5 1 ﬂ‘;:i AR
ANMLAS
255,

mammwj — 1 avasuivdoyaly ousd | — 2 aty
msqmam} nsavaevivteyalu anad j — 1 adq
nndsmsgu nlgnanuvilvidinanduden Tunisenuwingu

()1 (n — 1)) O(n 2) 55&“1%’na1muLﬁmwmmwmaaw%aﬁwuaums%’uu"ﬁlumﬂ‘ﬁu usi
AMSUITNTATUNUNITNARDAVDY MSA T3 museuiieaiisuunsnaassiaemawantasy
gndnduan j sou uiasseuilanuddszeaniy mmmlﬂaﬁmaLm‘Lumwawumaumﬁmmu'um
danaiiiu MSA dx‘i fnududen Tumssuaauiiy O () winu

Sunoui 3 msnnaulagauiuiHuNMAFDA Axky

msWaun s mMssansuLHunTNaD. X gy Nndufsensutrumsnasy Xy &

P, (_X ¢ ?’)’) < R (X)) wdo vavniusenmniasdunmanns (13) lagnsuiulldisnsdatule
pouSULHUNSYINaD e MSA FevinlifaunisTuniseessuumumennans X, Simnuasinintdosas
il

5 F L \eh V d . o
@, (X) = Py (Xery ) = tol
yie gausuMeA LAt uanLdLInNS

b, (X) -, (X) =Ty > random(0,1
2 t D R
e random(0,1) flafdudmsuduiasdnnuedsiiinsnszaauuuengl(Uniform) seuing

(0, 1) wazfien Naept = Nacpt T 1 dlawsmnimaans Xt.r_.,.- QNBBUTU
Punauit 4 Wisuiisunaumsnaans X g, funnun1Taaeinnan X pace tazd
fnin Xpoop  fogimstuiindn Xpese = Xery 008 Nimp = Nimp =+ 1
Sunouit 5 mansraauioulumsvgavha

) a 9 q & < & ' o o
mswanisnseeusuurumaassludunaui 3 Wy annsatisandnuTBuNIINNUgY
hilaefenilumugiunmafiudoulansngadlulungmngaduduvesgulutuaeui 5 Gunsmi
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Feulvlateuluvildingamsiau fe { > M dalumsidoasaillidan M = 2(2)({/ 7 usidian

Y ra <q ¥ o = Qf 5 & 1 = 4 os o

Litiu 100 w38 | == Cpar WMsHeasailion Cpar = 10d + 10 Fanslddinszvima
5 <4 + - ' = \ el.; o = 1 M [ 4

R332 (Logical operator) #38 (o) u¥BuszItRaulun Mgavamsaasdsuluing1aly il

annsowdlaleinssumsviinuvesgulussbiviutuaindanesiia ESE wWupenauiuen

Start outer loop

1
Y

Initialization
X=X0, Xbest =X
Th =ThO, M.,

v

Track best design
Kot best = Xpest
Xg.’o—:-JLbe!t: xbe](

Inner loop

X

7 ™~

il e

o T
—~Decide way to update™__

No

<L threshold 2
\\fg{(o.’a_b::r) - f{Xses) ;'L‘j}"')-
\\ -'/,,/

r

l Yes

flagiy,=1
Update Tpon
improving
process

-
,Gﬂjhal best design is.
<\ improving ? o
\f(xt*fs!) <f(xg'azf;;/::), Yes

-
e

T

No

fovf = loyt

No
ESE stopping rule

I, A

|
l

ﬂag-"mp =0
Update T,on
exploration
process

Replace global best
design with new best
design
{Xg’ot-:.Lbes‘: Xb(ﬂ)

Jor =1

or iDu( > MO‘J[
M, ,/
r Yes

o

End outer loop
R F4

A% 9 Enhancement of enhanced stochastic evolutionary flowchart (guuen)
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nalnuasguuen (Outer loop)

msvihuvssguuendunsiiedefiveansimiuuuidangu (Global search) vasdanaiviy
ESE anld guusnvimithilmaununszuaumsdumninemsuiusmsiiwesauan T}, dduneuibudiu
msvhnuvesdanaiudr T), ssgnislilioh enamiluduassiunountsvia) ndsniuazgn
Usualumnszuumsdumdaudaldidu 2 nadl fe dusunsmaassilimdininsunmsiauvesgy
'Lu‘[uiauﬂﬂqﬂ'uﬁ*ﬁuijaLﬁﬂUﬁusauriamﬂﬁ"ms’lﬁ%‘m‘iﬁumuuuﬂ%’wia (Improving process) iUy
urunsvaaesliiinmaLTRRAB Ty u,aut'humunﬁvmaa\aﬁlﬁwé’w1nﬁmmsv‘a"mu=uaaa1ﬂu’lusaui]%ﬁ’u
Liftuilaeuivseunountihagldnmadumuuuding (Exploration process) fanseiidutofves ESE
wmmmUﬂmﬁmwﬂuaﬂuaﬂ m'mwm‘luaﬂuaﬂmuﬂaumu

Funaudl 1 asraumunaaeEudy X g Warduueumsnaasstagdu X = Xy Tuiin
weunnaesiianan Xy = X uaz damussiauusaavaududu Ty, Tuneuusnaslifosq
dunns (14)

T = The = 0.005 X &,(X,) (14)

Jumauil 2 Suiinusumsvaassiaiiganouthgnisitnugylu Kold_best = Apast e
I%LU"S?EJULﬁEJUﬁULLr-mﬂ’lswmaaaﬁﬁﬁaamwumsmmumﬂu disldnsrvaeutioulunmsidennssuiunis
AL LLazﬁuﬁmwumwmaaaﬁmwaﬂmnau Fftabal best = Abed)

