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Abstract

Project Code: RSA5280006

Project Title: Performance Enhancement of Multiobjective Evolutionary Algorithms for
Design Problems with Expensive Function Evaluation

Investigator: Sujin Bureerat, Department of Mechanical Engineering
Faculty of Engineering, Khon Kaen University

Email: sujbur@kku.ac.th

Project Period 3 years

This project investigates performance enhancement of multiobjective evolutionary algorithms
(MOEAs) dealing with design problems with expensive function evaluation. Firstly, such
performance improvement of MOEAs is achieved in such a way that surrogate models are
integrated into the main procedure of MOEAs leading to hybrid algorithms. The obtained
hybrid algorithms are then implemented on real-world applications that have time- consuming
function evaluation. Hybridisation of MOEAs with surrogate models can be carried out by
using the main search procedure of a particular MOEA 1is used as the main optimisation
procedure. Having produced a number of design solutions, a surrogate model can be
constructed. Then a MOEA is used to search for Pareto optimum solutions while function
evaluation is based on the surrogate model. This means that the surrogate-based optimisation
is a special operator to produce some offspring to the main optimisation process.

Approximation of function gradients from those already explored design solutions
during an evolutionary optimisation process is proposed in this study. It has been found that
the integration of approximate gradients to the evolutionary procedure leads to an improved
EA performance. This newly invented operator will be further investigated in the future
research.

Design of mechanical parts using MOEAs has been demonstrated. Those components
include a torque arm plate, an automotive connecting part, and a three-dimensional torque
arm. Function evaluation for designing the components is accomplished by means of finite
element analysis which is said to be time consuming. It has been found that, with the
interfacing of surrogate models into MOEA search procedure, the performance of the
optimisation process has been greatly improved in terms of both convergence rate and
computing time.

Design/optimisation of air-cooled heatsinks using MOEAs has been demonstrated. This
is said to be a difficult and complicated design problem that is impossible to be tackled by
using classical gradient-based optimisers. The encoding/decoding processes for heatsinks with
straight plate fins, oblique plate fins, straight pin fins, and splayed pin fins are proposed. The
design problem is to simultaneously minimise heatsink junction temperature and fan pumping
power. A number of MOEAs are used to tackle the design problems and it is found that
population-based incremental learning is the most efficient MOEA for this design task. It is
also illustrated that the integration of surrogate models into the MOEA main procedure leads
to a superior heatsink design process.

Keywords: Multiobjective Evolutionary Algorithms, Surrogate Models, Mechanical
Part Design, Heatsink Design, Approximate Gradient, Hybrid Algorithms
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- strength Pareto evolutionary algorithm (SPEA)

- None-dominated Sorting Genetic Algorithm (NSGA)
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y() = f(%) +Z(x) (3.2)
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X, X, |50 =1 N (3.8)

N
yx) =Y K(
=

[l H 1 4
ooz ldszuvaumadadu N aumsuazidwalsnlunsuane o N 61 diesimsmdulszans o
o 1 J o o §
ud semnsatnemilassuainuuuirasinaunuige x laq dreaums (3.7)

3.2.4 Iasavwlalszanidian (artificial neural network)

E4 ]
[ =< A

1 o Y v o [ o {
Tasanelelszamnmeon gaiannvuuuieansaimuailandudmsunuuiae ANl

o w

Y @ 1 Jd o I @ @ [ o 1
mmaaumucﬁjaummﬂmﬁﬁﬂ%ummam ﬁ?ﬂﬁﬁﬂ%ujﬁuﬂﬁﬂuu’ﬁﬁﬁ LL‘]JTJ%Ki’ENIﬂi\ﬁHEJGlEJ

Usyennifsuiivainnategluuy miz 1dsumaiannuuiedszgad 1 lunuiuanaiadusen il

Tagnanauan nuuiiaeelaseneledszamazdlsznovulide vitedszam (neurals) nogano

% L]

§ A [ I 1 A a { ]
(nodes) Mouaoiuilulnsao@oununszuuilszemuesdalidia U 3-1 uaasdiiodialasaiig

Y
v 9

H Y
lodseamuuy feedforward multilayer perceptrons ﬂﬂizﬂauﬁlawuﬂl@y’amu% (input) FUAT4

v ' v
naanIedungeue 13 (hidden layers) azduv1een (output layer)

Neuron or node

g

T Output layer
Input layer

Hidden layers

319 3-1 Tnssvgle)ssanmimew

w

3.3 MINANNANUTHADUIT IIANMsBUUHaeTh g UHUUI a0 INANNY
Y
MIHTURA U TEHIRTUAD ATV IaMsuuunanaithmnenvuuuaesnaunuiivdnnised
F
[ @ AanAa v I~ ) a %
1 Tuaeuds Viannmuuunatethvunegnlfdudrduiumsnanlunszurumsduminamasm
d' an 1 d‘ 1 dal 9 1 A d' = [
1319 11931 T AN NgaiaIl 1¥nguuednamasnionzonlszsns lunsninanay
~ [ :JI [ o A an 1 dy = A 9
mnzige aatiuluugazsouuean1sAILINKT339U (loop) ITMIMAIHILNIFAVDINAIRABN A1
9 9 Y
YUNT NINMITFUUAZINMIANTUMTITIIINUING (evolutionary operations) Rz iU 151611150
Y [
1¥nguramasvaniu lumsadrauouiiasmaunugduuulagluuunils uazannsominunuig
A ) 9 o 3 & o 9 ~ 9 o ~ 3 ] A
Ngaarems lsuuuitasanaunuiy ez inanlslumsmmneumnzNgaduaedauinie
@ [ Y a ] < [} o o 1
eV UNMIMATNIATUTI 8819 15NMINANVUUUIUVD U UINADINAUNUTHAADATZUIUNTHINA

E4 4
masgduuniuIn MsHAUREIUTZHINTUABUIT ITAIMsuDunatathuegduunaie i

k2
daae il



35

3.3.1 Msl¥uuudasanaunuluvuneUSNAUIMITY
1 o 3 AanAa o dy 9 A

MINANNAUIEH UV InaunuraztuaeuIs Iannms lugduouil 14 lunsanmsnm
1 Y A A o w A 9 a 4 4 a 4 1 Qg}/
aleansulumsesnuuuidsuadine vieldnarlumsiaizine W ludedmuduaazasauiu
1nn aldawnsafunszuaumsmanningiga ld vuamelumsduiumsmannnz auganiy

d” o k4 Ya 1 o o =& d? AanA A 9
urumsiiila laems 19 msquiravesnamasduilseonuuus i iauu A5 ndenl4un
H A [ a da 4 . . . I

NganvIsmsguuuvardulanjosan (Latin hypercube sampling (LHS) technique) #300121973%

1 = Qdd‘ d‘ 1 Aa o . . qgj ad
HUUFUNITDITNNNICTNDU LB MIPONUULIFIAIYTZNOY (factorial de51gn) VYUADUITNITWNT Y

[

fad)}
Lo
=

4
K%

A ' 4 a a, 4

1: JuADUIENAY qUINABS0aNUUL N 99 #2075 LHS %350350UA A1tz au
2: afrnuuiaeanauny

v A 9 o o ana o ° A 7d Ay
3: aflszmnssududmiuduaeuds I iannmsuuunanadvuneg fvuawesndnunamash
gnAsaui

4
1 o Jdao a 1 @ o
4: mailsnguvesamndnlunguilszannsiiu Taglduuusiaosnaunu
] v Y 1 4

5: suSou lulngamsmmamas S lufduaeui 10 a5 s udumsluduaoude 1

o 9 1o o J oaz’
6: iimyainszmnign nazmmilanduveaszannsmaniv

A Il o ~ a a J A 1
7: wwamagh lignaseuhvesgiiouaaveslszyinsgnuazaindnluwasndinunamasi lugn
2

asoudrlusouvesmsmulnno Uil

Y a J 3 1 a @ @ a 4
8: dvmaveuuasnanunamas lvainu 11 danamasuisdresnvinuasnedg

Y 1
9: nav Tvunoun 5
1 J v a A ' o 3 = 9 oa.z’ A ' o a

10: mailanduasaveswamasi lignasouiininduaeui 8 nieunwnamasi lignaseud1ass

NYANIATUIN

3.3.2 mslFsuudrassnaumiduduneusnudutaz]lugishevesnszuIum ANz iga
E4 k4 v
urumsHauRdugunull Suuddaadn sawisalduuudiaesnannuluduasusudu
Y qgll ~ Y o dy o Yo Ao 1191’ [ Y
naIniumeamasingigadisuuuitasanaunuil aunsena ladmeuna antunduinldns
9
o J v 2 o ! @ ada o
wilsndueialunszuaumsmidineusisgamevotuaouds I imunsuunvatethune nms
o a 9 LY d o a 1 I Y A 1
autdumsaremsmiarilanduasezsre i lanamasinzaugaveanis Tananununs 3.3.1

Y
NTLUIUNMTMUINNTIBAZIDIANITI
09/’ A 9 1 4 9 ax A axA
1: TUaUITNAY JuUINKVBTDNUDY N 30 12875 LHS H39350U )M uANuMINs ey

Y o

2: 431UV VDINALNY

9 A 9 ) [ ng anAa o o a S 3 ~ 1
3: ﬁiN‘iJ'izGHWﬂiLiiJﬁuﬁWﬁﬁ‘U‘lluﬁ@u'J‘ﬁ’J’J@lu']ﬂﬁLHJ“]JﬁanJLﬂ']ﬁiﬂfJ mwummiﬂwmuwamaﬂﬂm

gnAsaud



36

Y
1 Y a 1 Y o
4: mmilandFuvesamndnlunquilszannitiu Taelsuuusinenaunu
[l v Y v Y
5: 21veu luldwgamsmmaman 4w T Rdunoun 11 41141y Iddutiumsluduaouae 11
6: Mimsadlsznsgn
Y
o 1 1 LY, d v a 1w
7: SrsouvesmsduInegluriesiievesnszuums maileansuasevesmnsgninaiu o
] ] 9 1 o o o
1979 I flansuanuuuasanauny
~ [ o = a a I ~ 1
8: vwamash hignaseuivesgiiousavelszmnignuazaudnlumasndnumamash lugn
Y
aseuh lusevvIMIAIUIUNOUNTNI
9 a ] (=N [ o a 4
9: fwavesuasngnunamasluanu 'l Aanamasusdieennnuasng
Y v
10: pdu ldunoun 5

11: vigamsviiAney

3.3.3 nslduuudiasamaunuluduae iz uAUIazAARANIZUIUMSTIAIHINZTigA
E4 v
UHUMIHANAA LU 919380 IMIAUTUMIHDDULIY NA1IAD FUALAIIMIFUIADN
1 [ k4
iave e sAanlseanuuUS NN TdI83T Mtz ay mmiumaileiduaiweanamas
' osjl o o { J o o
mianiundoraiuuuiiaesnauny iimsmnamasvnziga lasldiladsunauny vazihwamay
09)1 dy LY J o a U Y 1 A 9 o

nnduaouinmimdlanduaia mersnanlan mamawunzigalaglguuuiiaemannuly
9

o yd 1 % a 1 { 1%
‘llu@f)llﬁlﬂuﬁﬂu'ﬁﬁ\‘lsllﬂﬁfniNaﬂ‘ﬂi%“lﬂﬂﬁQﬂéllf)\‘lﬂﬁg‘U'JUﬂ'liWWﬂ']Lﬁiﬂgﬁq@ﬁﬁﬂ 51002100A VD

Y
AszuumMIsnanaad ldaane 1

oﬂj A g 1 4 U an A amd o
L YUADUITUAU qUIINEBIDDNUUY N 3A A2835 LHS 199750 UM IUANUHNIZTN N1YUA
a S 3
IWATNBLNVNARAY
[ v Y v Y
2: tidou luliugansmmamas S lufduaoun 8 4111y IdudumsIuduaoude
3: ﬁuﬁumimwamasjﬁ”laigﬂm@uiwﬁ"mﬂszmumsﬁmamluﬁ’a%’aéaa 3.3.1
o 9 LY J o a 1 09//
4. mmiﬁinﬂswmigﬂ LAz IMNINFUITIV09IU TN TIHa1TU
~ ] ° ~ 9 a a S I
5: 14mamasm”lmQﬂm@mwmgmwmmmﬂswmigﬂ1uma 3 Ay 4 uarauI¥n AN UK
A ] o o ' Y dy
maﬂm"lugﬂmamﬂus@mmmiﬂm’;mﬂ@uwum
9 a ] (=N [ o a 4
6: ﬂnmmsummmﬂ«mﬂuwamaﬂiwqjmu“lﬂ AANDINAYUIIAIDDNIINNATNY
2 [
7: ndulvuaeun 2

8: 1igANMIAUNINAINAY

3.3.4 M3lFBUUS@eIMANNIBNNNNHHIgANFNNUIUNSZUIUMSHINAINGAY

a o o < A a v o v Y A Ay
Lluflﬂﬂff'l‘ﬂiﬂﬂ'lﬁNf’f']u(lugﬂull1]1'!‘1]31l§ﬂll,“]_l‘]JLﬂﬂ?ﬂuﬂﬂgﬂllﬂﬂiu‘ﬂ?ﬂlﬁ]‘ﬂ 3.3.3 UAUUD

' Y o a a qu { v 9
Lmﬂﬁ'l{lﬁ'ﬂ ﬂ'lii“]ﬂlfﬂ“l_li]'lﬁ@\i‘]/lﬂll‘ﬂl!ﬁﬁ'lﬂ“lfﬂﬂcluﬂ'liNﬁ@]ﬂigﬂﬂﬂi@lﬂﬂlu‘ll u@auﬁ 4 UY9391IUDYDY



37

9

3.3.3 dunagndeslFuuuiiasamaununainvaloyiamszan nuuiiasanaunuidaz vila ivoa
2
dordouanarein’ll lumsesnuuunaazassdeonuuueialunsiviwuuiiaesmaunuyiialvu
[ F4 4
mmzhganuilymmsosnuuuiiug asiums luuusiaemaunurainateglunudendinain i
A 9 £ ll < 9 ~ J Y Y o Aa ~
ﬂ15la@ﬂ1ﬂfllﬂﬂﬁlﬂllﬂﬂ‘ﬁuﬁ f]fJ'l\‘]llﬁﬂﬁ'uJ 1’7']ﬂE!@f]ﬂllﬂﬂu@Qﬂﬂ')’uJElla']')’]!iﬂﬂ%'laﬂ\ialfu@llﬁu y

Uszansnmanganuilgmmsesnuuufisidsionsan desnuuuaisdenlduuuiiassmaunuaiia

9 9
IS [

g A Y 9 ° 2o oA
1w eanu lduSeulunmsdummamas nszurumsauiavesuwumsnauma ugUunuil il
o 2 9 ¢ Y aa A and °
1: Tuaouisudy gunmesoanuuy N 9 42075 LHS  ¥39350u0auaumuizay fnua
a 73
WA NBINUHAINAY
I v Y 1 k4
2: sdou luliuganmsmmamas S lUnTuaoun 8 4111y Mdudumsluduaoude
o A ~ [ o ¥ o v Y o 9 ¥
3: auiiumsmiwamasi lignaseudidienszurumsdnuluidedes 3.3.1 Taeimsdszgnald
o 1 & a -4 LK% 4
uuuSassnaunuInnImigie @uediulszaumssidesniuu)
o 9 1 o J o a 1 ogj
4: fmsadalszannsgn uazimilandusiwestszannsmaniu
~ ] ° =1 9 A a S I3
5: iwamash lignaseudwesgiisuyavelszyinsgnlude 3 uaz 4 nazausnluwasndnuwa
A ] o o ' Y dy
masf lignaseuilusevvesmsduneunihil
9 a I3 1 Aa @ @ a
6: SmaveuwasnanunamasIvainull danamasuisiiesnvinuasnd
Y [
7: nau llvuneui 2
8: MigANIAUMINAINAY
dy = di J J o v :/l adaAa v d‘ 1
uenInil elimaiFenaese nIwUUI MOINALNUAUTUABUIT I TANT TugUnuVEY 15U
o ax ' A 9y v J 1 A
m3theltmimaunnzdganunldeyiusugielumsmeamasminz igaludvesmsnina