Funeuil 3 mnﬁmiw’mulumufw@aﬂhmmﬁmm'immumm INAU (Return) 1 X, oct e
Mludunousely

Junaudt 4 msdennszunumsdumiaen1snam LGy aukeulavesaunis

=

Suneuil 5 arvasuiuuunInaast Xpec dnuaudAiing ?\ o lobal_best WiBhinl

~

rast b

duns By, (}('b.cfst, < ¢, ngg@bﬁg_best ) dfindnfiviinsunuiiuga iuen
iout = i-o-ut +1 . .

nssuaumsUiuen T, vanuawdlouiu ESE (1w 7 uagnw 8) Tnanunsnasungladsil

mIfuvLUUUSUUR (Improving process) (f lagimy = 1) mausum 1), Sty
Snsrdan Ngepe /M uasdnsrdm Rypy /M pideuladsil

1. Ty, szanasnuaunts Ty, = @y * Ty, §dasdm Naepe /M = 10% oz
BRI n.f_mp ,"'fl.’f < 'f'l.ac.ptj" M

2. Ty, s¢hivasuwasindnsdn Naepe /M = 10%  uaz dadi Nyp /M =
Naept | M

3. wonwevndeaieulunsnasvinisidian Ty, amdunts Ty, = T/ lasanddei
Avualv ¢y = 0.8 uaz 0 << @; < 1 Uin, et al, 2005)
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MIAUNILUUEIT9 (Exploration process) (flagfm_p = 0) nsUsum T, aediiiug

aguUTILBIATEN Ngepe /M 1 aueuludsil

1. T SHTENEHREE T, =Ty/a; 61 Ngepe /M < 10%
nseis Naepe /M = 80%

2 Ty ANAIANUANNIT Ty = Ty = tty 61 Nggpe /M = 80%
IUNTENA Nacpe /M < 10% Tasdinuald @, = 0.9,a3 = 0.7 Lay

0 < (U < (3 < 1 Uin, et al,, 2005)
funaudl 6 arvdeuidouluniangmiheuues MESE
mumauurpaalmwwmswwmimEJm'iLmJLaauL‘umiwqmﬁﬂ‘lﬂﬁn 1 Feulalungnisngndudu
g1 ESE hanilisanadilidesairausunsnaasdiiasuamsiuiuseunmsianida i Pp 0

msvnnuees MESE Lufdududnunatsq seufaiu (nm 14)

nsasudBnnsusaiiugauandfusunisnaas (Re - calculate Pp)
= . y < ) 4 v aad '
aswaniUasuain@naaaununsnaaes X ieaiauaun1imaany X, seddananivly
aoud annsaldisnisusuiiva 2, wulnidsdinaviili@annsadivanszvziailumsaiuan 31ney
Ansusediua D, foslinszuiun1Iasil
P, innsimsidananmzanfiiauslay Morrs and Mitchell (1995) Fafuuganan

=

Maximin distance dwiulrunsnaast X sgoemeseninagannassuudininiimaaswuwuugaan
(Euclidean distance) d@nunsanilagldainis (16)

[T

Wednannseuznasyninsgaynalununisneaestadouegluzluosmindan iz
D = [die ] «n WihnsBusszeymessmirsgansmaantosliin (dy, dy, ..., dy,) wes
afradivil (Index) (Ji, J25 voos Jos Jj ) AD SM0uT83¢ATIMUIRLTEEE NS d; wnaeinisidondn

I El Qf’.p annsamualaanaunis (17)

sl o v ckr) 4 1o i b z -j‘ I = R 8s
’Jﬁm‘imu’}mlﬂﬁ’]ﬂfﬂ‘lﬂﬂﬂle’]ﬂ’]‘ = 13 (18) Galagyluuaiununisnaananuy

LHD fimanzasfausunsnnassningn 4, uasmejm

] 1-s

H

)

H

v

o . Y

]..\
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= el =S ' @ . & o v &
FaaglFsmsusydiuan Cﬁp AEUNT (18) AutsumMIneant Xy winil wwunsnaaesiasiiu
wa39nil [snseana Uil
=y 1 cp 1 o ‘J = 7 ci ¥
nsusediua Dy wuulml vasnmsuanlasuaniinvesuanunisneass X Tuwadd
. YRt a & = P = . o & . 7
waz i vosnedud k uming D asiasuudaadivundit I; uag [, uagaadin i uag I, winiu
dwmiunng 1 < J << nuaz | % iy, 1, dmuald

o y t t

sCiy, i, k,j) = ‘lf.zk - xjkl - 1»\’»1',1& — Xk

o ! P ) <l a oo . v &
‘ﬁ'ﬂk{]uﬁﬂﬂ'ﬁuﬂu33ﬂﬁ‘ﬂq-fl'iS‘WTNQQW]L'lJﬁEJU"L‘L"ﬁﬂ\‘l"ﬂ']ﬂﬂ']iLLaﬂLTJaEJ1JﬁJJ'1‘UﬂLLﬂ'Jﬂ l‘l LWay 1.2 UYaimaalil
k Twamdng D wazl

11.
di ;=g e Y QNN

Tuveafiennu

1/
g1 N9 Ta| oE A . it
. ) d‘iE.-ll 5= d;'i-; == [CIIE.} 1 SCI‘]_, 1.2, }\,j)]

RIN Cfilj Las Ufj j ?WU‘ﬁ%UEﬁVI'Nﬁ:’:Vf'J'N"\%WL‘ViEJ‘Vl'ﬂg’:QH‘lJ'ILULL‘VIUVI?%UﬁVI'I\‘l?fb‘l’n'mﬂq(ﬂl.mﬁﬂu D LLE99
Amnama D, wuulmi lagldszermassninaefiasudadlundanisuanideudandn dus P,

WWunaunIsLanlasusaundnaaaunis (22)

™|

= ] .