Y o <3| Y
LﬂaﬂIﬂﬂﬂTji%L!UU%Ta@Qwﬂllﬂu wWuau



38

MINNTNIIOUSVIITUADUID VIUUINT

< d

FY Y = d ad A
mﬂmﬂﬁzu1mmmmﬁmﬂuﬂuamﬁmwwanmmm

4.1 AN

9
7 ada v

9 < ]
Tuunil Lﬂuﬂﬁllﬁﬂﬁﬂ]iﬂﬁuNﬁ?ﬂﬂi%ﬂ’)ﬂﬂﬁ‘ﬁ?ﬂﬁmﬁElmiﬂzﬁf‘!ﬂﬁ’)ﬂﬂlﬂ@ﬂﬂ’)‘ﬁ’)’)ﬁlﬂ?ﬂ?i

an A = 4

o a ax 1 A d'dyd 1 ad a <

AULUIAAIINITNMIMIANKNIENgAITou TuntinomsiszuaaunsPeuaazITFuNaN a1

dy dyQ' Yy 9 z ada v a Ay ¥ av dy U A ax Yo

eomluunilisudumeiuaeuis I iannmsyialminldannmsdidel Wuaeds PBIL uuulesiuau

a g @ % 1 . .

sailudulsesnuuuduiounnudis RPBIL dou191n real-code population-based incremental
4

. o o J @ 1 = 4

learning 1N HAZHUAUOMINTUNAIUTZHIN PBIL numsdszanaanni@eud APG taznaaou
qa/) as Idy 1 Y I 1 =® A [ 3 anAa o Y]

ANTIDULVOITUADUITNI 11U TudrugamatunsnadamsirouasIUADUITI IMUINTAY

axa 3 £ J ' ~ A ax &
ATBUINANAILU GINLﬂuﬂfl'3‘]J'J‘Llﬂ’lﬁW'lﬂ'ILWNT%WQ‘@WNﬁNiiﬂu%qqg‘ﬁﬁuﬂ

4.2 9% RPBIL

~

4 a o ¥ I~ a 1 H @ .
lwileedu 75 PBIL Qﬂwm,nsﬁumgﬂuﬁmmmmzﬁqw %’mgaﬁugmﬁm (binary code)
[ ~ v Y dy 1 Y I [
Lmumuﬂ5a’ammﬂummmamaﬂmquﬂ lusiadeil e19na12'1a iunsverenansain
a d‘ o a Y Y J o a q'./ 0911 an
PBIL @uioa1u1soamiums lagienamosoontuuiiuiuasg (real code) Tasna'l1) Tuasuls
Aw A A= 0 =R o 9 ~ A A v W o
MAUIMITHIDIFANHIAIUNVYUG Glﬂfl,umimwamaﬂmmzmqﬂmNﬂuhlmmﬂmmmuﬂsaammu
. . . . é = U d‘d J v =)
(bound-constrained optimisation) 4 iuﬂimmmﬂtgmmi@ammmnuﬂm%mﬂmmﬂmmmmm

E4

eraa laeatl

Min £(x)
LiniS le';l.zl,...,l’l (41)
X ER"
A 4 A o Jo A 1 =
19 X INADIDNLUUVUIA nx], fﬂf’]?\l\?ﬂﬂﬂllﬂ”lﬁlﬂﬂ, L; 999909019004 X, Liag U; ADUDULUA
VUUDI X
o dy ag A 9 J A a 4 1 I I @
NANNIINWUITUVDIIID PBIL f® ﬂ']ﬁclslﬂﬁﬂmf’)ﬁﬁif’)mﬁﬁﬂ“ﬁﬂl@\‘iﬂ'J']llu']flzl‘llu WU UYeg
1 o a o 1 Aa { 1 o 1 4
ﬂizﬂﬂﬂﬂmmazi@ummmﬁmmm ﬂ']ﬁ'J'N’Jl‘l!']ﬂ']izﬂzvlulﬂﬂﬁﬂﬁ$%1ﬂ31ﬂ8¢]3\1 LL@]%Zﬂigﬂ']ﬁnﬂm’t’)ﬁ
a o @ c;’// a 4 ] I 4 I @
ﬁ?’t)mmﬂcvm&muuu ﬂlUﬂﬁﬁﬂJ@Q RPBIL ﬂgclslafl!ilﬁﬁf‘l“h"’ll?]\iﬂ')'lmUWﬂZLﬂULﬁ@Lﬂu@DLLVIUﬂJ@Q
4 £ d‘dyd 9 A A A o Y] 4
Uszn5v0AINIMB TR “ﬁﬁiuﬂuiﬂlﬂullﬂuﬂ?ﬂ P #3590 Pl] VU nXm WD m ABITUIUADANU

& 1 1 % I ] [ .
FIUAAIDINTUVIFIV0VOLIVAvDIA I seenuuy [L; U] eemiu m %9890 (subintervals)



39

a a 4 1 ] I o a o [} .
ﬁmsvﬂ“lmmmmmﬂ«v Pj uaraanamInNuiazulunsduiaduls x; 11979v94 [L;+ (-1)o, L;
+j6] We &= (U; - L)m

o [ { a A a s [ I
mmumzmumﬁmwammmm”ﬁﬁmem% RPBIL giuﬁ’uﬁ’ammﬁﬂwmmmum%ﬂu P
best

WllAwewdazieamudiiu Py = 1/m Nty “VHﬂﬁﬁiN“lJi PNSINASAFT HaziImIm x

NﬁLﬂﬁﬂﬂiﬁﬂWﬂﬂﬂ%ulﬂ1ﬁN1mﬁN1 ﬂﬁﬂ !Nf)ﬂ‘iWUWﬁ!ﬂﬁﬁl ﬁﬂiui@ﬂm@ﬁﬂ13ﬂ1u’3ﬂluu NN

Ysviljemves P, ieununaman x™ Sail

Py =(l=Lg YP + Ly (4.2)
\ii

Ly ; =0.5exp(—(j —1)%). (4.3)

Uyl - AodurisReamuaL e oglusvdes [L; + (~-1)6, L; + rd] moasimsicous
(learning rate) Lg Tuauns (4.3) Qﬂf‘imumﬁaﬂmﬁum‘igjnffhﬂ'aunmé’umwm RPBIL 1Wo5n#1
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Rouly Y P, =1u00 i voa P azgndamlauily

1

By = Fj (4.4)
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v
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nszIumsliuljemves P, feununnmeseonuuy X’ sz ldmaing P luduaeugaiie
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HUVIUGT IUNITSYNATUNOU LUNTTHYAN U ING

NINTUNT (4.4) 1515 U3ea1v09 P uae x
k4
mag AIZUIUMIAIUIVVEI RPBIL Taaae 'l suald ¢ ﬁaﬁmmammu, Ng MUIUNIY

qaga 1az Np Aoviavedlszng

dusundn: Ng, Np, n, m, Lg
alsvioen: x,

N5EUILUMISUAY: Py =1m, &= (U; - L)/m, x**'(0) = {}

1: d w5y 1= 1984 Ng
2:  aawnveannaes eenu UL X(?) 90 Py
2.1: dmsui=10n
22: dwmSuj=10am
2.3: duaueamud x; 1 Np.Py a1 Tusndoo [L; + (-1)8, L + ).
2.4 2UUDIAFI |

Y
2.5: @auMUMUved x; 19 Np 2910 2.2-2.4
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260 anFnluueddi i ves X(7) Ao x; 910 2.5
2.7: WIUYDIAT i

3:  mamilassuthvaine () = fun(X()).

4: W1 xS 10 X U xS - 1).

5:  dsuigeaves Py dieuny x* Tuasauilegiiu
51:dmsui=10un
52: el r Taef x2S e[L; + (-1)8, L + 8.
53:  dSuilye Py deaums (4.2-4.4)
5.4: WIVDIAF §

6: 1IUVDINYII ¢

=

4.3 35 RPBIL tsuunauwany
4.3.1 HAMIIIAIMS
Y a a a v o d! = 9 Y [ ax
dautiumsnaniaIannmstinauely [16] dalglunuadronunanmsninanasyedds
PSO nszurumMsMuIaiane iauimin ldanmsaen aundnvesllszrng . 2auilegiuves
4 t:id

1 4 4 o I { a XY
RPBIL u,muquﬁum 3 1INNDBT X1, Xp, LAY X3 fviuald x; Huainanga Aanaanmsmla

a

1N
s=(X; —X,)+(x; —x3)+¢ 4.5)

A A o VoA Aay 1 ~ o 1 ~
We ¢; = erandn, Wag randn ﬂ@@nla51]ﬁ;ﬁJVlﬂi%fl]"lﬂllﬁ‘ﬂlliﬂ@ﬂﬁlﬂﬂHﬂﬂﬂﬂuﬂllazf’f’JULﬂﬂﬂl‘Uu
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y1 =X, + rand. A(t)s (4.6)
Y2 = X| — rand. A(t)s

1o rand < [0,1] Avdnavguony (uniform random number) ag A(7) A0AIANEIIVEINITAT

(step length) 1197 ¢ Faamnsada ldnnanuduiiug
A) = exp 62146 _ 6931 exp _62146,), (4.7)
N1 Ng—1

Tagsviualn A(1) = 0.5 uaz A(Ng) = 0.001 A1ves 1 aziiargalusouveamifiuiausudu e
Y o a o 9 A [ 9
nszuIumsAuIRamasduiull 2 lisanaunsizdesns maasuutasantiosainnis

o a <A ¢ ] v d' ~ o A
AUUUNITU L?Jf]ﬂﬁg"]ﬂﬂﬁqlaﬂnﬂlﬁ@i'ﬂ@ﬂl!ﬂu&mflﬂaWa!ﬂaﬂlﬂﬂ1$wqﬂ Eﬂ‘ﬂ 4-1 LEAINITIAUUUNIT
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a awv < 1 091/ ugj 4 sa 3 u’f
uuUAgneiams mngliulanaunsnaaes (4.6) gnas Pinemgmssinduly 1dnseaes

=1

S v
Nyl AagU 4-1 0. uaz .
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M5UszIIMUANNTIAUA IUNTAD G]’J@]'lmuﬂﬁ‘V]N’J’JGMHWﬂ'IiTﬂ%VIi]HQGU’ENE)HWH‘EHNTWWIN
. . . . 1 =) A o 1 4 9
(directional derivative) Tun1sdszuaannsimeuandiuniainmeseoniuula NNVBYAVDY
1 o dao 1 agzl o o d aa v d Jd v
UsemnsvoswamasazmilanFuveswamasvaniy dmsuilansuluy n Mﬁlﬂ“’] E]H‘W‘ll‘ﬁ"l]ﬁ]\iﬂﬂﬂ%u

a 4 { o
£ Tufiamaveannaes s Na x Wouunudae dfids awnsosiuaaldan

daf S - [(x+Ax)

T
u vV =—
Vf ds As

(4.8)

A A 4 1 a 9 o Y o A a 4
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wilwifude x™ Felimilassudhvwinadu A% nnmesinsfoud laslszinaves £ iga x
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(Xbest _ Xl )T fbest _ ﬁ
: VF=AVf={ : \l=p. (4.9)
(Xbest _ XR)T fbm -
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a Y I Ao o = a Y dy
Wadu (4.9) Wuszuuniawls - @wazl R duns Tumsvinamasyess uuaunIsisaduil
o Y Yo o a a o [ =\ . A IJa 0o o ol
ansni laTagms lgadutiumswasnguniuiion (pseudo-inverse) 1300131935 Mavd0d 190
1 y a I A o
lumsmaunanzNgaaie3 steepest decent method nwesRANIluMIHIRIABUAD
P a [ [ 091’ 4 y o <
NNABS NUNANATININAY V/ aaiwns@eud lagdszanai ldnnaums 4.9) ansarhunlaniu
a 9 [ 1 = tﬂ' Y 1 = o'dyd
nanlumsvwamaslugluuuaaieny nanae s = -V/ e linsidssnaaunsheud iy
s 2, s "y do o w £ J ¥
sz Towinnuu imsdszgnanisszana lusredesilanduiididosmieassluminnamasaie
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NIAUa Iaglszana 1Mo eo Uy THUUINANIL s Y A9

2 =x""+ B.s (4.10)
7, =X+ Bys.

v F4
1 =

1 4
e B = B dewniiwesndusmiumnlugisues (0,17 duseudall dszgndldmsszinmem

Q

Tugaitomar galdailadFudmge lunsaivesilanduidsaes
XS+ Bs) = C1ff + G+ G (4.11)

Y a ¢ o a Jou o o Y a Y
i]gulﬂlllﬁﬁﬂ"lfﬁllﬂizﬁﬂ‘ﬁﬂ]@\?ﬁ\iﬂ%“ﬂ’laQﬁ@\1inﬂﬂ’lﬂlﬂigﬂﬂﬁuﬂ'ﬁlﬂf\uﬁu

0o o 1](c fre
1812 ﬂl LWG, = f(z1) (412)
1322 B G f(z,)
1 v 4
o flz)) waz fizy) Aemilsndudhvineiiee z; uaz z, muddy nndu nawesdlsesnuuud)
Amumlden
z; = X"+ fys. (4.13)
A
11
ﬂ3 = -C2/2/C1.
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fu1l5vu: Ng, Np, n, m, Lg, &
dunlsuesn: x, P
v

M: Pl] = 1/77’1, 51 = (U, - L,-)/m, X(O), f(O), Xbest(o)

1: dwsur=109Ng

1 o a d ] <
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6:  swlszmnsdesiaeny X() = X; U Xo U Xs tavmianilanduthvine £(7) = fun(X()).