I+ Z[(d;lj)m‘v L) (0)_“]

=1
n

+ Y =) *]

L j:l o

Tooit j # iy, iy waz £ Dudunufiuuin
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uni 4

NANISIY

domluunil azndnBakunsnaassfianzauitadeansanesitunisduduininausn
wavun TgazuaninsSouiioulssans mnaesdanesiiunisaudu TnsuwiamsiSsuisudiuasdo
Ao Wiguigvludiuvesnuantiveununisnaasd (Accuracy) Aian15ANTIAT 2, YDILHUNNT
wmaaaﬁmmsamﬁaguqﬂmsﬁwm*ua&é’ana%ﬁu wazIsulitsuluduvesnaildlunisviauues
Fane3iu (Efficiency) aelivinaesununisnnassfiuandieiy

Han1snadaulasiUssunigy

nMInaaaulsyAns nmwaasanesiumsauduiiaus TnaldisnmsiTeuiisuiudanaii
MSA iaualag Thamma, et al. (2008) TnsnswSoudiouudseeniiu 2 dauseil

WisuitsuguaudRvestunisaaefanisinsansn L, ToalHuN ARz Al
Auganisvianuvasdanesiiu waglddmsaiilunisiissidoyafedieds  andeavunasgu
Agagn waenign uasFoudisunsanaswesd €, dledanesiiidnnuseumsuanudsuandn
fivindu TnenseyhauLEuNIeasITuIn 9 x 2 51 x 5, 201 x 10 Lag 801 x 20

Wisuiiguussansameesdanasiulaslaiiannisvinnuaessdanesfulunisadrauwnunis
naaRefiuIzdl wazuansliiusndunsanateananldlunisiuredane3iy Aeshsdiu
MSA/ESE, MSA/MESE way ESE/MESE

mswIsuiteulssansnnmia 2 dauiinansnnsyinneldvuinvasununisnaaesiuansieiy
Tnewvad doanadn (Small size design) Aiuvsidluligiinmmeanssnnm 2 - 9 fuus uas
Jnymvwalug (Large size desien) Milduusidhluuigiinsnaassdnuau 10 - 15 wag 20 fauds %
PUNAVBIRUNITNATDITHATUAMSH AN TtnaTUesana3 Tl J9dHanTEnUABIIUINTOUNTS
wanuaeuanin uaziiainld

1. wansnadeunvlnmuuiain

LHUNNINARDITIIRANUSIENE U 2 - 9 faus sienrnsiinedamiunnassanesiiull

swesdundail MSA Tuausounisin [y, = 1000 dwivusunisnaassuung 2 - 6 Aauls
Wy Iy, = 200 dwduununmmaassvunin 7 - 9 fuus (Thamma, et at. 2008) @2 ESE uaz
MESE  masnliidruauseuntsviniuguuenie 40 dwiuununisaasuuin 2 - 6 fauvs uaz 20
AMSULHUNITIAEBIUNA 7 - 9 fuls dmsutamsnagaufiuuHuNTAaeIunaln Wisulaiouns
nageudsnsAuminuudiangulunszuiunsfuminuud1sin (Exploration process) ¥ad ESE uay MESE
{999 INLHUNINABBIVIALEN ﬂ'13Lﬁmi"nnu'iaUmfiﬁwmuqﬂuaﬂlﬁﬁu ESE uay MESE (Hunsiiiy
Wialinssuaun1suns ESE uay MESE 1ﬁawmqumaaﬂm‘sﬁummmmumsmmaaqﬁn&mgammu
wvne3adinaviilied Py anaafisadntioowiu
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WiBULBUAMEITAVD HUNITNAADS

1579 3 udasAnARRNugY Aeds (Mean) Avingn (Min) fgegn (Max) uazendo
\Wioauunnsgu (5.0.) vern Py Pnnshaudvesudasdanaditudiui 10 ads wadilddsly
uaunInaaesuin 9 X 2 daneiiiu MSA annsnaianunsaassiiauaninii ESE uaz
MESE Tnglsirn <, WA 4.273 Sasindn MESE uag ESE uasiiiofinnsanardudsavunasgiu
iy 0.000 wanstiFudTluntsvienis 10 aaves MSA unumsnaassitldndsninaunnsyinauli
i P, = 4.27 3 lunngseu dwsuununisuaassnna 51 X 5 danedfiufiaiaununsmaana
finuunwiiigede ESE uas MSA Tnelien @, Tnewduwhiufie 5.422 Fwindn MESE Aunumsnaass
e @, Tnsadowhiude 5.423 egidntes Tnovaudanaifiuiimaudonuunasguiisaiudies
intfay (MSA = 0.004, ESE = 0006 wag MESE = 0.004) Wiy Lasdm3UuHUNMSNARDILIN
163 X 9 Fuduwunimaaesidduundunniigaluilygmivundn ESE fAfeunsoaioununs
noasaiinuaRnATigalnglven Ly Taowaswiiiy 6.309 Gasniian s99a0AB MESE iannsaasia
wmaaaeedilidn Py = 6.042 dahnda Msa Alidr Py = 6.045 dnifes nagI9A
Sanesuiimdrudsavumnasguivhiudlefiorsanimeation 3 dumisde 0.001

aguiflevhnisiarsaniaoninsaudamudn ESE annsaaiiaununsvaasifinuaidiing
MSA waz MESE Aaliien P, Tnowdsfisnndwia MSA was MESE fidnnsaadiauaunsnaassiilien
P&, Indifseiu uazilofinsandrdnudssumnasg Tnonmamudanudnie MSA, ESE wag MESE

fn1snszeretes Taganiviilanauniinaassivuialualudandddiuianisviiausgisned
(Consistency) Tuldaydanainiil