70 W x() nn X u xS - 1).

8:  Usuilyemves Py ey x*

9: 1 IUVDINYII ¢

25¢
15}

05t

o

- Minimum ¢

05¢

15

A s a 7
Eﬂ‘ﬂ 4-2 ﬂTi”Vﬂﬂ’ﬂiJEﬂ’ﬂuﬂﬁfal}TJGUENL’JﬂW]ﬂi!ﬂilﬂﬁlummﬂﬂi&ﬂ1m

a v

4.4 msﬂﬂaauammuzmméﬁfumuﬁ% ’JGJI‘H1ﬂ1§1‘HN'

d o Y] 4
4.4.1 WanTunagouuazds I Tamsou

=

F4 1 4
Lwaﬁwmi‘ﬂﬂﬁauﬁmiaug1umiw1Namaﬂmmeﬁumuﬁ'ﬁ%@ummmuuwau‘ﬂﬁmmﬁum

] '
A A v

] Yo A 7q Yax J A a ldy A %
6lfl/iiJ llﬂml,uumiﬂizqﬂ@ha‘ﬁmmmuwmqmuﬂiwuuiumimwamaﬂmquwmqau VYUY

=< Y

@ &£ A Y Y &£ A = [ ~ 3
V939111590 NUUUFUTonNNINFUNAFoUTINTwazDeadanaad lua1s 19 4-1 F91lsznouaie
[y J v { { 1 1 = YR~ 1 {
HanFuthuueniinamasmunz tganudsinazvatonl Fnsavaduiunsmannugigavod

osj ’q Yaa o dy 9 v o ’q Yala o A o
MINUA 1!E)ﬂﬂ1ﬂﬂﬁﬂizQﬂﬂﬁl‘lﬂ‘ﬁ?’lﬂlu1ﬂ1§!L‘]J“]JW?HJ‘HLLQ’J ‘EJ\‘]“V]"IﬂTi”IJiﬁQﬂ@lﬁhﬂ‘ﬁ’l’NM‘LﬂﬂﬁﬂWGMHW

E4
Ty A

1 ﬁ' =) = v A
mnnowolseumeunuls lvuasi



44

- Real-code ant colony optimization (ACO)
- Charged system search (CSS)

- Differential evolution (DE)

- Continuous tabu search (TS)

- Fireworks algorithm (FA)

- Binary-code genetic algorithm (GA)

- Particle swarm optimization

- Simulated annealing (SA)

- Continuous scatter search (SS)

- Binary PBIL (PB)

[

' 2 I
51 aums lmimivaue luuniiiaesisnanae 35 RPBIL deswazdealurirtodoshn 4.2

4 v v Y
luntlaz@euunudis PR 23 Na939A035 RPBIL tuunausigazidoaluiiide 4.3 luniidsuuniy

9
ada o 3

2 N .
a20 HPR dunouas iannminanuagnldlumsmwamasuesiladdunagouluaisen 4-1 Tagly

o 3 g A 1 as Jq ¥
NI Y 10n tazvuiaveslsesinsae Tn Lmamngﬂﬂizqﬂﬁhmwmﬂaﬂmm

9 Yy 9
[

1Y o A g 1 g adAa o o = s
Pymimsesnuuy 30 A59 Matldlums iz Nduaeuds Tanms Taena lllianuaiveaue lumsvima
v 9 ] 9
masdwn auiu lumsanyimsnageudussouz lumsmfinoumuizigavedsmamaril
o 9 o A o 3 = ~ = u’.:} AanAa v [
Sutludessumieridineuraenase WezaunsafSsufoudussouzveauns uITIIANINIG 14

9
9nADY

A o o
A13199 4-1 HenFunagou

yoilafdu uaznun [Z,U) Folandu uaznun [Z.U)

1, B, [78] [-50,100]° 18, Griewangk [78] [-5.12,5.12]"
2, Beale [39] [-4.54.5] 19, Perm [39] [-15,15]"

3, Booth [39] [-10,10] 20, Perm0 [39] [-15,15]"

4, Easom [78] [-100,100]° 21, Cigar [78] [-3,71%°

5, Goldstein & Price [78] [-2,2] 22, Diagonal plane [78] [0.5,1.5]%

6, Martin & Gaddy [78] [-20,207]? 23, Dixon & Price [39] [-10,10]%

7, Matyas [39] [-5,10]° 24, Levy(n) [39] [-10,10]*

8, Penny & Linfield* [14] [-5,5]7 25, Powell(n) [39] [-4,51%°

9, Powersum [39] [0,2]7 26, Rastrigin(n) [78] [-2.56,5.12]*°
10, Branin [78] [-5,15] 27, Rosenbrock [78] [-5,5]°

11, Shubert [39] [-10,1071? 28, Sum Squares [39] [-5,10]%

12, Six Hump [-5,10]? 29, Schwefel [39] [-500,500]*°
Camel Back [39] 30, Trid(n) [39] [-400,4001*°
13, Colville [39] [-10,10]* 31, Ackley(n) [39] [-15,307%°

14, Hartmann 3,4 [78] [0,4]° 32, Ellipsoid [78] [-3,71°

15, Shekel [78] [0,101* 33, Plane [78] [-0.5,1.5]%°
16, Zakharov [78] [-5,10]° 34, Sphere [78] [-3,77°

17, Hartmann 6,4 [78] [0,6]° 35, Tablet [78] [-3,71°

* ) =0.5(xt —16x7 +5x,) +0.5(xF —16x2 +5x,)



45

4.4.2 daMIinaaoy
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a o 1 Y 1 ] d’ 1 1 = =1 % d”
Mannmammaey szgnulasalneglueia [0, 1] mededomanlTeumeuai

f; — ﬁnin

Snax = Jonin

4 1 d v { 1 1 d v :zl 1 1 1 o %
W0 fomin MilanFuihumenangannarilsnsuihvinensnuaniiod uaz f,, milsnduihvine

f= (4.14)

d' Y o [ d‘ d' 1 add‘dd‘ 1 Ly
qaqw”l@ ﬁ?’l’iiﬂﬂﬂg‘l’ﬂﬂﬁ@ﬂﬂlmﬂiﬂ‘] mmaau"lmmanm ’Jﬁ‘i/]ﬂ‘ﬂtjﬂellf]\‘il,ma$ﬂi‘gﬂ1ﬂﬁﬂ’6ﬂlm‘u
A1y o A g - 1 an A 1A Y Jd o A A -
i]$3Jﬂ11/\|\1ﬂ“lful,‘]9j11"f§J1ElmﬁEJL‘]Juf=0’d’)u’)‘ﬁ‘ﬂuﬂ‘ﬂQ’ﬂﬂ$1ﬁﬂ1ﬂdﬂﬂfﬂl‘ﬂ1ﬁu1EJmﬁEJﬂE]f:l
=~ ~ ~ AnAAA ~ o v A ax & ax ~
NaﬁﬂﬂﬂTi!f]JiEl“]JL‘VIEJ‘]JLLﬁﬂQGlUGHiNTI 4-2 IBNANYALITUINTNANUADID HPR sy swHaun

) A Y 3 IAan o w
Huaueluni wonuntiunids ACO, TS, FA, PR, 1ag SA awa1ay

A ~ ~ J Jd v A
AT NN 4-2 ﬂﬁlﬂiﬂ’ﬂmﬂUﬂW‘WQﬂ%HLﬂW‘HMWL%ﬁﬂ

=
=

ACO |CSS DE TS FA GA  PSO  |SA SS PB PR HPR
0.000 |0.035 10.040 |0.016 [0.050 [0.869 [0.018 0.032 [0.105 |1.000 [0.019 [0.005
0.020 0.520 |1.000 |0.130 |0.220 |0.265 10.000 [0.148 [0.542 |0.302 [0.431 |0.058
0.014 [0.056 [0.166 |0.005 [0.056 |1.000 [0.015 [0.353 [0.413 |0.778 [0.014 10.000
0.829 [1.000 [0.830 |0.553 [0.997 10.550 ]0.283 |0.988 [1.000 [0.912 [0.529 [0.000
0.015 [1.000 10.439 |0.000 [0.090 10.836 [0.520 [0.718 [0.687 [0.841 [0.024 [0.144
0.001 |0.051 10.068 |0.003 [0.037 10.400 ]0.001 |0.083 [0.089 [1.000 [0.005 [0.000
0.036 [0.109 10.293 |0.006 [0.099 10.500 |0.006 [0.501 |0.578 [1.000 [0.016 10.001
0.085 [0.074 10.051 |0.516 [0.284 |0.159 |1.000 |0.000 [0.193 |0.185 [0.190 |0.188
0.009 0.030 [0.132 |0.002 [0.043 10.440 |0.119 [1.000 [0.153 |0.658 [0.002 [0.002
10 1.000 0.076 0.516 [0.016 [0.149 10.421 |0.163 [0.069 [0.290 [0.755 [0.041 10.000
11 0.934 0.520 0.862 [0.165 [0.315 10.346 |0.539 [0.116 [1.000 [0.570 [0.340 [0.000
12 0.038 [0.801 10.476 (0.273 [0.363 10.536 10.998 [0.337 [0.749 |1.000 [0.125 ]0.000
13 0.239 10.186 |1.000 [0.031 [0.319 [0.329 [0.141 [0.154 0.337 [0.344 [0.165 |0.000
14 0.000 ]1.000 10.002 10.005 [0.006 [0.036 [0.301 [0.439 0.023 |0.203 ]0.084 |0.004
15 0.052 10.000 10.821 10.623 |0.885 |0.634 (0.454 10.920 10.377 [1.000 1[0.772 |0.573
16 0.033 10.017 10.412 10.001 (0.020 [0.632 (0.339 |0.180 0.205 [1.000 ]0.006 |0.000
17 0.000 ]1.000 10.051 10.237 |0.129 |0.191 [0.908 [0.001 0.531 |0.405 10.251 0.247
18 0.704 10.000 |1.000 [0.163 [0.175 |0.076 [0.150 [0.161 0.015 ]0.040 10.173 |0.097
19 0.000 10.462 10.000 [0.546 [0.619 (0.027 (0.890 [0.000 0.267 [0.081 [1.000 |0.417
20 0.000 10.000 10.002 10.000 |0.000 [0.000 (0.000 [1.000 0.000 [0.001 ]0.000 |0.000
21 0.000 10.000 10.036 10.002 [0.026 [0.338 [0.179 [0.001 0.199 [1.000 ]0.043 |0.000
22 0.000 10.014 10.000 10.006 (0.000 [0.001 [1.000 [0.000 0.057 ]0.022 ]0.022 |0.000
23 0.009 10.000 10.114 10.000 (0.013 |0.166 [0.308 |0.003 0.022 [1.000 ]0.042 |0.007
24 0.030 10.023 10.088 |1.000 |0.886 (0.059 [0.320 |0.000 10.042 |0.212 ]0.403 |0.408
25 0.047 10.000 10.147 10.006 [0.011 |0.420 (0.712 10.005 10.049 [1.000 10.061 0.001
26 1.000 10.386 |0.588 10.601 [0.485 1(0.176 (0.477 10.000 10.470 10.293 10.722 |0.379
27 0.076 10.011 10.759 10.000 |0.081 (0.481 [1.000 [0.004 0.117 |0.860 |0.153 0.087
28 0.001 10.000 10.042 10.002 (0.024 [0.149 [0.810 [0.001 0.157 [1.000 ]0.036 |0.000
29 1.000 10.266 [0.468 10.449 (0.485 |0.130 (0.827 ]0.000 10.795 10.223 10.679 0.507
30 0.110 10.333 |0.080 10.429 [0.000 |0.410 [1.000 [0.454 10.698 [0.515 1]0.332 |0.203
31 0.279 10.074 10.519 10.323 |0.264 |0.537 [1.000 [0.000 0.642 |0.889 10.331 0.079
32 0.004 0.000 10.041 |0.001 [0.036 10.119 [1.000 [0.000 [0.179 [0.452 [0.031 10.004
33 0.000 |0.000 ]0.000 |0.000 [0.000 ]0.000 ]0.000 [0.000 [0.000 [0.000 [0.000 ]0.000
34 0.007 10.000 10.065 10.000 |0.009 |0.106 [1.000 |0.000 0.187 ]0.319 10.016 0.000
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35 0.000 0.000 10.004 |0.008 [0.001 10.030 |1.000 [0.000 [0.025 [0.054 [0.232 ]0.002
total 573 8.043 |11.113 6.118 [7.177 |11.370 [17.477 [7.669 |11.192 [19.915 [7.291 [3.414

* PB = binary PBIL, PR = real code PBIL, HPR =Hybrid real-code PBIL
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@ o] e
yes
Find f(B,"") the actual

Post-processing t+1

function values of B,

Main procedure SM sub-problem

I
=~
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The selected points for
building a surrogate
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. Fixed Boundary
| Conditions r,=25 mm

R;=54.2
r1=40 mm
th = plate thickness

R,=42 mm

A o Ia
517 5-3 wvusu luwuata

QU

Y 1 Y
HYaymimseenuuulumsanuiill 6 Yaymidaleuunudie F1, F2, F3, F4, F5, uag F6 aail

Objective function : min fj(x) & max f(x)
Fl: fix) = w & L(X)=w
F2: ix) = w & fi(x)=4
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F3: fi(x) = w & fo(x) =1+ w/wg
Subject to
Ovon — 0,/ SF <0
1-4<0

Objective function: min fj(x) & max f>(x)
F4: i(x) = w & L(X)=w
F5:fix) = w & fi(x)=41
F6: fi(x) = w & fo(x) = A+ w/wg
Subject to

Ovon — O'y/SF < 0

1-1<0

w—-—wy<0
A H o ] = a Y A ' o Vo
Wew = hmiinlaseade, o = anudsssumavedlaseaialvuain 1, 2 = miledenisInedd
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v Y 9
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wazaanuilasany Sy =1.5.
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X5=th 3<th <45
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SPEA-O SPEA-Q SPEA-R SPEA-N SPEA-K
SPEA-O 0 0 1 0 0
SPEA-Q 0 0 1 0 0
SPEA-R 0 0 0 0 0
SPEA-N 1 1 1 0 1
SPEA-K 0 0 1 0 0
Total 1 1 4 0 1
Ranking 2 2 1 5 2
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1514 5-5 RMSE vaatuudnasanauni 1

Surrogate models w Oyon A 0]

Quadratic 0.234 8557.326 | 0.129 0.114
Radial-basis function 0.835 7905.801 | 0.365 0.534
Neural network 1.726 36085.47 | 0.843 1.110
Kriging 0.121 9600.842 | 0.202 0.198

?1519 5-6 RMSE @9411u31a09na1ny 2

Surrogate models w Ovon A 0]

Quadratic 0.002 170.826 | 0.006 0.006
Radial-basis function 0.127 685.544 | 0.043 0.090
Neural network 0.650 470.008 | 0.304 0.775
Kriging 0.027 318.878 | 0.011 0.017
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1:t=45 & 0 =10.354 2:t=3.7526 & » =8.3234
3:t=3.3758 & » =7.3085 4:t=3.3779 & »=7.3032
5:1=3.3613 & o0 =7.2929 6:t=3.0008 & » =6.3286
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1:t=45 & 1=6.3261 2:t=3.9843 & 1 =3.823
3:t=3.5599 & 1 =2.5781 4:t=3.5983 & 1 =2.5739
5:1=3.6555 & 1 =2.5201 6:t=3.0381 & 1. =1.6535
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1:t=45 & rtolo,=7.5573 2:1=4.3963 & rtolo,=6.4596

O —> 00O —D ©

3:t=4.1201 & k+m/m0 =4.9251 4:1=3.5884 & X+m/mo =3.5891
5:t=3.5532 & Mtolw, = 3.4666 6:t=3 & rtolo)=24581
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1:t=45 & »=10.349 2:t1=4.2534 & »=9.6302

O C=0 O =

3:1=3.9481 & o =8.8068 4:t=3.6521 & » =8.0402
5:t=3.6501 & o =8.0223 6:t=3.3791 & » =7.3022
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1:t=45 & L =6.2885 2:t=45 & A»=5.3614

O —> 00O —D ©
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1:1=45 & Molo,=7.5573 2:1=4.4813 & itolo,=6.5748
3:1=4.1914 & 7»+m/w0=5.3343 4:t=3.8581 & k+m/m0=4.254
5:1=3.8571 & 7»+03/030=4.1494 6:t=3.4147 & 7»+03/030=3.0684
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0.0015<t,<0.0115
0.0015<t,<0.0115
0.0015<1, <0.01
0.0025<1,<0.015
~0.003<z,<0.01
~0.0025< z, <0.0028
~0.01<z,<0.005
~0.01<z,<0.005
0<z;<0.03
~0.01<x,<0.01
~0.005<x, <0.01
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F3 Approximate Pareto fronts from using PBIL 6 times
6

O #1
O #2
= 5p vV #3]]
= O #4
=gl + #5|]
@
= < #6
2 v X
B+ ’
o
£ O
Sl v % 1
o ] X
= \
1] ] AV
i %X}%& % |
Oy