Wisuisudssansnnvesdanasiy

A3 4 tauananIsisuLioulsEanE AU MSA, ESE tay MESE Tnefansan vawildlu
mMsafurunIeassfitenyay (Time) luminedui (Second) FrunuAsvsamsuanasudandn
(#fExchange) uae acsmmunmn"m'immumwmawmm S8 MSA/ESE, MSA/MESE wag
ESE/MESE ﬁNNawmeﬂm‘aw 4 wanaliiugn dusunnunisnaassuun 9 X 2 danediu M[SE 1?1
Lanlumsadiaununisnaa ey ﬁJJIGlEJL’mEJUEJEJVIdNﬂU 2.296 Junit Inoldiaaniesndy ESE 1
aulududuaesiie 3.595 Tunii eguszanm 1.565 Wi uazlipenin MSA ldian 19.993 Fundi uas
lefiasaniuuadinmsuanudsumngn MESE M9nnuaimsuanidsuasndniiiesndn £SE ay
dntipade 5415 was 5,760 amdidudaioondn MSA s nuasanisuanasuaandnluia 47,140
aslumsadannunsvaassiitangay tazsdmsunnunsneassn 51 X 5 dane3ilu MESE fids
annma"{wqLqumiwﬂamﬁmmaaaﬂma‘l{fnaﬁLLazﬁﬂnuﬂ%nwuamﬂﬁa‘uam‘?n‘lmamﬁaﬁfaaﬁa;mﬁa
313.067 3119 Tumsuanwdsueandn 118,950 oy dafosnin £SE Aldianvinfy 550.762 Fundi Tu
MsuaniUaguasndn 150,000 A% uaz MSA fildlaana 751.5040 undt luntsuanildeuandn 212,889
At auddu



A1579 3 uane &, TudeafAnldan MSA, ESE wag MESE vasigyvnaunaian

(o =5 t=2)
LLHDs Algorithm Min Max Mean SD
9x2 MSA 4.273 4.273 4.273 0
ESE 4.273 4,344 4.287 0.029
MESE 4.273 4.344 4.280 0.022
19x3 MSA 4.898 4.938 4.917 0.015
ESE 4.895 4.934 4,913 0.013
MESE 4.898 4.934 4917 0.014
33 x4 MSA 5.204 5214 5.208 0.003
ESE 5.195 5.216 5,206 0.006
MESE 5.205 5.214 5.208 0.003
51 x5 MSA SA07 543 5.422 0.004
ESE 5.415 5.431 5.422 0.006
MESE 5418 5.43 5.423 0.004
73 x 6 MSA 5.585 5.597 5.590 0.003
ESE 5.588 5.595 5.590 0.002
MESE 5.588 5.597 5.591 0.002
Q9O x 7 MSA o 4, 5. [ 5.754 0.002
ESE 5.752 b1 5f 5.754 0.001
MESE 5.755 5,762 5.759 0.002
129 x 8 MSA 5.9 5.904 5.902 0.001
ESE 5.898 5.901 5.900 0
MESE 5.902 5.906 5.904 0.001
163 % 9 MSA 6.043 6.047 6.045 0.001
ESE 6.038 6.042 6.039 0.001
MESE 6.039 6.044 6.042 0.001
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LHDs Algorithm Performance (Average) Time ratio
Time (sec.) #Exchange MSA/ESE MSA/ESEE ESE/MESE

2x9 MSA 19.993 47140
ESE 3.595 5760 5.561 8.707 1.565
MESE 2.296 5415

19 %3 MSA 123.441 133418
ESE 67.74 41040 1.822 3.601 1.976
MESE 34.275 37121

33x4 MSA 351.293 212889
ESE 344,918 126720 1.018 2.129 2.090
MESE 164.972 98580

51 x5 MSA 751.54 284931
ESE 550.762 150000 1.364 2.400 1059
MESE 313.067 118950

3x%x6 MSA 1352.469 351624
ESE 734.981 150000 1.840 2.640 1.434
MESE 2225 130500

99 x 7 MSA 1056.969 194549
ESE 649.427 100000 1.627 2.879 1.769
MESE 367.115 67785

129 x 8 MSA 1496.892 204924
ESE 835.196 100000 1.792 2.585 1.442
MESE 579.057 79310

163 x9  MSA 1987.253 207458
ESE 1084.572 100000 1.832 2.278 1.243
MESE 872.018 88955

apldmiunnunavessesunsaasslulgmuwaiin danasiiy ESE way MESE liduau
afiwsnisuaniasuandnlunsaiaununisaasiosndn MSA iy 50% Heunnunavesilaym s
dwalildinaniosninghe lifiudn ESE uay MESE iiussavBnmmilondt MSA Tunmsu wawdle
fnsnnusuiisusewing ESE way MESE wudh MESE Msmuniilunisuanwasuandntiosndn ESE
danalildinaiosnitlasadeystinm 1.65 villunuuaveaHuN AR
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naaanzasfiamsdiasansmaassieneuiinmeslasuiunsuiuugaussansnmuns Simulate
annealing algorithm wag Stochastic evolutionary algorithm MnaaUsEangnmediisithiEus
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Yarauanuglunmsltinuveidanainudi 9

d3UnanisIe
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annsaaguldsail
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willouiu MSA

2. MESE ilsgAnsnmgandn MSA defiasmidiununmsuanifeuaindn wasiaildly
msiulmih e uag MESE annsnasiununimaaesiilian P, toonin MSA fullgwivinn
Tuay

3. MESE fisz@vtnmgendn ESE iefinrsanidnnunisiuaniUasuandnlullgmunaidn
walutlymauaslng) MESE lignansnadaununisnaassimngeanldlusuausaunsuaniudeuandn
fvfosnin ESE anniin Auiilosnanngasvgeduuliannsoithl MESE ngavialdludnnuseu
nsuaniudsuaindniitogas deanmsdnwmudn Wetymivnelvajununsmeassgaveidluud

gsaumsyinuazliial €, Mfegauasolunng seu aguia MESE ilUszandniwgendn ESE 1dntfen
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1. ﬂfmﬁanﬂa:m’ﬁaamwu‘lﬁwmmﬂmamn’fumiu Symmetric Latin hypercube design
(SLHD) %38 Orthogonal Latin hypercube design (OLHD)
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ganasnudsInusaun s ulag lifivsslovd
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Abstract: Computer simulated experiments (CSE) are ofien
used in science and engineering applications. The nature of
CSE is that time consuming and computationally expensive
to mun.  Normally, the outputl response from computer
simulated experiments is deterministic. Consequently the
space filling designs, which focus on spreading design
points over a design space, arc necessary. Latin hypercube
designs (LHD) are normally practiced in the context of
CSE. The optimal LHD for a given dimension of problem
is constructed by using a search algorithm under a pre-
specified optimality criterion.  Usually this searching
process takes a long time to terminate, especially when the
dimension of the problem is large. This paper proposes the
methods to enhance the performance of search algorithms
which are widely used in the context of CSE. The
comparative studies are employed based on a range of
problems and optimality criteria. The results indicate that
the proposed method can improve the capability of the
search algorithms for construeting the optimal LHD.