325

815 320 ' 340 L
Junction temperature, °K

H 4
77 8-13 dszanamuiramasuesns Iasmiu 6 assvesdulseanuun F3

WY W WY N S
Uy N N W N iy
N\Z NIl Ny Wy @

flh NNy N W Nl

v

A A A Y o 7 ¥ Ao
E‘]J“I/l 8-14 wuwwummm’qﬂﬂsmiz‘ummmiaumﬂumwamaﬂmmqmm F3:1



117

31 32 33 34 35

Y

A A A Y o '3 Y} A A
Eﬂ‘ﬂ 8-15 Wu‘i/]ﬁuW]@GUENQ‘]Jﬂ‘iﬂ!iZU'IEJﬂ'J'IiJ‘i’EJH%'IﬂLLU'JNaLﬂaEWIWI/]’GIW’U’EN F3:11

uuURIHamasnLs Ianangavesilyimsesnuuy F1, F2, uay F3 uaaalSeuieunu 1l

E4
v A

Tuziln 8-16 sl

Comparison of F1, F2 and F3 Pareto fronts

¢ | O F1Pareto front
O F2 Pareto front
v  F3 Pareto front
¢ Real heat sink

=
g
3, ¢
o
(=]
=
Q.
€ oL
=}
o w O ¢
c
g5 s
1+ O
V”%Q M .
w
bAs
oF AT A9
r r r r r r r r
320 325 330 335 340 345 350 355

Junction temperature, °K

N 8-16 nfSevmsunuInamasvoIn s Innangavesilyvin F1, F2 uaz F3

! 4 { g 1oy o ! a L4
103U 8-16 taTearmreduginys (0) vaasdemilensutivanen ldninnsinsz i

¢ 4 a s a o '
gunsaiszueanuiouniildesdlutesnaradieTdsunsunamansves lnameduam (Uinwes

E4
v A

¢ ) Y { {1 o 1 4 Y =
gilnsaiszennuseoundas1iluzili 8-17) Tashaauisais q vesginsaiszuieanuiowiluaail



118

V, €1{2.3,4,56) wasaodui, ¢ =8ilnamns, d =2 ilaawns, H =32 iaawas, n=21, W =63
Nadmas nag L =80 Nadwas 33910310 8-16 wuduuinamasveIns Innangavesilayni Fl
waz F2 gnasoudilaguuinamasvoanis Invesilyw F3 Favuieanuiuuinamasyeilym
ngudanilseenuuy F3afiga namasi lvmnamassesasuinonamasued F2 uaznamaoved Fl

o w Q'J 1 Y o d‘d [ 1 o gy Y
aud1e tunaasnmsoenuun Iasldduilseenuuuiinnuvainvateedrusuilym F3 ¥ ld 14

o Y A 1
Qﬂﬂimﬁzu']ﬂﬂﬂ']lliﬂuﬂﬂﬂ'n

51U 8-17 gunsalszuieanudeouniilinuaia

8.4 agwamsfnun
= "o ada o Iq ¥

VINRAMIANEINUNTUAsUIT IamsuuunateithvuieTaslszgnd 19 PBILTun13n
° A ' A ' 7 9 v
fmounTonamasvesilymmsmawingigacunsaoenuuugilsavesgniaiszinennuionld
=S ~ [ = I U 9 A =) =) [ £ A YA
& uazninmaiuiamsaneeenilu 3 nguaulseenuuuieSeuiieunu Fawah lddewamagin
nquénulseanuuy F3 andiwamasnnguaiuilsoonuuy F2 taznamasainnguaiuilsesniuy

= 1 1w 3 o Y J A Y
F2 ﬂﬂ’NW’dm’ﬁﬂﬂl@ﬂﬂqu@l’)uﬂi@@ﬂ!mﬂ Fluu 1/111141/151mﬂumsaammummmmz‘ﬂ’qﬂmﬂ%

o A

1 [ d'd o I ¥ 1 o’d‘d 1 1 Y d’do a
nguanlsitianurainnateazinln lagdsevesginssin@niinqualnishiisine welasama
v b4 4
mash 189103531113 Tag14PBILyne 3 Yyvanulianudeandosnuy uona1niainnis
AmsanylTeuieunuszi19MPSO SPEA uaz PBILWUI19 1N aNIT0USY0IUAAEIH 11
=< = o aA o v o oA & 3 A
msdany 3 Jymimsesnuun PBILTavssouzlumsmmaeudngaiilududuinnile seeaauine

SPEA waz MPSO auaiai



119

d
ﬂ1ﬁi’)@ﬂ!!‘]J‘iJQ‘]Jﬂ‘im§$1J1EJﬂ’J"IN%I®‘I~!!!‘lJ‘lJﬂ%‘1J!!1’I'Q

9.1 ANNIMN
A dyl A ~ 3 L 9/3 adAa v
mawﬂuumummmmmwm 6-8 L“]JuﬂTi’iJiZEJﬂﬁGlGI)'GUL!G]f]u’)‘ﬁ’)’)@]u1ﬂ1§!£‘]J‘1J1’Ta1FJL‘]SJ1W3JTEJ
@ 1 A o 9 = 1 = 1 d‘dyd = 1
ﬂ‘Uﬂ”l'i@f’)ﬂ!tﬂﬂﬁ?ﬂ%ﬁiﬂ%ﬂf]:ﬂ51]@\1@"].]ﬂimig‘ﬂ”IEJﬂ’N?Ji@l!LﬁJ‘]Jﬂi‘]JLLTN asuunsluniine Asuung
Y o A A [ o a s A a 1 9 4
HaaFMagNINIo LLU“]J%”I?!’(’N‘VIN?‘I'EI!G]F’Hﬁ'ﬁiLWﬂﬂ‘ﬁUTﬂﬂTSUlﬁﬁLLﬁzﬂﬁﬂTmeﬂ’JﬁJ'i’f)usluQﬂﬂim
=K o ~Aq Y = = v o dy v 9 dy 3 g
saudeasnle %ugﬂgguummﬂuﬂmuamﬂauwum ﬂﬂ]ﬂﬁ1ﬂ1§@ﬂﬂllﬂﬂﬁﬁ?ﬂlﬁ1ﬁlﬂ anidu
[y a A o o Ao ~ dy o 4
ﬂﬂJuWTﬂTi@i’JﬂLL‘UiJGD'LlﬂLﬂfJ’Jﬂuﬂﬂﬂu]!ﬁuﬂiuﬂﬂ‘ﬂ 7-8 Tuuntl %Zu"nﬁuﬂﬂ?iﬂﬂﬂllﬂﬂ@ﬂﬂiﬂ!i%ﬂ]ﬂ
Y = | AA A = 3 I ) L 9)3 an
ANMUIDUHLUUATUUTNNUATUUUUAIILASLIDYN ﬁnﬂuu%%L‘]_IL!fﬂiuTLﬁuﬂﬂTiﬂi%f‘gﬂﬂi%ﬂlu@]ﬂH’J‘ﬁ
%%@NuTﬂWﬁﬁ{l%LmU’ﬁTa@\iﬂﬂLL'VIMTHﬂTiLﬁﬂﬁﬂiiﬂu$1Uﬂ1§ﬁ1NalﬂaEJGIJ@QﬂiﬁJ’JUﬂ"Ii@@ﬂLHJ‘U
4 9 = 1 dy dy [ 09/1 1 d' 1 9y a
Q‘]Jﬂiil!SZUWEJ?’I’NiJﬁ@uLL‘]J‘UﬂiU!WN Mo IuuNHILIIVTALAZFUN I UNARIUIN LWinllﬂ@‘ﬁ”]ﬂfJ

'ﬁflﬁglaEJWUENLL‘U‘U%o1a’EN‘VI"I\‘]ﬂiﬁﬂﬂ?ﬁ@ﬁo’uagﬂﬂluﬁWﬂ"li@@ﬂLL‘]J‘]JLLéj’J

d
9.2 ﬂ1’ii’)i’)ﬂl!‘]J‘lJQ‘1Jﬂ§ﬂﬁ$‘lJ18]?1'31%%%1!!!‘1]‘1]?]%1]!!1’“%5@
::; o 4 9 =\ 1 Y ::; Q‘ dy
E‘]J“I/I 9-1 LLﬁﬂQLL‘U‘UQTQGQ%GQQﬂﬂimig°]J"IfJﬂ’J13J§’E)uLL‘]J°]Jﬂi‘]JLL°I/I\W]§\1 RIS EATRTEYRTATEUR

4 ] 1 1 1 ' '
u@ﬂlﬁﬁ@‘ﬂ’]ﬂq‘ﬂﬂﬁﬂlllﬂﬂﬂgULLWUﬁ@muWﬂﬂ??Nﬂ’gWQq}ﬂ\i!LﬂQﬂ?U WﬁnLLaWB@@'ﬂ@ﬁxﬁﬁ’NlWNﬂ%U S fin

F 1
¥

0

~ 4 9 =1 [
314 9-1 gUlnsalszEANUTDULVUATULNING

E]



120

Y W U U
9.2.1 MstnsHatazasasraauilseanuuy
o @ 1 4 9 9 QSII AadAa o

nszuaumsdinylunsesnuuuglinuesgnsaliszutennuiou dAreduaouls i dauing

uuurareihvuiene nsdsanazaeaIvadiulisonuuy MssiafsnsnIvuadals
1 @ o < ) a 1 @
ponuuue lFdunlsmagiuaes musuiwdn viomuiiiuaie daumsneasianensulina
@ I~ ¢ A 9 o o v Aa d Aa w

nndaudseenuuy lhifluvuanazginssvesglnsal ieanuusiaesdmivimsiziiFedna
[ = dy 4 A A A o o
ao'la Tunisfinuil vuevesnnmeseenuuuAe 21x1 WislaulsimuavuianazjUnsaves

4 Fl ~ J 3 Qy [ = Y o ~
gunsalszureanuiounuuAT ULIATINIdY 21 dautls Felszneudie SuauaTy YUIATIUUDS

gulnsal Anuvuveg I dls @M DIZYANNFIURIINATY 16 A1 LAZYLIAYDIAT ULNHIAA

a

D.

= o o Y v dy
TIUAYN NISVIUNTDOATUN ﬁ“lll”liﬂ‘ﬂ”lllﬂ Q\W]’f]ll‘]_]u

HeatSinkGeometry
dadsvudn x vine 21x1

1 4
doyavuioon vianazgliveglnsaiszutennuiou

1: SMMuAfIImesa1ae
Wﬁ” =X, Nf: I"OHI’Zd(Xz), lb = X3, H() = {Hl,.. .,H16} = {x4,...,x19}, Vf: X20, Whs = X21
2: fuAvess 4, = (W, - N, -wy, ) (N, 1)

3: dudeulufio 5, > 0.004futiums

3.1: S5, = 0.004
3.2: Ny =round(Wy, +S5,) (W, +S4,))

4: wIeduloulve s, <0.0025 A lmives Ny
4.1: N, = round((w,, +0.0025) /(w,, +0.0025))
A 7
wien lvassnenans
s anadulssaniuesnsszanumluyg ¢ = SurfSpline(xo,yo,Ho)
L WA HUIY0IAT ULDUUNTIIHRA X, Y,

L MAANVGINA WK1 V0ITUUNG H) = SplineEval(x,,y1,€.X0,Y0)

o 9 N W

o KR Y ' s Y} A a 7 o
. Uu%ﬂﬂl@ﬁ;{a““u"l@lllﬁggﬂ31@%@3@ﬂﬂ5m53ﬂ18ﬂ31u5@u LW@ﬂTﬁ?Lﬂ513147]1\1111/\1111!‘1/1'3@@‘“

Nyfotwuvesnsulundazund Heidu round(N) Aemsilawuar N, liludinudu dou
Wandu SurfSpline(xo,yo,Ho) fomsairaunusinesdumes ladulasldlasFugrundnuuisail
diodulsduie xo, uaz yo daudanlsawae Hy nanlgnnauaes Iadunsmnsnddulseans o
Haddu SplineEval(x,,y1,¢,X0,¥0) ﬁamsﬁmwfhmmqwmﬂ?uﬁfgﬂ X1, Y1 Lﬁaﬁmmmunﬂm W

18M3NT2918AIV0INNUFIVOIA5 VNI UAVINAT



121

= o 1 A o ' = < o | Aa
51U 9-2 APV UIVDIYAAIUANNDATUINUANNIIVDILINATU mﬂgﬂgﬂumuwuwumm

U

1 a o { o 1 1 a o U Y @
FIMUAVDUDALNUAUD H, ﬁﬂszmﬂﬂuag@mmumm 49 9@ Wﬂﬂﬂl@ﬂﬂﬂlﬁﬁWﬁﬁﬂ@]’Jllﬂﬁ Xp, AT

q

YY) 1 [ [ 4
yo lunszuaumsneasiadwlseaniuy (nilisudledyanyal +)

J}'

1 %Hz nH3 B4 H3 (H2 oI
H5 : 5
‘.4]: § nH qgjHBq]jH ~H6 AHS

E.J}Ilfjt.l:g-llIEL-.J;[-IIF’EE}-IIllfljg-llli] 9
ARNC AR RRE LY SR RN S

HS HI10 11'H12 Hil 10 tHS
10 AR 12 R ] ol

5 '::]:'Hﬁ I{.FH? E[.FHB |:|']:|H? '::jFHﬁ H5

1 nH2 nH3 nH4 nH3 nH2AHL
r r min r min ar

X

31U 9-2 AumiiaveganIugw

A 1 J v a a o @ 9 % @
enswamaed Ho, xo 1ag yo nDameiduilszanivesdumes lnduunulddsndugiuvdn

4
v A

YBHGH c ﬁ?llﬁﬂﬂ?llﬁ}iﬂﬂwﬁmaEJGU’ENig‘UUﬁiJﬂWﬂ“]QNLt%}u%Nu

49
Y K(d,;,)e; =H fori=1,.49 O.1)
=1

4 2 2
0 d; = \(xo, —xo,)” + (o, = Yo,
Y Jd o o o e
K(dy) = Mansugrumanuuisal (lunil K(d;) = d;) wag
= = d' (2 d‘
H; A9ANugauaensuNganiugy (xo,, yo,) danaadlugiln 9-3
Y F4 [
NTEUIUMIHADIUAOUN 5 ¢ = SurfSpline(xo,yo,Ho) Tumsnoasiaauls
[ a o 9 1 = Qa’l 2 1 Ja o 1 =
wasnnszyinalumsaiuianiuianue N7 uiagldiina x; waz y; Anugeueannianiy

v £
I wrisvesgamanil ansadiuaa lden

49
H; :ZK(dij)cj (9.2)
=1

o—

Ned,; = \/(xu _xO,j)2 + (O, _J’o,j)2

4
%

< { X o o '
nfeduaeun 7 Hy = SplineEval(x,,y1,e.Xo,yo) Iumisneasriaauilsooniuy juUn 9-3 udaq

£D-

e

N 1891nNsduaes 1l 3nanns (9.1)

=)



122

0.06

. Y

A W

9.2.2 HAaMISUTUABUIT I INMsuuVvaenihviang

4 @ { o A 1 J v
Lﬁ’ﬂlligfﬂiz‘]_l’JUﬂWSﬂ’ﬂﬂiﬁﬂ'ﬁMNRﬁMlé}’J sanseandumsmailengyulumsesnuuy lae

(%

a P 7 P PPN Aq ¥ A o
ﬂ?i'JLﬂﬁ']%ﬁﬂWﬁulwlluﬂ'Jﬂqu Lm%ﬁ']il']'if]ﬂﬁgf‘gﬂﬁislf‘llu@ﬂu?‘ﬁ'] ﬁllu'lﬂ'lﬁﬂclclﬂﬁalli”Iua"ﬂﬁﬁﬁ'ﬂ‘mu')u

a Iy Y u’/’ Aada v A A 9 A [y
(ﬂﬁﬂﬂulﬂﬂlLlﬂ"liﬁWWﬁLﬂﬁfJ mummmammmmman%mamwamaﬂmmﬂﬂgmmi DONUUULHUS