Keywords:  Computer  simulated  experiments;  Latin
hypercube designs; simulated annealing  algorithms:
enhanced stochastic evolutionary algorithm; optimality
criteria

I INTRODUCTION

Recently computer simulated experiments (CSE) have
replaced classical experimentis to investigate a physical
complex phenomena, especially when classical (physical)
experiments are not feasible. Tor example, the use of
reservoir simulator to predict ultimate recovery of oil, the
use of finite element codes to predict behavior of metal
structure under stress, and so on[6]. The nature of
computer simulated experiments is deterministic [16, 19];
hence identical settings of input variables always produce
an identical set of output response. Therefore, space {illing
designs that aim to spread the design points over a region of
interest are necessary. The most popular class of space
filling design in the context of computer simulated

Anamai Na-udom

Department of Mathematics, Faculty of Science,
Naresuan University
Phitsanulok, Thailand
anamain@nu.ac.th

experiments is Latin hypercube design (LHD). LHD design
was originally proposed by Mckay and co-workers [11] in
1979. The ultimate goal of selecting the settings of input
variables is to attain the coverage of all design regions of
interest.

As mentioned before that the space filling designs are
preferred in the context of computer simulated experiments.
Space filling designs or the optimal LHD can be
consiructed through combinatorial methods (non-search
algorithm) [2, 20] or searching for a design through search
algorithms [12, 13]. The former method generates design
with good design properties but it is restricted in terms of a
design size. For example methods proposed by Butler [2]
are limited to a design size of a prime number. The lalter
method is based largely on improving design by
exchanging between the pairs of design points. Exchange
algorithms can be time consuming to implement, however,
the generated design are flexible and straightforward. The
CSEs are usually complex and consist of many input
variables to investigate [1]. In this case a large number of
runs are required to estimate the parameters corresponding
to the factors of interest in the model. For example, if the
problem of interest consists of d input variable and #

number of runs, the total number of LHD is (n!)“’.

Obviously this number explodes exponentially as the values
of n and d increase; hence the full space of LHD cannot
be explorcd. In this case we need the search algorithms to
lead us to a good design with respect to an optimality
criterion. The key idea of all existing search algorithms is
to use some kinds of exchange procedures to move towards
the better designs.

The search based approach for selecting a design is
implemented by combining search algorithms and the
optimality criterion [13]. For example, Morris and Mitchell
[12] adopted a version of Simulated Annealing algorithms
(SA) to search for optimal LHDs with respect to qip

criterion. Li and Wu [8] proposed a columnwise-pairwise
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algorithm (CP) with respect to the D efficiency criterion.
It was reported that CP is very simple and easy to
implement. The only parameter required to set as a priori is
the tolerance level («f). Further, CP is able to generate a
good supersaturated design and it can be used along with
various optimality criteria [12). In order to avoid the
problem of convergence and the search being stuck at a
local optimum value, usually multiple search with different
starting points are performed. The best result, among
difterent trials, is selected as optimal design. It should be
noted that for large dimensional problems, CP algorithm
can be time consuming to implement. Ye and his co-
workers [20] adapted CP algorithm to search for symmetric
LHD under various optimality criteria such as entropy and
¢p criteria.  Park [13] proposed a row-wise element

exchange algorithm along with IMSE and entropy criteria.
Leary et al [7] adapted CP and SA algorithms to construct
the optimal designs within the orthogonal-array based Latin
hypercube class by using the ¢, criteria. Jin ct al. [4]

developed an enhanced stochastic evolutionary algorithm
(ESE) to search for the best design considering various
optimality criteria such as a maximin distance criterion, ¢y

criterion and entropy criterion. ESE has received wide
attention from researchers due fo its perfonmance in
constructing the optimal LHD. Liefvendahl and Stocki [10]
applied a version of Genetic algorithm (GA) to search for
the optimal LD considering ¢p and a maximin distance

criterion. A similar work can be found in [9] as the authors
applied GA for constructing maximin designs. Grosso et
al. [3] used the iterated local search algorithm and SA in
constructing the optimal LHD under maximin distance and
¢, criterion. Vianna et al. [18] proposed the algorithm for

fast optimal LHD by using the idea of seed design under
maximin distance and ¢, criterion. Due to the popularity of

SA and ESE along with g‘)p criteria, this paper presents the

efficient method to improve the capability of SA and ESE

under @, criterion. In the following sections we present

details of these search algorithms, followed by the details
of the optimality criteria. The enhancement methods on SA
and ESE are also presented in section III. The results of the
enhancement methods will be presented in the result
section and conclusion will be given in section V
respectively.

I, EXPERIMENTAL DESIGN AND OPTIMALITY
CRITERION

This section presents the details of LHD and the steps of
search algorithms including the enhancement methods to
improve their performance in constructing the optimal
LHD.