=

v v { o 1
ﬂﬁﬂlLUUﬁﬁ'lEJl'ﬂ']ﬁiﬂfJ (ﬂﬂtjﬁﬂaﬂﬁﬂuﬂﬂﬂﬂﬁ 7 18 8) Gll'E)QQTJﬂﬁfl!ﬁZ‘U']‘(’Jﬂ'J"IiJ%}@uLL‘U‘Uﬂ%ULWN@]iQ

q

2 [
Ao PBIL, SPEA, PSO, uaz AMOSA [6] W1mssuuaaziunoulziiamuinmsmenininouues
Uy d ° 1
PJymmsesnuuy 3 sou Taelduualszmnaiu 25 nagdmiuiniugegane 35 50U FaHNIBAIIN
' 1 a, o ng a o o uaJ‘ % o
Tuaaz s gt uauasilums sz Wl luiiequ 35%x25 = 875 a5e daldnarlumsdiuiaunn

a 3 ~ ] o A
Gll‘lﬂﬂsll@\uﬂﬂﬁﬂ“ﬁlﬂﬂwalﬂaﬂﬂ‘lﬂgﬂﬂﬁ@UQWﬂ@ 50

@

@ 1 aaa a’dy 091} A
AANIITULLAASID @lu1ﬂ1'§l!‘U’Uﬁ'ﬁ'lﬁllflsjﬂ/ill181uﬂ1396ﬂllﬂﬂfgﬂﬂiﬂlu 3 A3 Lmﬂﬂugﬂ‘w 9-4
4

TuugazsouueINssuduaouIT MamMsuuuvatethvine Isnanlszua 43.75-58.33 %214
mManlFeuneun HV uazan generational distance (GD) voauuiwus Ialugin 9-4 naaaluaisis

A =~ ~ 1 Aadav A A o [ dy
7 9-1 Nawamsseuneunun ’JTJ’J’NJJu"lﬂTiLLTJ‘]JWEHEJL‘]BJTWMTEJ‘VMVIE‘TQ dwmsvdanimsesnuuuil

a o

9) A

1 A ! [ [
flo PBIL 509031170 SPEA2 dauish ldwamseonuuniilusudugaieio PSO

15199 9-1 wamsilFeumey HV uag GD

MOEAs | Average HV | Average GD
SPEA 0.8024 0.0438
PBIL 0.8141 0.0395
PSO 0.6427 0.0839
AMOSA 0.7788 0.0504

{ 1 % [ { 1 o
uuanus Iadangadelaninmssu PBIL uaaslugdi 9-5 dauvuiauazjinssvesgilnyol

szuanudeuiaeandssfuuuans Talugl uaaslugdi 9-6 nngiuaaslifiviud lumsiu



123

FOULVUATUUNIATIY HAINHAY

Y

V1IN

o
ananagglnIaisy

‘Jlﬂl

9
1%

AUINTITUUIANT 131

ada o
HUHABDUIDID

g
U

Comparing fronts from various optimizers

sUtVVAULEA

U

L0
)
=]
4 @
5
)
I ]
S 0
< m S
AH ) sl @
EOO“_:@ o
0w =2m o =]
Cp I AT A A A
+&+ 0
a S
T @
o
e
15}
o
(=]
e
o
o
2]
L
[+2}
o5
™~
S -1 - e 2
L
L 1 1 1 1 [a4]
o] o [To] — LD 0%
N o - o C
o o o

(nepr) 1emod Buildwnd ueq

Junction temperature (= K)

51N 9-4 tuw s Iah 1

ad 1

Y

mmms%’uaﬁmm

QU

Non-domonated solutions from best Pareto front of PBEIL

o1

n
—
(=]
L]
-0
[ o
M=)
&
B B-:
[ pes I o
|
i
— 53
7 BB
-8
. 8
e |
a—0 _z
&
—
N
T 0 a
—_ ]
e ... B—&g
z— 0O ”
..... =
N 2
2 g
—:78
=
—
w—a |2
a
N = il
«  -—n
| | _ g 0 2
s s &8 £ g8
(=) = & o -
ey amod Smdumd ue g

Junction temperature (K)

517 9-5 uuINUT 19

U

71 PBIL

AINNIITU




124

Solution#2 (#,=0.00487)

Solution#1 (#,=0.00455)

Solution#4 (#,=0.00465)

Solution#3 (#,=0.00458)

Solution#6 (7,=0.00486)

0.00485)

Solution#5 (#,

tion#8 (1,=0.00486)

Solu

Solution#7 (#,=0.00487)

0.00488)

Solution#10 (z,

Solution#9 (#,=0.00486)

Solution#12 (#5=0.00457)

Solution#11 (£,=0.00492)



125

0.00458)

Solution#14 (7,

0.00499)

Solution#13 (7

0.00486)

Solution#16 (t

0.00457)

Solution#15 (1,

0.00461)

Solution#18 (¢

0.00487)

Solution#17 (¢

0.00490)

Solution#20 (¢,

0.00490)

(1=

Solution#19

—0.00457)

Solution#22 (¢,

0.00488)

Solution#21 (¢,



126

0.00486)

Solution#24 (#,

0.00488)

Solution#23 (7,

0.00486)

Solution#26 (¢,

=0.00488)

Solution#25 (¢

Solution#27 (#,=0.00454)

0.00492)

Solution#28 (7

0.00490)

Solution#30 (¢,

0.00488)

Solution#29 (¢,

0.00491)

Solution#32 (¢,

=0.00488)

Solution#31 (,



127

s
oos 0 o’ O

oos 0 ona 0

Solution#38 (#,=0.00493)

Solution#39 (#,=0.00486)
~ I t4 Y A
319 9-6 3151990991 N Bl szINEANUTOUNT UNAIR ABVOIN S 0

¥
Yy K

I3 v £4
iensndoDuazdudulszaninmuesnszuaumsesnuuunaaduuun luiil Téiinswn
A t4 Y A g 2 Y 1q ¥ ~ A A
mnghgavesgilnsalszuneanuseuniuilymimsesnunu@edinu ualsnnugevesnuann 5
dyq.l o a 4 1 o do o ~ Y = 1
cm wonInt FaiinmsamsizimmiladduithmuevesginsaivanilasuniwFeununaiuumng
Axq Y a @ dy
a3anN 19959 Al
= 14 < = = =
-Model 17R #aunIN9geilu 0.0635m ANNGAURIATUAIN 0.0424m YU1AVDIATY
' o <3
0.0033m ANUHUIVOIAHUFIY 0.0127m azlismuaiuilu 14x14 fins
= 14 <3| = = ~
-Model 11M #anundeguily 0.0508m ANNGIveATUAIN 0.0269m YUIAVDIATY

1 o d
0.0033m ANNHUIVBAUHUF Y 0.0048m tazlidauaTuilu 61



128

. ,
-Model 14M fianunAegudu 0.0508m aNugveensuaIn 0.0480m YUIAVBIAT
) o d
0.0033m ANNHUIVBAUHUF Y 0.0048m tazlidruauaTuilu 61
4 . du 9 4 da g A a4
wethuuanus Tad lannmsesnuuumingiganinnugauesniuaai nulFeudisuiuun
! 1o I @ s a o ! 1
W3 lanngd 9-5 nazarilenduihvuievesginsainiildausseasinanludresdu nans
=) [} d’ 1 td' QBJ}
fSeumesunaaluglin 9-7 vazmsvensnmueaunanus Taegluzili 9-8 9nginsaes awisoagy
Y 1 ~ 4 9 = 1 A ] [ 9
1491 msviaunuighgavesglnsaiszurennuiosuunaiuuniase Ninsdsuainnugeld

vanvate 92 1iNanIeenUUUNN AU IO U NNANUTBULAZAINTA UL UNITNANINTODNLUUN

9
A o

) a = ' = v ¥ ¢ = Y Aa P
1%ﬂ31ﬂq’ﬁﬂl@ﬁﬂ3ﬂﬂﬁﬂ HagMIMmIaunuIEngau 1/]1114[1QQ‘IJ ﬂimllﬁﬂL‘IJﬁfJuﬂ’J”ﬁJi@uTlﬂﬂ’NQ‘ﬂﬂim

9 1

supu@eiunilsegluilagiiu

Varied fin heights versus Constant fin heights

05~

oas. @ -~ Varied fin heights

--@- Constant fin heights

041 =
£ ¢ Model 17R(H; =0.0424m)
S 035 * Model 11M (H. =0.0269m)
% 03r v Model 14M (H, =0.048m)
o 025
£
g 02r
)
2 015}
G
w I

0.1 . ,

005 g ‘. @

0
298.5 299 2995 300 3005 301 301.5 302 3025 303
Junction temperature (° K)

E‘]JV] 9-7 L']JiEJ']JmEJ‘]JLL“L!’J‘W”IL?IG]iﬂﬂﬂﬁﬂﬂﬂllﬂ‘]ﬁ/]uﬂ”ﬁﬂizﬁflﬂﬂ’ﬂuq\iellﬂﬂﬂiﬂLLﬁ&L‘]J']Jﬂ’J”IﬂJEIQﬂQTI

Varied fin heights versus Constant fin heights

0121 - Varied fin heights
i} --@- Constant fin heights

2 or ¢ Model 17R(H_ =0.0424m)
& ; * Model 11M (H. =0.0269m)
2 oos B v Model 14M (H, =0.0048m)
> 9
S 006 I
= g
S 004 b.__‘_

0.02} '..‘ O--mmmmee O--Q------ @

....... ..-... ..

r r r r r r r

.
299  299.5 300 3005 301 301.5 302 3025
Junction temperature (° K)

31U 9-8 druvesveaIns Tnlugin 9-7



129

! ¢
9.3 My urnziiganuuraeihningvesginsaiszinaanudeunuuasuunaes

A o 4 9 = = o A
E“]J‘VI 9-9 1ag 9-10 LLﬁ'ﬂx‘]LL‘]J‘]JiﬂaE]\‘]ﬂJ’ENQ‘]Jﬂiﬂ!iz‘ﬂ18ﬂ]13J5@1!LL‘]J‘]Jﬂi‘]JLWNL@FN G]’JLL‘]JTVI

4 A o ~ ' A a A o
N Lo nmiionngUnsalluuaAs LA IR YuRes (bevel) ¥oan3D Aaaaslugl

NN
//
T i

Constant heat load

Inlet air

P

{ Yy 9 s '
317 9-9 JdwievesginsaluuuaT LINIABE

ean
=
=)
©
-
o

e
=
D¢

4 G 1
muummqﬂmmtmumwmu%m

9.3.1 M3rnstiauazesastianiuilseanuuy

Y
o @ 1 4 Y Aana v
nszurumsdingylumsesnuuuzlinuesglnisiszuiennuion areduaouisIianins
uuurareimuiene nstdsanazoeasvadiulseonuuy MtisafsnsnIvuadauls
[ @ o 3 o a Il o
ponuuuIe 1dulsmgiuaed s wwdn nsemuiIui e dumsneasianenisulsna
@ I~ P 9 o o v A ¢ a o
ninamlseenuuu lihifluvuauazginssvesginsal ieadauuuiassdmsuimsiziiFadnay

1 =2 dy J A A A v o
ae'll TumsfAnwil auevesnmeseenuUne 24x1 WisliaalssimuavianazgiUns ey
E4

J Y ' qszl Qy @ o o Y o
QIIﬂimiZ'U'lﬂﬂ’)'lll5E]HLL°]J1J?]§°ULL‘VNG]§\WNE‘TH 24 G]'JLL“]J? ATITUIUNTDOATHE fﬁiﬂi’m/nhlﬂ ﬂ\‘lﬁ



130

HeatSinkGeometry
faua) st x Ve 24x1

] s A P
Tayav19en viALazjnswesginsaivantlasuaiuseu

o 1 a Jd a o
1: MUUAANITIUADITAN)DADANUAUDY X

Wﬁn = X1, ]\/}': I’OLII’!d(Xz), i = X3, L= {Ll,...,Ll()} = {X4 *X13}, {ﬂl,..., ﬂg} = {X14 *XQQ}, Vf:
X23, Whs = X24

2. fﬁ'luflﬂl Sﬁn = (th _Nf Wfl}’l)/(Nf _1)
3: dloulufo s, > 0.004Auliums
3.1 54, >0.004
3.2 N, =round((wWy, +5 4,)[(Wpy +5 4,))

4: vioduloulufo s, <0.0025 WiiwamaTy N, Inj
4.1 N, = round((w,,, +0.0025)/(w, +0.0025))
4 ¢
wiou luassnamans
Y = Y A
5: @5199A02UAN 7X7 A WIULNUAIY X, Yo NINTLIIGANINGIVEINTUNAAIVAN L, N3
NTLBMYVOFUNUDIATUNYAAIVAY o, 1HATNITNITDIBAVDIYNIDEAVDIATUNIANIVAN B

6: Usunlasuarveaynoss g;i=2,..., 9

61 f =5

02 = o= i g

03 Bu= o o= o+ o) g B B
64 By= Pl = Brw o) g By = By

7: fuduaves H,, H,, H, Nyaaiuny
7.1 Hy; = Licosassinf;
7.2 H,; = Lsing;sing;
7.3 H,;=Licosf;
o a a o o 9 o d o [ [
8: mmumieumasTﬂga%ugmu%mﬂwgmmﬂumiﬂu
8.1 ¢, = SurfSpline(xo,yo,H)

8.2 ¢, = SurfSpline(xo,yo,H,)
8.3 ¢, = SurfSpline(xo,yo,H.)

9: MUUANNAVOIATULNY X, ¥
10: Mg TN uyeIns uIng

10.1: Hlx = SplineEval(xl,yl,cx,xo,yo)
10.2: Hy,, = SplineEval(x,y1,¢,,X0,Y0)
10.3: Hy, = SplineEval(x,,y1,¢:,X0,Y0)



131

4 [
11: a¥ngiUnsevesginssiszuisanuiounuuasuunades 1indoya x,, yi, z, Hy,, Hyy, Hy.,
Np, Whiny Wi, t.
o ¢ A a s
12: fufindoyazinssvesginsaiiiomsdins iz il luiiequ
3 { @ ) I d o [
Tuduaoui 1 4uls xi, round(xy), x3 gnimualiduanunievesginsel S1uauasvuluua

4 o w v { {
asLunn L!,agﬂ'JTNWHWJ@Q?THQ']JT‘I?EH@TN@T@U @]']LL‘]J?ﬁi%iuﬂ”ﬁ1’i1ﬂ15ﬂi%ﬂTﬂﬂ?T?JﬂT?ﬂl@Qﬂ%Uﬁi}‘ﬂ

AAUAD L; (xg-x13) WAZEMSUYUIBOY B (x14-x22) JUN 9-11 naaamsadensuunanuidoanas

7 A

v a < o a
Amsidmeindesldlunisszyanudecresaiu isiaiwisaldneestinuanania
- - | a = = 1 o’dy Y
H,i+H,j+H_ kwosgyiamimaideavednivlag drulszneuvesnnmeitiannsani ldan

ANVIIVDIATU YNOFUN HAZNIDE

| Z

A a o ) 9 o 9 a 1A
Eﬂ‘ﬂ 9-11 Wﬂliwulmﬂjﬁ1ﬁiﬂﬁiq\1’@1ﬂﬂim531”8?’]')11]5’EJUL!UUﬂiiJLLV]QL@EJQ

v ' I3 '
TUADUN 2-4 (F8NNTFOUNAIRAY ﬂanﬁmﬁ@amGm“uNﬁwawamaa"lmgslumamwﬁ
o P4 Jq 9 ] v o Y v 1 Qs: Y 9
fvuae 13 isensodszgnaldnszurunsgounamaslunmsienu sl smaniunauda
H 1 v Y
agluvenwandosnuuuiivua 3 Faluniine 0.0025 m < s4, < 0.004 m.
z d‘ o o 1 o v d‘
TUABUN 5 MUUARHUIVDIYANIVAN (X0, Yo) 31UIU X7 = 49 9a auaaaluzili 9-12
R ' ) A 1 = 9 = v
FIAAINITNTZNBAININE1IV09A5 U (L) Taeitoulyi anueaiudesauiiasfieunnszuny
A1-A> uag B1-B; luihueameinu mimzmﬂmﬂmwm@ﬁw (o) LLazguaﬁﬂq B uu@‘inmﬂwmﬁgﬂ

auauuaadlugln 9-13 uag 9-14 muddu



4 B
¥ 2
JLL L2 (13 114 13 10 11
g 5 E T 7
e i ¥ o
43 L6 (18 iI9 (I8 16 |13
Ay lta 17 10 110 10 17 |14 4
43 L6 (18 19 18 16 |13
7 7 5 7
J2 L5 16 fL7 16 L5 [L2
oLl (L2 I3 14 13 .12 |11
X
B,
JU7 9-12 MINTLIBAINNUEIVBIATUNYAA IR
A

¥y
4135 120 105 ?90 o2
4150 (}35 1&15 gﬂ 6;.5 d-g

165 J575,135 390 45 225

180 180 180 80 .0

4 8 Sramann

- _157.5-135: - 225
1-165 ;157.3-1358.00 c45 225 U1

"-13-00-135 511"1.'9{' 56.-.3- 545

41355120 (105 § 00 (75 60 J45

X

31U 9-13 MINTTBAYNBTINVDIATUNANIUAY

&
y
VTV OV W B
ICRV RN -
18 o5 o 3P B ps

SN T T 2
PE o8 o B SE S
R Gl L S T

Bl B 5§ B o ;)
X

“

D.

719 9-14 MINTLNBMYVIDIIVDIATUNYANIVAY

U

Y
%

b
Bo < B < By Fuiluitouluivih ¥ nsaluanuldsuanudouansaadaldesa

Y
o

anIuqu (Hy, H,, H;)

132

v Y 1 1 1
unui 6 1WudnTuneunila lumsdounaman el lakeuly Bs < B, B < fs < s, tae

UnoUN 7 ﬁ']u’)ﬂ!ﬂ']ﬁﬂ'§$EMEJGII’ENf;’hLl’].]'58ﬂ’EJ‘]JEJ'E)fJGU’t’N!'Jﬂmf)gﬁ'lﬁlmﬁﬁﬂﬁﬂﬁlaENGU’ENﬂg‘]Jﬁ



133

9
o

1 [ a = a 4 v o [
Juaoui 8 mdulszansvosdumes lliadudwisy H,, Hy, uaz H, (\Fouunuaie c, c,
o @ a o o o o o o o
uag ¢ muda) Tagldmsswaes Iatunuuilssdugumanuuasatisaaaluaums (9.2)

05/' ~ 9 A 2 ) ] = c?j
YUADUN 9 ﬁﬁNﬂﬂﬂlﬂu@nllﬁu@‘ll@ﬁﬂﬁﬂﬂﬂﬁuﬂ X1, Vi

[

Y v
Funoui 10 wiawlszneudosveanmes MAUAANIeIATLLAAZSUIINTDYAdUIADST
o :j { ng Y ! o Y =) 1A Y
Tihatuluduaeui 8 Mimiu sawsadiegliesginsaiszineanuiouunuas unnaudes Ia
g}' ' ! @ ] 4 9 Ay v W
Tuduaouse i 317 9-15 uaadiodsvesginsaiszuiennuiounasenInnizuIuMInoaTHaA)

d' o dy
uilseenuuuniuauel

0.045
0.04
0.035
0.0z
- 0.025
0.0z
0.015
0.0
0.005

-003

A @ 1 4 = 1A Ay ¥ v v
gﬂ‘ﬂ 9-15 G]’JE)?JNQ‘]Jﬂi‘mLL‘]J°]Jﬂ5‘]JLL‘V]\‘]LE]EN°V]llﬂi]1ﬂﬂi%ﬂ’luﬂﬁﬂﬁ)ﬂiﬂﬁﬁjuﬂi’ﬂﬂﬂLL‘]JiJ

9.3.2 HaMISUTUABUIT I IanNMsuuuvaenihvianeg
d' 9 v d' 9 ) a 1 J v
We lanszuiumsnoasHanmngauudl mmansaauiumsmmdansulumsoonuuy Tae

a ¢ ¢ /q Yo At Hq v A o
ﬂwﬁjlﬂﬁwzﬁﬂ'mllwllu‘ﬂflﬂqu LlazﬁTﬂJTﬁﬂﬂ§$Qﬂ@]1%ﬂJu@@u3‘ﬁ ﬁlu”IﬂTiV]i%!ﬁﬂli]Uﬁ@ﬂWi@ﬁ]’]H?“

a 3 Y naj ada o A A Y A [y
ﬁ]iﬂﬂllﬂluﬂ”liﬂTNﬁmﬂEJ ﬂjum@mmawmmsmaaﬂhmamwamaﬂmmﬂtymmi DONUVUINNIS

D.

E4 v
o [ 1 [} adAa o 9
fgalumsfnuiiide PBIL, SPEA, uaz PSO himsiuuaazduasuisiianims Taslduuia
[~ o A £ 1 1 axqg Yo QSI‘
Uszy1nsidlu 25 nagdiuIuIIUgIgane 35 50U FanN1enuuaazIT e uIuaT luns
a 7 ¢ g 4 0 a g A
amiwwllwulumaqn 35x25 = 875 a59 e lgnarlumsfiuiaun vueveuwasndnuHamash
liignaseudre 50
[ 1 ada o n'dy A

HamssuuAazIs M iannmsuuuratethvunelumseenuuuginseiil uaaalugdn 9-16 ms
alFeudisua HV veauwawus lalugili o-16 naaaluaisnan 9-2 sanania/Soumeunui 35
Ad'd { ) v

E4
Wannmsuuuvaethvinenanga dmivilymimsesnuuil Ao PBIL 509031170 SPEA2 du

Q

A, { d U o { s {
I wanmseenuuuiilududugaiieds PSO tuannslanldninnssu PBIL udaslugdi 9-17



134

[ o 9 A J ; ~ 1
druginssvesginiaiszuisanuouniumamasainuuInus latiuaaalugin 9-18 vinginun

9 4 [ ng; anAa o d! z
L'iﬂﬂgﬂﬂﬁﬂ‘llﬂﬂ@ﬂﬂiﬂ!ﬁQWﬂWaWEJE‘]J!L‘]J‘]J AMNNITTUVIUABDUITIIAUINITINUIAIN

13197 9-2 wamsulSeuey HV

MOEAs Hypervolume
SPEA 0.00228
PBIL 0.00231
PSO 0.00203
-3 Comparing fronts from various optimizer
12310
(@)
1 Qo -B- PBIL
-0~ SPEA
g : ‘© PSO
3
ZosH %
5
B
£, 0.6 i
[=T) [~ H
£ 8
]
2
= 0.4~
=
0.2
[ [ [ [ [ [
$os 298.5 299 299.5 300 300.5 301
Junction temperature (K)
, . v
3191 9-16 wan133u28 PBIL, SPEA 1ag PSO
x10 - Non-dominated dolutions from PBIL
67 -
0---2
5,
Ear
i --=3
L
R M,
: oo
g, | kAT
H Oo--1u
= O---12 s 17
1+ OEF--3s Oppzls o6 i
[ [ [ [ [ [
?98 298.5 299 299.5 300 300.5 301

Junction temperature (K)

507 9-17 unawus Ta 1danmssu PBIL



135

:
!

oo

Solution#1 (#,=0.0049)

Solution#7 (#,=0.0031) Solution#8 (#,=0.0027)



136

0.0043)

Solution#10 (,

Solution#9 (£,=0.0029)

0.0049)

Solution#12 (¢

Solution#11 (#=0.0048)

0.0026)

Solution#14 (1,

Solution#13 (£,=0.0027)

0.0045)

Solution#16 (t

Solution#15 (1,=0.0048)



137

Solution#17 (#,=0.0033)

51/ 9-18 UnswvesgnsaiszineanuTounInuuIN s Talugali 9-17

P4

d' = [ a A d‘a Y =X lds’ Y o
LWE]GIE’Ji]ﬁ’EJiJL!ﬁ$8uﬂuﬂ5$ﬁﬂﬁﬂ1‘wleﬁNﬂ‘i%”U’Juﬂ1iﬁ)flﬂllﬂﬂﬂﬂﬂﬂuﬂlu1ﬂﬁl°ﬂhu Ul@ﬁ/ﬂfﬂi

a J 1o J o t4 A 9 ~ 1 Aag Y a %
’Jlﬂi1$ﬂﬂ1ﬂ17\|\1ﬂ%ulﬂTﬂM186116\1Qﬂﬂ5m!,!aﬂLﬂﬁEJuﬂ’Hlli@uL!‘UUﬂi‘U!,L‘VNG]iﬁﬂhi%%i\ﬂuﬂi}ﬂﬂu

€

Lo
Zhe

- Model 3-101011P: 7x7 fins, 25.4 mmx25.4 mm fin base area, 27.9 mm fin length,
1.524 mm fin diameter, and 12° bevel angle

- Model 4-151511P: 11x11 fins, 38.1 mmx38.1 mm fin base area, 27.9 mm fin length,
1.778 mm fin diameter, and 12° bevel angle

- Model 3-202011P: 15%15 fins, 52.1 mmx52.1 mm fin base area, 27.9 mm fin length,
1.778 mm fin diameter, and 12° bevel angle

A o Ay v = = = = o
diohwes Tad ldanmsesnuuumingiga lugd 9-5s vulSeuiisniuuuamus Taangil

{ J Jd o I a o A U
1 9-17 wazgarilanduithuuevesglnsaindildauessdennanludisdu vansnlSeuiiounaaslu

Y
) s A

~ 1 P 9 @ ==} Aa A 1
317 9-19 MingUwu ginsain lannnszurumsesnuunluiadeil Husz@nimwgeniignsaindl

A 1

a o 1 @ 1 Y 1 @
IHuaseluilantiu vagdniimseenuunluiideneuniiiil nsee1anailain ginsain lden

Y A

Y v I
nszvrumseanuuuluideliiaussouzdngailofoununszuiumsoonuuuluunuaziadedn

NI

Pareto fronts
0.04-

o O splayed pin-fin
0.035~ O straight pin-fin

CB W Model 3-101011P with 7x7 fins

0031 & Model 4-151511P with 11x11 fins

g Y Model 3-202011P with 15x15 fins

£0.025F

- o

@

2 0020 2

2 %

o0

= (o] °

‘2.0.015~

: Ra0o

=9

S 001

<

=

0.005— 0
o- Oooom m o * v
L L L L L [
298 299 300 301 302 303 304

Junction temperatre (K)

= = =~ Y J ] a
qﬁj‘]J‘ﬂ 9-19 ﬂ'li!,ﬂifJ’]JW]EJ‘UN'ﬁfﬂiﬁ]ﬁ]ﬂullllﬂUQﬂﬂ5m§$U18ﬂ31Mi®uﬂiﬂ



138

U

g.’l Y d
9.4 m3szgnalFiunen3sI Tannmsuuuwaniumsesnuuugilnsaiszinennudeunuunsunma

33

v '
Y A A

by % ° y {
‘1’i’J‘llﬁluﬁﬂbl1ﬂ15ﬂ§$falﬂﬁcl"]gfjl,m‘]_li]TaEN‘VI@]LL‘V]Ll!ﬁm‘Wllﬁlliiﬂugﬂlﬂﬂﬂﬁﬁ)ﬂﬂlmﬂl‘ﬂﬂ1$ ﬁq@ﬂlﬁl\i

a [

4 Y = [ 9 qgj aAa cidy I =
qﬂﬂsmsz‘ummmmmmummmmﬂ AJYUVUADUITIINUINIT °lu1nu W UNISANYINIG

v 9

ﬂizqﬂﬁi%’sﬁumu‘i’ﬁﬂﬁwauwmmmuﬁﬁnﬁuaiummadaﬂ 3.3.1 nanfeldis LHS as1uwavueq
pamagdu Mnuawuiaemanmu lufiisenuuiiaes Kriging #a991nldunuiiaes
NALNY 11M35135 PBIL (Lﬁmmmﬂu%’%’ﬁﬁﬂﬁzﬁwﬁquqq@iumiaammuﬁ@ﬁ’) o'l dwainay
voawus Tauda iamsmailai#ueweramasai 5mﬂusﬁyumuqﬂﬁ’wmmﬂizmumi
PONIUY

Goulvnisesnuuulumsdniae Uszgnd1d LHS  af1amainas 50 ga iietiunaig
uuu$raeanauny Kriging 317 9-20 uaméimmiwmwamaaﬁtjuﬁ?wﬁumuuTmuummﬁlqﬁ%u
dhne nntiusy PBIL meldmsmailaisudroniiasamaun Taeldvunalszanns 100 uaz
Suamaaauiiy 200 die ldwamasd lignaseudindy fadonnamanianiuin 25 Auiteiinsi
milsdiuasa uazimamsoonuuui 18 S suifeufuramasiuanus Talugdii o-5 Fsdednilu

[ v
A A %

P v
) Y o ada v
Wﬁmﬁﬂ‘ﬂﬂ‘ﬂ’q@]ﬁﬂ’ii“]J‘ﬂinTﬂWiE]'E]ﬂLL‘]J‘]JﬁI@]fJfﬂi15]5"11Ll@]?JL!’J"dﬁ’)'NMuTﬂWiLL‘]J‘]JWﬁWEJLﬂTWiﬂEJ

50 Training points generated by CFD

04 T O T T T T T
o
035} 4
o
o
_ 03} 4
g
2
= 0251 §
: | o .
2 m o
Ejj 02 O o -
5015— 8 o o = §
3 ° a °
] m]
O
= oaf oo g = i
o g B8_ 0 oy
0.05- oo . = O a 4
O o [m] o oo [m]

I I I I I I I I
999 299.5 300 300.5 301 301.5 302 302.5 303 303.5
Junction temperature (K)

31111 9-20 wamavqun LHS riveeadauuusiaeananni

i @ 1 J v o
507 921 ugaauudwus Ia Ida1nnssu PBIL Tasldmsmamilanduihuuennuuniiaes
] 9
naunu ieiimsAanamasy 25 ganazmiarilanduwihnuiesiveswamasiianiu 910013
a s 'S o o {
Annzma vl luiequ nazi lwFeuieununuawus Tanngli 9-5 wamsulseuisunaaslu

A qg/l v W o &2 o [~ 1 T A o 1 1
317 9-22 9031 wamus TnisdesadunuaseuFan ULz ALY uaeA LU HV Wi



139

! { ] ' H o
A HV voauuants Ingd 9-5 Ganilu 0.48699 dau HV voauuanus I ldanmsdneluiade
y 1 1 ] o =] ' <
1ifi0 0.46845 ugasiwamsoonuuy Iagld PBIL 7 lifuunirassmaunudninanios od1elsnam
4 o ng a o 4 1A ! o a 4
WenlSoueusauasilumsinsgd I luiequnua 33 PBIL #lduuuiiaesmaunuiniigs
s = & = = ) s &
I luirequiiies 50 +25 = 75 a5 luvazivuivns Talugli 9-5 14 35x25 = 875 Age Wu
I A o 9y o ' A 1 J Y