A. Latin hypercube design (LHD)

LHD can be constructed based on the idea of
stratified sampling [11] to ensure that all subregions in the
divided input variable space will be sampled with equally
probability. A Latin hypercube sampling has

my —Uy
- y Y
Xy=—"—4 n
n
, where mjj are the elements of an nxd matrix comprising
of  columns 7i(j=L2,K,d) . Each column

Jrj(j:l,Z,K,d) is independent random permutation of
number 1 through # and Ujj are nxd values of

independent Uf0,1] random variables independent of the
jj . The example of LHD is shown in Figure 1.
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Figure 1. Example of 9x2 LHD

B. Element exchange operation

The element exchange operation to construct a new
LHD design is developed by using the concept of column-
wise operation proposed by Li and Wu [8]. The process is
randomly interchange two distinct elements in a randomly
selected column as shown in Figure 2. After an element
exchange has been performed, the LHD properties still
remains.

— N0 042s
; 025 >D“' 0.25
10,375 ; {—1 0375 05
5 0.5 0.625] ie 0.625
fo.62s 0 | 50675 o
1075 05§ i 0.75 0375
{c s 5 0.875 !0375 0.875
{1 o.7sj { 0.75
loazs 1 0125 1

Figure 2. Element exchange in the 2™ column of a 9x2
LHD

C. The ¢, optimality criterien

Morris and Mitchell [12] proposed a modification class of
maximin distance criterion to search for the optimal design.

ICAS 2013, Maha Sarakham, Thailand
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For a given design X', the Euclidean intersite distance
between any two design points can be calculated from

1/t

3 )
d(x;,x;)= k)zl (X3t = jk ) @)

By using (2), all intersite distances for every pairs of design
points are calculated and can be expressed in the symmetric
matrix form as follows.

d, d, (’1,
N A
d, d, - d

Let a Euclidean distance list (dy,d/3,...,d};) be the distinct

elements list from the smallest to largest. Also define index
list (J},/2,K ,J,,;), which J ; is the number of pairs of sites
in the design separated by distanced;. Thus X'isa

maximin design if among available designs, it maximizes
d ;while Jj is minimized. The scalar criterion can be

expressed as

8 =12 J7") 3)
=

, where pis a positive integer, J jand d ;specified from
1".

the class. In this study, the adaptive form of ¢p [4] which is

The design that minimizes ¢, 1s a maximin LHD in

simpler than (3) to implement is considered
i r
, n=1 n 1

¢, = “)

ey
o1 j2hs dq )
Afler ¢, value has been calculated, a design that minimizes

@), is considered as an optimal design in the class.

118

This section presents the details of search algorithms
used in this study including the enhancement methods to
improve the performance of the search algorithms.

SEARCH ALGORITHMS

A. Modification of simulated annealing algorithm (MSA)

Morris and Mitchell [12] developed a simulated
anncaling algorithm to search for an optimal LHD using
qﬁp optimality criterion. The design that minimizes ;ﬁp

value is considered as the best design in the class, The
steps of SA are presented as follows.

ICAS 2013, Maha Sarakham, Thailand

Step 1: Set initial values

(maximum number of perturbation to seek

1
max

improvement)

t, (initial cooling temperature)

C, (factor by which f; is reduced when no improvement
ing)

n (Number of runs)

d (Number of input variables)

Step 2: Generate a random LD X of given order nxd
Let X, =X,t=f,

Step 3: Set /=1,Label =0

Step 4: Let ‘Xfr)' =X

Randomly sclect a column say j, of matrix er)- and
exchange two randomly selected elements of column j, say
X, © X,

Step 5: Set X=X

ry?

Label =1 ,If ¢,(X)~4,(X, )24

o Ta o -e 0
Sl profa g |77 5 4]

Step 6: If ¢,(X, ) <d, (X)), set /=1 and X, = X
else [=1+1.

Step 7: If <1 gotoStepd.

Step 8: If Lable=1,sct 1=1xC,, go to Step 3.

Step 9: Stop and report X, _,.

SA requires parameter seltings, 10, fipax » FAC,and p

. In this study, we use the heuristic methods to find the best
set of paramelers for use in SA. The choice of initial
parameters for SA can be found in [12]. Tt was also
reported in the paper that SA performed very well in terms
of moving away from the local optimum value of ¢

criterion.

The emphasis of this paper is on the modification of SA
by applying the calculation of ¢ crilerion by using the
method that avoids re-calculating of ¢, value.  As

micitioned before, SA wuses the exchange procedure
between two pairs of points within the randomly selected

column. Hence, after an exchange between rows i and /,
within eolumn (-‘},k > 51*) , only elements in rows I,

and 7,, and columns i, and 7, are changed in the distance
matrix D [4].

Forany 1< j<n and j#i,1, let:

-124
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e 2 U 3
$Cisiyo e ) = = %[ =i =] ©)
then
' ' 3 5 .
d,=d, :I:d,:j+s(f|,:2,k,1)] (6)
and
, ' . it 4
d, =d, =[d,ftj +S(ll,lz,k,_j)] )

Thus new ¢, is computed by

g+ 3 [y ]]”

1S, f2i i,

Z [( i’lj)"p k(dn;)ip]

15j8n jzi .0y

4 =

As shown in (5) to (8), only some rows and columns are
updated to calculate ¢ criterion in MSA. Hence the

complexities or Big O of MSA is much smaller than SA as
presented in Table 1.

TABLE 1. The complexities to calculate ¢ﬂ criterion in SA
and MSA

BigO(SA) Q(di®)+ O logy(p) |
BigO(MSA) O(n)+O(nlog, (1)) J

B. ESE and modification of ESE algorithm (MESE)

As presented in the previous section, the complexity of
MSA is less than the original SA. Hence MSA is
recommended for use in constructing the optimal design for
CSE if time constraint is of interest. Jin et al. (4] proposed
a new algorithm called enhanced stochastic evolutionary
(ESE) algorithm and did a comparison between ESE and
the existing algorithms such as CP and SA. The results
showed that ESE is superior over the other algorithms in
terms of computational time burden and the number of
exchanges required for generating the optimal LHD design.
According to the goodness of MSA and ESE, we combine
them together to improve the scarch process. Tn next
section we present the steps of ESE including the methods
to improve the performance of ESE.