NeaNuINIsHa s T uuunIssnannon 12 M1 JUnIsvesgnialszuienuTeuIDY

a ' Ay v o ¥ A A
‘ﬂ'i’ULW]\W]i\W]llﬂﬂ'lﬂﬂ§'$‘1J'JuﬂTi’f]'f]ﬂLLU‘]JGI,uW’J“U@uL!ﬁﬂQGlH?"]JVI 9-23

100 solutions predicted from 200 generations of KRG model
0.14 T T T T T T

012

0.1

e

=

@
T

Fan pumping power (watt)
=
=)
=3
T

0.02r

I I I I I I 0
288.5 299 2995 300 300.5 301 301.5 302 3023
Junction temperature (K)

51U 921 uwawus Ta 1d9nmssu PBIL Taelduuusiaesnaunu Kriging

Comparison of PBIL 35 generations with PBIL-KRG10
0.14r

-Q-PBIL 35 gens.(875 evaluations)

0.121 ~B-PBIL-KRG10 (50+(25x10)=300 evaluations

0.1

T

0.08-

0.06-

0.04-

Fan pumping power (watts)

0.02-

———

[ [ [ [ [ . [
288.5 299 299.5 300 300.5 301 3015 302 302.5
Junction temperature (K)

d' = =
71U 9-22 manfFeumeuunivesnamay



140

=0.00433)

Solution#2 (¢

0.00296)

Solution#1 (¢,

Solution#4 (#,=0.00377)

0.00259)

Solution#3 (¢,

=0.00263)

Solution#6 (¢,

0.00480)

Solution#5 (¢,

=0.00265)

Solution#8 (¢,

=0.00417)

Solution#7 (¢,

0.00320)

Solution#10 (2

0.00479)

Solution#9 (¢,
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=0.00266)

Solution#11 (¢

Solution#14 (£,=0.00258)

Solution#13 (£,=0.00386)

=0.00260)

Solution#16 (¢,

0.00256)

Solution#15 (7

Solution#18 (#,=0.00385)

0.00258)

Solution#17 (t

0.00308)

Solution#20 (#

0.00385)

Solution#19 (¢
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Solution#22 (#,=0.00386)

0.00386)

Solution#21 (¢,

0.00402)

Solution#24 (1,

Solution#23 (£,=0.00417)

0.00449)

Solution#26 (1,

0.00386)

Solution#25 (1t

Solution#28 (#,=0.00261)

0.00385)

Solution#27 (#,

0.00449)

Solution#30 (2

0.00355)

Solution#29 (1,
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=0.00423)

Solution#32 (¢,

Solution#31 (£,=0.00479)

Solution#34 (#,=0.00401)

0.00386)

Solution#33 (7

Solution#36 (#,=0.00479)

Solution#35 (#,=0.00446)

0.00402)

Solution#38 (,

~0.00401)

Solution#37 (1

0.00433)
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Solution#40 (#,
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Solution#39 (#,
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Geometrical Design of Plate-Fin Heat Sinks
Using Hybridization of MOEA and RSM

Sungkom Srisomporn and Sujin Bureerat

Abstract—The work in this paper is aimed at demonstrating the
practical multiobjective optimization of plate-fin heat sinks and
the superiority of using a combined response surface method and
multiobjective evolutionary optimizer over solely using the evolu-
tionary optimizer. The design problem assigned is to minimize a
heat sink junction temperature and fan pumping power. Design
variables determine a heat sink geometry and inlet air velocity.
Design constraints are given in such a way that the maximum and
minimum fin heights are properly limited. Function evaluation is
carried out by using finite volume analysis software. Two multi-
objective evolutionary optimization strategies, real-code strength
Pareto evolutionary algorithm with and without the use of a re-
sponse surface technique, are implemented to explore the Pareto
optimal front. The optimum results obtained from both design ap-
proaches are compared and discussed. It is illustrated that the mul-
tiobjective evolutionary technique is a powerful tool for the multi-
objective design of electronic air-cooled heat sinks. With the same
design conditions and an equal number of function evaluations, the
multiobjective optimizer in association with the response surface
technique totally outperforms the other. The design parameters
affecting the diversity of the Pareto front include fin thickness, fin
height distribution, and inlet air velocity while the plate base thick-
ness and the total number of fins of the non-dominated solutions
tend to approach certain values.

Index Terms—Finite volume method, multiobjective evolu-
tionary algorithm, plate-fin heat sink, response surface method,
strength Pareto evolutionary algorithm.

NOMENCLATURE

A Set of non-dominated solutions or external
Pareto archive.

AF External Pareto archive at the kth iteration for
SPEA main procedure.

b Fin-to-fin space.

B Set of non-dominated solutions or external
Pareto archive.

B! External Pareto archive at the ¢th iteration for
SPEA using RSM model.

C(A,B) Indicator comparing front A with respect to

front B.
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C'-indicator of a Pareto front from SPEA-RSM
with respect to a Pareto front from SPEA.
C-indicator of a Pareto front from SPEA with
respect to a Pareto front from SPEA-RSM.
Fin thickness.

Vector of objective functions.

The first objective function (junction
temperature).

The second objective function (fan pumping
power).

Vector of approximate objective functions.

The approximate function of fj.

The approximate function of fo.

Fin height.

Minimum and maximum fin heights.
Parameters indicating fin height distribution.

Iteration counter of SPAE at the main
procedure.
Interpolation matrix.

Maximum iteration for SPEA main procedure.
The pseudo-inverse of matrix K.

Plate base length.

Lower limit of z; or y;.

Number of objective functions.

Number of design variables (size of x and y).
Air mass flow rate.

Total number of fins.

Population size of SPEA.

Pareto archive size.

Pressure drop across the heat sink.

Fan pumping power.

Interpolation coefficients of g .

Uniform random number.

Set of design solutions or population.

Population at the kth iteration for SPEA main
procedure.

Heat flux.

Interpolation coefficients of gs.

Population of design solutions at the #th

iteration for SPEA using RSM.
Uniform random number.
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Rus Heat sink thermal resistance.
Tij Distance between x; and x;.
RMSE; Root mean square error of junction
temperature.
RMSE, Root mean square error of fan pumping power.
t Iteration counter of SPEA using RSM model.
ty Plate base thickness.
tmax Maximum iteration for SPEA using RSM.
T, Ambient air temperature.
u; Upper limit of z; or y;.
Vy Inlet air velocity.
w Plate base width.
X,y Vector of design variables.
Greek symbols
A Uniform random number.
Pa Air density.
d(ri5) Radial basis function.
ABBREVIATIONS
MOEAs Multiobjective evolutionary algorithms.
NNT Nearest neighborhood technique.
RMSE Root mean square error.
RSM Response surface method.
SPEA Strength Pareto evolutionary algorithm.
SPEA-RSM  Strength Pareto evolutionary algorithm using

a response surface method.

1. INTRODUCTION

UE to the growth trend in integrated circuit (IC) tech-
Dnology recently, electronic cooling systems and compo-
nents with higher performance are needed. Higher power den-
sity and heat dissipation as well as a decreased size of those
components are also expected. The future electronic products
need to be long-lasting and capable of handling a more severe
environment [1]. As a result, thermal management and design
in the packaging industry has become increasingly important.

An aluminium air-cooled heat sink is one of the most com-
monly used components for cooling electronic packages. Using
such a cooling system is advantageous in that it has a simple
maintenance process, more reliability, lower manufacturing
cost and no environmental concerns compared to other cooling
methods. It has been seen by many researchers that a heat-sink
with good geometrical design provides better cooling perfor-
mance. This means that the optimization process could be an
effective design tool for the heat sink. A lot of research work
has been conducted in the field of heat sink design/optimiza-
tion, e.g., in [1]-[7]. It is obvious from the literature that most
of the optimization studies are limited to a single objective
function whereas, in reality, there are multiple objectives to

be optimized. If the multiobjective design of heat sinks can be
achieved, it will surely make a significant impact on electronic
packaging technology.

The successful use of the multiobjective evolutionary algo-
rithms (MOEAs) for practical problems has been reported for
many years. Using such optimizers is advantageous as they are
simple to implement, need no function derivatives, and can deal
with almost all kinds of design functions and variables. More-
over, the multiobjective evolutionary optimization process is ro-
bust. The most outstanding ability of the multiobjective evolu-
tionary optimizers is that they can explore a Pareto optimum set
within one simulation run. They do however have some undesir-
able drawbacks, which are a lack of consistency and slow con-
vergence rate. As a result, the set of design solutions obtained
from using MOEAs is sometimes called an approximate Pareto
optimal set. The optimizers are said to be unsuitable for a design
problem with highly expensive function evaluation. Therefore,
the hybridization of a response surface method (RSM) and the
multiobjective evolutionary optimizers has been invented and
this approach is found to be very powerful and effective [8], [9].

In this study, the geometrical design of plate-fin heat sinks
is carried out using the strength Pareto evolutionary algorithm
(SPEA) with and without a response surface method. The design
problem is assigned to finding heat sink geometries that mini-
mize heat sink junction temperature and fan pumping power.
Design constraints are defined in such a way that the maximum
and minimum fin heights are properly limited. The function
evaluation is achieved by using the CFD software. The two mul-
tiobjective strategies are implemented to explore the Pareto op-
timal front. From the optimization results obtained, it is seen
that the evolutionary multiobjective optimizer with the use of
the response surface technique is far superior to the other. The
applied multiobjective evolutionary technique is a powerful tool
for the design of electronic air-cooled heat sinks.

II. STRENGTH PARETO EVOLUTIONARY ALGORITHM

A multiobjective design problem is posed to find a set of
design solutions which minimize multiple objective functions
while fulfilling predefined constraints. The objective functions
are normally conflicting. For example, in structural optimiza-
tion, minimizing structural weight usually decreases structural
strength while maximizing structural strength results in an in-
creased structural weight. The set of optimum solutions ob-
tained from solving such a problem is called a Pareto optimal
set or Pareto front if considered in the objective space. Fig. 1
shows the feasible region and the Pareto front of a particular
bi-objective problem on the domain of objective functions.

The basic concept of exploring Pareto optimum points via
MOEAs or population-based optimizers is that, on each loop
while a new population is created, non-dominated solutions are
classified and carried on to the next generation. The term non-
dominated solutions defines the local Pareto solutions among
the members of the current population and non-dominated so-
lutions from the previous iteration. For the minimization case,
two definitions associated with non-domination are given as:

Definition 1: Dominance Given f;(x) fori = 1,...,m
are objective functions, if f;(x;) <  fi(x2) for every
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feasible region

Pareto front
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|

A

Fig. 1. Pareto front on the domain of objective functions f; and fs.

2

non-dominated e
solutions A

Fig. 2. Non-dominated solutions.

i € {1,...,m} and there is j such that f;(x1) < f;(x2),
then x; dominates xo.

Definition 2: Non-Dominated Solutions (Local Pareto Set)
Given a set of solutions or population P size [V, a solution x. €
P is anon-dominated solution in P if there does not existx € P
such that x dominate x..

Fig. 2 depicts a plot of 9 design solutions on the domain of ob-
jective functions. The non-dominated solutions are x1, Xg, X7,
and xg.

The multiobjective evolutionary optimizer used to find the
Pareto optimum solutions in this research work is SPEA. SPEA
is the Pareto approximation method developed by Zitzler and
Thiele [10]. The method has been upgraded leading to the
second version SPEA2, which is detailed in [11]. SPEA is
somewhat based upon genetic algorithm operators. For SPEA2,
the search procedure starts with an initial population. An initial
external Pareto set or archive is then obtained from sorting the
initial population. Fitness values are assigned to the combined
members from the current population and external archive
based upon the level of domination. The external Pareto set is
updated by means of environmental selection. In cases that the
number of non-dominated solutions exceeds the predefined size
of the external Pareto archive, some solutions will be removed
from the external archive by using the truncation operator
[also known as the nearest neighborhood method (NNM)]. A
number of solutions (equal to the predefined population size)
are selected from the updated external Pareto set and put into
a mating pool by means of binary tournament selection. The
selected solutions are recombined and mutated leading to the
new population while objective function values are evaluated.
The population and the external Pareto archive are updated
repeatedly until the termination criterion is met.

The SPEA method used in this paper is the second version
using real numbers as design variables. The real code crossover
or recombination is a slight modification from the predecessor
[12]. Given that N is the population size and M is the number
of design variables, the recombination can be carried out in such
a way that, with two randomly selected solutions x' and x?, an
offspring x is obtained by the following strategy

x}or a?; P.<1/3
zr+ A (2 —2l); 1/3<P-<2/3 (1)
2} + rand; - (T? — ’I'Zl) i P.>2/3

€Tr; =

where P, € [0,1] and A € [—0.25,1.25] are uniform random
numbers. The process of creating one offspring needs M loops
of computation. Before looping, the random number P, is gen-
erated and one of the three recombination strategies in (1) is se-
lected based upon the value of P,.. The random number A needs
to be created if the second strategy is chosen while a uniform
random number rand; € (—0.25,1.25) needs to be generated
in every loop if the third crossover strategy takes place.

The mutation can be carried out by selecting the ¢th element
of the parent solution x at random. The ith element of its child
is changed according to

~_ Jli+rands - (zF = 1) ; P. <0.5
ti= zf +rand, - (u; —2F);  otherwise

2)

where rands € [—0.25,1.25] is a uniform random number, and
l; and u; are the lower and upper limits, respectively. It should
be noted that the offspring from real code crossover and muta-
tion can exceed the upper and lower limits; therefore, a treat-
ment to keep all offspring inside the bounds is needed. Also,
note that the two evolutionary operators are allowed to take
place by the given crossover and mutation probabilities.

III. HYBRIDIZATION OF SPEA WITH A
RESPONSE SURFACE METHOD

A response surface method is a proven numerical strategy for
use in an optimization process. The successful results in using
RSM for both single and multiple objective optimizations have
been reported worldwide [8], [9], [13]. The basic concept is to
exploit numerical curve fitting or interpolation to approximate
non-linear design objectives and constraints. The optimization
is carried out using the approximate model rather than using the
real function evaluation. This means that the problem of time-
consuming function evaluation can be alleviated. However, it
also has some disadvantages, e.g., inaccurate response surface
model may lead evolutionary search to an improper region of
design space or even away from the real optima.

The numerical procedure of a coupled SPEA and RSM for
an unconstrained case is illustrated in Fig. 3. Coupling RSM
with SPEA can be achieved by using SPEA as the main pro-
cedure as illustrated in the figure. Initially, a population P* is
randomly created where k is an iteration number. The external
Pareto archive A* is found by means of non-dominated sorting.
Some design points in the current population are taken to build
a response surface model. The response surface model here is
based on the surface spline interpolation technique [8], [13],
[14]. For the two-objective case, let {x;} be the set of N so-
lutions from the current population. The approximate function
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Fig. 3. Flowchart for coupled SPEA and RSM.

values of f; and f5, written as g; and go, respectively, for a de-
sign solution y can be expressed as

N
a(y) = pid(Ixi - yl) 3)
i=1
and
N
92(y) = > aid(|lx; — yll) 4)
=1

where x and y are the vectors of design variables.
The interpolation coefficients p; can be found from solving
the system of linear equations

]\T
S pidllxi — xl) = fi(xi); fori=1,...N. (5
j=1

Equation (5) can be written in the matrix form as
Kp =F! (6)

where K;; = ¢(||x; — x;||) and F}! = f1(x:).
For simplicity, the radial basis function is set to be

B(llxi — x;|) = llxi — x;[| = rij @)

where ||x; — X;|| = 7;; is the distance between x; and x;. The
coefficient vector p can then be determined as

p = K'F! ®)

where K is the pseudo-inverse of matrix K. The pseudo-in-
verse operator is employed to prevent the searching process

from being prematurely terminated since it is possible that the
matrix K can become singular.