ESE was developed from stochastic evolutionary (SE)
algorithm proposed by Sabb and Rao [15]. Tt contains 2
nested loop called inner and outer loops. The inner loop
performs alocal search process by constructing a new
design and decides whether to accept new design or not. In
the inner loop, both of acceptance ratio and improvement
ratio are recorded. The outer loop works as a controller of
the inner loop as it performs a global search by adjusting
the threshold (7h) based on acceptance ratio and
improvement ratio from the inner loop. The steps of ESE
are presented as follows.

Step 1: Set initial parameters and design xqin the outer
loop, x=xq, =0, naget =0and Himp =0

Step 2: Construct a set of new design iy

Step 3: Select the best design Xy, from this set

Step 4: Decide to accept the best design Xyyand replace
the current best design X from as shown in Figure 3.

Step 5: If Xy is better than the global best design X0 ,

replace it with Xy-p.and increase iy by 1

Chtinggp =tipp +1).
Step 6: Terminate the inner loop if i> A else go (o step 2.

The flowchart of the inner loop for ESE is visualized in
Figure 3.

™
(startinner loop |
Y /
% 0
o % WY 5
‘ Parameters setting |

Construct set of X, by
randomly pick / distinct
| element-exchange in
|

—_—
‘ column (i mod d)

Choose best design X, i
from setof new design |

Yes | Replace cur}c}\tdesign
FXt) - f(x) < Tyl withnewdesign
|

~_ Tw*Randonm(a, 1) -~ (X=X}
N - et = Mecpe # 1
i
Y.

~

| =

| PN
No -7 Mew designis ™

b # improving ? >

| X <A Koo

i 4 =

.-

Yes

Replace best design
with new design

S

oo ey 1w
i=M7 Ktz =X25) J

b /" Mimp =g # 1
Yes -

¥ Sl & ™~
( End Inner loop j
\: v

Figure 3. Flowchart of ESE inner loop [6]
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n
2
larger than 50, and the parameter M is in a range of

In this study the parameters J is set to be [ ]/5 but ne

EX(;]xd/JsMslGO . The outer loop of ESE is

presented in Figure 4.

Create initial design X,
X=Xo, Xpeur =X
Th=Tho

v

—‘>L Xotd best = Xbest

Inner loop

X

=

— 7~ No
@mw - fKoior) 0] >
,_,»"/

e !/
o
1 Yes

Wiy AL 4 -, il

[ flagma=1 | | flagin,=0 J
v

Update 7, - ——

Y7

No ) 5 a1
¢

heck Stopping Rule 7\‘

e B

Figure 4. Flowchart of ESE outer loop [4]

The details of outer loop are given below.

Step 1: Randomly generate an initial design xgand set

X=XQ, AXpesr=X, inilialize 77 =0.005xg,(x0) and
Th=Th).

Step 2: Set Xoldfyost = Xpest -

Step 3: Go to the inner loop process.

Step 4: Select a method to update 77, by setting Magimp -

Step 6: Terminate the search by using a stopping rule, else
go to step 2.

Step S: Update 77, (discussed later for more details).

ICAS 2013, Maha Sarakham, Thailand

The tolerance level () is set to 0.0001 as it was
observed from the empirical study that the smaller value
does not improve the scarch process. The process of
updating the value of 7 in step 5 is divided into 2

processes called improving process and exploration
process, respectively. The search process works as the
improving process when flagjy,,,, =1, if the best design

Xpegy 1s improved in the inner loop. If not, the search
process will be in the exploration process (Sagjyy, =0).
In improving process ( flagjyy, =1),T) is adjusted in order
to find the local best LHD based on an acceptance ratio
( mger /p ) and improvement ratio ( Nimnp /M) If
Hact M > Py and npyyy | M <nge I M, then T is
Hyey ! M > B and
Hispp | M = ngep /M, then T, is unchanged.  Otherwise,

decreased by Tp=ayx1) . If
Ty is increased by Tj, =Ty /oy, where 0<gq <1 and
0<f <1, we use o7y =0.8 and ff) =0.1 as suggested by

Jin et al. [4]. results obtained from our
empirical studies also indicate that /) should be set to a

Further the

small value. In the exploration process {ﬂag,-,,,p =0),7}
will be adjusted to drive the algorithm to move far away
from a local optimal design based on the range of accept
ratio. If mgey /M <fa . then T is increased until
Hagee [ M > 3 by equation Tj, =1) /ay . If mge /M > 13
, then 1} is decreased till 1. /M < By by equation
Ty =T xap where 0<ag <@y <land 0< By < /3 <1,
we set ap =09, a3 =0.7. While /%3 should be small, we
set /5 =0.1and /3 should be large enough so we set

/3 =08, as recommended in [4].

C. Modification of ESE (MIESIE)

This section we present the enhancement method on
ESE. The modified version is called MESE. We combine
the advantage of SA (i.e. local search process) and the
advantage of ESE (i.e. global search process) together to
improve the search process. MESE contains 2 nested loops
as displayed in Figure 5. The outer loop is similar to the
ESE except that there is only one change in a stopping rule
as in step 6. The maximum number of cycles used is
replaced by the following condition. If a Jocal best design
after the inner loop Xpgag, is not improved from the global

’]“\
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best design ( X glopalbest) for & consecutive times, then
the search process will be terminated. In this study we set
§=10.

The major enhancement was made in the inner loop.
There are many changes have been made in step 2, step 5
and step 6. In step 2, the process for constructing a new
design X, rypis changed to clement-exchange in column (i

mod d) for all J iterations while the original ESE used the
random strategy to pick J distinet element-exchange in
column (i mod ). By doing this, the computational
complexity decreases from O(nz) to O(n). As can be
seen in ESE process, a random element exchange for all J
ihiierntions, so all distinct 7—1

checked. Hence the complexity is
On(n~1)) = 0(n?)
element-exchange from SA shown in Figure 6.

iteration is required in all
loops must  be

In MESE, we adapt the process of

So in any J iteration, clement exchange of a current design
X in column i mod d is independent, Thus there is no need
to perform all J iterations. It is obvious that the
computation complexity decreases to O(ir). In step 5, if a

new design Y. yis improved (better than the best achieved
design, Xpesr), let j = 0 otherwise increase j by 1 (j=j +
1). Finally, in step 6 of the inner loop, a stopping rule is
modified to if i > M or j > Clyay . In this study, we set

Cmax =10.
were performed using R program [14].

All simulation studies presented in this paper

Sta lnnerluop )
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|
|

i=0,j=0
et =0, Ny =0
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Construct X, by
enhancement process

/
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/l.‘n

,\.

= ) |
~ Stopping?
~ivMorj> G

" End nner lacp /'w
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\\Tp_‘.’\'un;)’nm(& 1) ‘."I
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e
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o with new design |
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Ko New dasign is\“
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i \\fl’r‘-’h.’ <f|’xzsvdl//
o /_,

~
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Figure 5. Flowchart of MESE inner loop
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Figure 6. A new design construction using SA (Step 2)
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IV. RESULTS

The values of ¢P criteria at the termination step of MSA,

ESE and MESE from each dimension of problems are
presented in Table 2, Each case study was repeated for 10
times to consider the effect of different starting points. The

descriptive statistics on the ¢p values obtained from each
search technigue are displayed in columns 3-6. The results

in columns 3-6 indicate that MSA, ESE and EMSE perform
similarly for small dimension of problem in terms of
minimization of ¢P criterion. Further, the standard
deviation values appeared in column 6 displays a slightly
larger amount of variation over 10 replications in ESE and
EMSE than that of MSA. This indicates the consistency in
the scarch process for MSA when different starting points
are considered. When medium dimensions are considered,

‘rﬁp values from ESE and MESE are slightly lower than
MSA. In addition, small amount of standard deviation is

observed. For large dimensions of problem, both of ESE
and MESE perform similar results in terms of minimization

of f;ip values. Hence if the good property of design is

concerned, either ESE or MESE can be
constructing the optimal LHD.

used for

TABLE 2. Descriptive statistics of gf;p values obtained from
MSA, ESE and MESE

required for each algorithm to reach the same level of ¢5p

values. For each dimension of problem, the scarch
algorithms are repeated for 10 times. Hence all values are
presented as the average values. For small dimension case,
it can be clearly seen that ESE and MESE converges much
faster than MSA. The number of exchange required in the
search process is also less than the MSA, while MESE
requires less number of exchanges comparing to ESE. For
medium and large dimensions of problem, MESE
converges much faster than MSA while it performs slightly
better than ESE. Further, the number of exchange obtained
from MESE is the smallest value. This indicates that if
time constraint is taken into account, MESE could be the
better choice to use in the construction of the optimal LHD
designs.

The results in columns 5-7 display time ratio for each
scarch algorithm. It can be concluded from these ratio that
MESE converges much more quickly than MSA. The
maximum improvement over MSA can be observed when
the dimension of problem is small. In the case of larger
dimension, the improvement ratio turns to a small value. It
could be concluded that the performance of these three
algorithms are close to each other especially ESE and
MESE algorithm,

TABLE 3. Performance of MSA, ESE and EMSE

_____ Q’J =3152) LA LHDs  Algorithm Performance (Average) Time ratio
LHDs  Algorithm  Min  Max Mean SD o | msa MSV popy
ime MES
M e s JESE ME° MESE
9x2 MSA R2TI=deT3 4278 0 (sec.)  #Lxchanpe E
ESE 4273 4344 4287 0.029 252 MgE X [ o st
SSE 595 5760 5.561 8. 1.565
MESE 4273 4344 4280 0.022 i 355 27e0
- Ty _ : MESE 2.296 5415
51x%5 MSA 5417 543 5422 0.004 STkS ot 75154 284931
ESE 5415 5431 5422 0.006 ESE 530762 150000 1364 2400 1.759
MESE 5418 543 5423 0904 MESE 313.067 118950
201 = 10 MSA 6.179  6.181  6.180 0.000 201 2 10 MSA 2795.741 209912
ESE 6.170 6.174 6.172  0.001 ESE 1349.788 17580 2.071 2376 1.147
i MESE 1176.529 94070
ESE 173 185 184 0.000 :
BEsE 817 WS & = 45115 MSA 8686.660 234517 2380 2.463 1.034
451 % 15 MSA 60.776  6.779 6.777 0.001 ESE 1648.646 185220
ESE 6760 6.762  6.761 0 MESE 3526691 124550
EESE 6.760  6.762 6.761 0 80120 MSA 20854.01 260539 2.692 2718 1.009
801 x 20 MSA 7.272  7.273  1.272 0 ESE 7744.424 220480
ESE 7253 7.254 7.254 0 MESE 7670487 185750
EESE 7.254  7.254 17.254 0

The results of the performance (efficiency) for MSA,
ESE and MESE algorithms are presented in Table 3. This
table presents the time elapsed and number of exchange

ICAS 2013, Maha Sarakham, Thailand
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V. CONCLUSIONS

This paper presents the method to enhance the SA and
ESE algorithms in the construction of the optimal LHD.
The major enhancement method appears in the calculation

of gﬂ'p criterion and the tolerance level setting in SA. For

ESE, the enhancement is applied by using the combination
of SA and ESE especially in the inner loop as shown in
Figure 5 and 6. As presented in the result section, MESE
perform better than ESE and MSA in terms of the design
property achievement and the efficiency. Hence MESE
would be recommended for the construction of optimal
LHD for CSE. In order to extend the conclusion, other
classes of design can be developed and collaborated with
MESE to search for the best design in the class. Further,
other types of search algorithm like Particle swarm
optimization (PSO) or Ant colony can be further developed
in constructing an optimal LHD or other classes of space
filling design. The validation of the approximation model
accuracy developed from the obtained optimal design could
also be further investigated.
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