Similarly to the vector p, the coefficient vector q can be found
as

q = K*F? ©)

where Fi2 = fQ(XZ‘).

Having built the RSM model, another SPEA sub-optimizer
is used to explore the Pareto optimal set using the approximate
functions g; and go as the objective functions. The non-dom-
inated solutions (B**! in Fig. 3) obtained from this stage are
taken back to the main optimization procedure. The real func-
tion values (f; and f5) of the non-dominated solutions B? are
evaluated.

The fitness values of the members in the current external
archive A*, the population P* and the design points taken from
optimizing the RSM model B! are evaluated. The external
archive is then updated by operating the environmental selec-
tion leading to A**1. In cases that the number of non-domi-
nated solutions exceeds the archive size, the nearest neighbor-
hood technique is activated. The members in A**! selected for
the mating pool using the binary tournament selection are re-
combined and mutated leading to a new population P*+!. This
process is repeated until the termination criterion is fulfilled.

The computational steps for SPEA with the use of RSM are
as follows.

1) Initialization:

start with & = 0, initial population

P* = {x1,x3,...,Xx}, the corresponding objective
function values f(P*) and the external Pareto archive
AF = {7},

2) Chose some members of P* and their corresponding ob-
jective values f;(k) to build a response surface model g;
and g, as in (3)—(9).

3) Search for the Pareto front based on the approximate func-
tion values g = [g1,92]7 .

3.1 Initialization: start with ¢ = 0, initial population
Q! = {y1,y2,...,y~}, the corresponding objective
function values g(Q?) and the external Pareto archive
Bt = {}.

3.2 Assign the fitness values G to the members in the
union set Q! U B?.

3.3 Update the Pareto archive by applying the so-called
environmental selection to the union set B* U Q? re-
sulting in Bt+1,

3.4 If the number of members in Bt*! exceeds the pre-
defined archive size, activate NNT to properly remove
some of them from the archive.

3.5 Perform a binary tournament selection Q} =
select(B?*1).

3.6 Recombination: Q% = recombine(Q}).

3.7 Mutation: Q**! = mutate(Qb).

3.8 Find g(Q!*!) the objective function values of
Q!*! using (3) and (4).

3.9 Stop and go to step 3.10 if ¢ = ?,,,.x, Otherwise, set
t =1+ 1 and go to step 3.2
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Fig. 4. Plate-fin heat sink.

3.10 Save the non-dominated solutions in B**! to step
4.

4) Bvaluate f(B**!) the actual objective function values of
the solutions in Bf*1,

5) Assign the fitness values F* to the members in the union
set P* U AF U B!,

6) Update the Pareto archive by applying the environmental
selection to the union set P* U A* U B**! resulting in
ARt

7) If the number of members in A**! exceeds the predefined
archive size, invoke NNT to properly remove some of them
from the archive.

8) Perform a binary
PY = select(AF+1)

9) Recombination: P5 = recombine(P¥)

10) Mutation P*+1 = mutate(P%) and evaluate the objective
function values f(P*+1)
11) Stop the procedure if k& = kuax, otherwise, set k = k + 1
and go to step 2.
The fitness assignment, environmental selection, truncation
(or the nearest neighborhood technique), and binary tournament
selection operators are detailed in [11].

tournament selection

IV. MULTIOBJECTIVE DESIGN PROBLEM

The thermal performance and required pumping power of
an air-cooled heat sink are dependent on a number of parame-
ters including fin thickness, fin height, number of fins, fin-to-fin
spacing, inlet air velocity, and base-plate dimensions. Fig. 4 dis-
plays the shape of a typical plate-fin heat sink and some parame-
ters. The fin height distribution can also be assigned as a design
variable.

In this work, the multiobjective design problem of the
plate-fin heat sink is posed as follows:

n;inf(x) ={fi(x) fo(x)}
subject to
10 — Huin /b

<0
Hpax /b — 25 <0 (10)

where

¥ w2
5W/14
3w/14
14
b T
‘ 5
] =0
S A
B l RERRE
[ | R R |
I A
EERR RN H, |H, |H, |H,
[ [
R
ENEREREREE
‘ L—d -4 L-d Lad Lo
X
w
Fig. 5. Design parameters.
f junction temperature f is the fan pumping power;
H.,.x maximum fin height;
Hin  minimum fin height.

The first objective function is a temperature value at the junc-
tion of the heat sink and a CPU chip, which can be written as

fl(x):ch:Ta+QRHS (11)

where

T, ambient air temperature (298 K);
Q heat flux (80 W);

Rus  heat sink thermal resistance.

The minimization of this objective value indicates the im-
proved thermal performance of the heat sink. The second ob-
jective function affects the fin operating cost, which is rather
inevitable in most engineering system design. The fan pumping
power can be expressed as

folx) = Pp = 2220 (12)
Pa
where
Pr fan pumping power;
Mg = pW LV air flow rate;
AP pressure drop across the heat sink;
Pa air density;
Vi inlet air velocity.

Fig. 5 illustrates the design parameters that determine the heat
sink cross-sectional area. The vector x of eight design variables
can be detailed as

T, =d fin thickness having the bound as
0.5mm < d < 3.0 mm;
To =N fin number having the bound as 5 < n < 30;
T3 =t plate base thickness having the bound as
1.0 mm < ¢, < 5.0 mm;
x4 = Hq in Fig. 4 having the bound as
2.5 mm < H; < 14.0 mm;
x5 = Hy  in Fig. 4 having the bound as

2.5mm < Hy < 14.0 mm;
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Fig. 6. Flowchart for function evaluation.

z¢ = Hsy  in Fig. 4 having the bound as
2.5 mm < Hz < 14.0 mm;
x7 = Hy  in Fig. 4 having the bound as
2.5 mm < Hy < 14.0 mm;
rg = Vy inlet air velocity having the bound as

0.5m/s < Vy < 6 m/s (see Fig. 4).

The values of Hy, Ho, Hs, and H,4 control the fin height dis-
tribution. The parameters W and L are set to be 60 and 80 mm,
respectively.

The procedure of function evaluation is displayed in Fig. 6.
Having a vector x as the input, the parameters d,n,t;, H;,
and Vy are obtained. The fin-to-fin space b can be computed
asb = (W —nd)/(n —1). If b ¢ [0.5 mm, 5.0 mm], the
value of 7 is changed so that the value of b is bound in the
defined range. The value of b has to be limited to enable
the mesh generation process. The set of independent vari-
ables {W/14,3W/14,5W /14, W/2} and dependent variables
{H.,Hs, Hs, Hy}, as shown in Fig. 5, are used to build the
cubic spline interpolation [15]. The heights of the n fins are
then determined based on this interpolation function. Having
all required parameters, the input file for mesh generation is
created and run. The analysis process takes place, and the
computational results are obtained. The output result for this
process is the objective function values f; and f5.

The thermo-fluid analysis of the forced convection plate-fin
heat sink is achieved by using the finite volume method. Fig. 7
displays the solid domain of a particular heat sink being dis-
cretized into a number of finite volumes. The grid of the fluid
domain is shown in Fig. 8. The finite volume model of the heat
sink (both fluid and solid domains) is given in Fig. 9. The as-
sumptions for the analysis are as follows:

1) fluid flow is laminar and steady;

2) constant thermo-physical material properties of both air
and solid;

3) uniform inlet air velocity;

4) uniform heat flux over entire base plate bottom surface.

Fig. 7. Mesh generation of a solid domain.

Fig. 8. Mesh generation of a fluid domain.

The heat sink body is made of Aluminium. The physical prop-
erties of the solid and fluid are given in Table I.

The SPEA real-code optimizer without the use of RSM
(named SPEA) has population size 25 and uses 50 generations
for exploring the Pareto front of the optimization problem (10).
For SPEA using RSM (named SPEA-RSM), the population size
is set to be 25. The Pareto archive B? is size 25, which means
25 individuals obtained from optimizing the RSM sub-problem
are taken to the main optimization procedure while another
25 individuals are created from the main searching process.
In order to have the same number of finite volume analyses
as SPEA, SPEA-RSM needs 25 generations. The size of an
external Pareto archive A* is set to be 80 for both optimization
strategies. Both SPEA with and without RSM start searching
with the same initial population. The design constraints can
be dealt with by using the non-dominated sorting concept
presented in [16]. Crossover and mutation probabilities are
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Fig. 9. Finite volume model.

TABLE I
ALUMINIUM AND AIR PROPERTIES

Aluminium properties Air Properties

Density = 2719.0000 kg/m® Density = 1.1770 kg/m’

Specific heat = 871.0000 J/kg-K Specific heat =1006.0000 J/kg-K
Thermal conductivity = 202.0000 W/m-K | Thermal conductivity = 0.0267 W/m-K

Viscosity=1.8832x107 kg/m-s

assigned as 1.0 and 0.5 respectively. According to the prede-
fined population size and the number of generations, the total
number of times that the finite volume analysis takes place
is equal to 25 x 50 for both SPEA and SPEA-RSM. For the
RSM sub-problem in SPEA-RSM, the number of generations
and the population size are set to be 100. It is obvious that the
SPEA-RSM needs more computing time to deal with the RSM
sub-optimization process but it is insignificant compared to the
long period of time needed for each finite volume analysis.

V. DESIGN RESULTS

To simplify explanation, the sets of non-dominated solutions
during the optimization process are denoted as: SPEA05-the
non-dominated front obtained from using SPEA without RSM
after 5 generations, SPEA10-the non-dominated front obtained
from using SPEA at the 10th iteration, and so on. Likewise,
SPEA-RSMO1 means the non-dominated front obtained from
using SPEA-RSM at the Ist iteration, and so on. It should also
be noted that SPEA 10 uses the same number of function evalu-
ations as SPEA-RSMO5, which is 250 times.

Fig. 10 shows the evolution of the non-dominated front
of the design problem obtained from using SPEA. Note that
the non-dominated solutions having the junction temperature
higher than 355°K are discarded. The fronts displayed are ob-
tained at the fifth, 10th, 20th, 30th, and 40th generations. It can
be seen that the front improved rapidly in the early iterations
and changed little in the last iterations. The progress of the

Approximate Pareto front
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Fig. 10. Progress of SPEA search.
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Fig. 11. Progress of SPEA-RSM search.

non-dominated front using SPEA-RSM at the first, fifth, 10th,
15th, and 20th iterations is shown in Fig. 11. It can be observed
that the non-dominated front improved to close to the Pareto
optimum front right from the first iteration. As the optimization
process carried on afterwards, the front only slightly changed.
Performance comparison between SPEA and SPEA-RSM
can be made by using the so-called C' indicator [17]. The
parameter C' of a non-dominated front A with respect to front
B written as C'(A, B) is defined as the number of solutions in
B that are dominated or equal to some solution in A divided
by the total number of solutions in B. From the definition,
if C(A,B) = 1, all the solutions in B are dominated by or
equal to solutions in A whereas C'(A,B) = 0 implies that
none of the solutions in A cover B. Fig. 12 shows the plots of
two non-dominated fronts A and B where the total number of
solutions in A and B are 7 and 6, respectively. The C' values



358 IEEE TRANSACTIONS ON COMPONENTS AND PACKAGING TECHNOLOGIES, VOL. 31, NO. 2, JUNE 2008

A%
\front A
\v
\.
Q%
\
\ \
o
TS0 -0 o front B
X To-HeRE-o

P2

Fig. 12. Comparison of two Pareto fronts.

Approximate Pareto front

iy SPEAS0
o Yo SPEA-RSM25
16
k-]
©
2 14F X
o
3 12
5 3
2 4t
.E. ;
£ %
0.8 &
2 x
E x,
06 -
S !
x 4
04+
02t L

.
330 335 340 345 350 355
Junction temperature, °K

Fig. 13. Comparative Pareto front: SPEAS0 versus SPEA-RSM25.

are: C(A,B) = 4/6 and C(B,A) = 2/7, which means the
front A is better than front B.

The comparison between SPEA with and without the use of
RSM is made in Fig. 13. The figure illustrates the approximate
Pareto fronts obtained from using SPEA and SPEA-RSM.
Both optimization strategies use 1250 function evaluations
to form their respective non-dominated fronts. It can be seen
that the SPEA-RSM25 front is considerably better than the
SPEAS5O0 front. The more obvious superiority of SPEA-RSM
over SPEA is displayed in Fig. 14. This figure is a comparison
of SPEA50 and SPEA-RSMO1 fronts. It should be emphasized
that SPEAS0O uses 1250 finite volume analyses while it takes
merely 50 analyses for SPEA-RSMOI. It can be seen that the
SPEA-RSMO1 front is comparable to the SPEAS5O0 front.

The comparative performance based on the C-indicator
of the two optimization strategies is made and shown in
Fig. 15. The bar charts given in Fig. 15 are the comparison
of C' values of the front SPEA5O0 to the fronts SPEA-RSMO1,
SPEA-RSMO05, SPEA-RSM10, SPEA-RSM15, SPEA-RSM20
and SPEA-RSM25. The first (left-hand side) bar chart is the
comparison between SPEA-RSMO1 and SPEA50 where C'1 in-
dicates the value of C' (SPEA-RSMO1, SPEA50) and C?2 is the
value of C' (SPEAS0, SPEA-RSMO1). From the C'-comparison,
the SPEASOQ front is slightly better than the SPEA-RSMO1 front
as (5 is higher than C,. However, as the optimization process
continues, the value of C is increasingly higher than that of
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Fig. 14. Comparative Pareto front: SPEA50 versus SPEA-RSMOL1.

C> which means the front obtained from SPEA-RSM becomes
increasingly better. At the last generation, the design solutions
in the front SPEA-RSM25 are not dominated by any solution
from the SPEA5O0 front as C(SPEA—-RSM25, SPEA50) = 1
and C(SPEA50,SPEA—RSM25) = 0 in the last bar chart.

The SPEA-RSM?2S5 front is plotted in Fig. 16 where all the so-
Iutions are numbered. The heat sink cross-sectional areas of the
60 non-dominated solutions in Fig. 16 are illustrated in Figs. 17
and 18. It is shown that the solutions with lower junction tem-
peratures (min: f1) have lower fin height fluctuation whereas the
solutions with lower fan pumping powers (min: f5) have higher
variation of fin heights.

In order to examine the accuracy of the curve fitting, Fig. 19
displays the root mean square errors (RMSE) of the response
surface models during the evolutionary search for both junction
temperature and fan pumping power. As detailed in the com-
putational steps, the external Pareto archive of the RSM sub-
problem B**! at step 3.10 was taken to step 4 where the evalua-
tion of actual objective values takes place. The RMSE value here
is, therefore, the comparison between the approximate function
g(B!*1) at step 3.8 and the actual function f(B!*!) at step 4.
The RMSE of the junction temperature can be computed as

1
RMSE; = Na Z(fl()’i) - 1(y4))? (13)
im1

and the RMSE of the fan pumping power can be computed as

RMSE, =

1 A
Ny 00— el a9

wherey; € B! and N4 is the total number of design solutions
in Btt1,

In Fig. 19, the RMSE of junction temperature is rather high at
the early iterations. As the optimization process carries on, the
value of RMSE fluctuates but tends to be reduced. It should be
noted that the value of junction temperature is commonly in the
range of 330 °K-355 °K. Thus, RMSE values of 10 °K-20 °K
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are said to acceptably small. The RSM of the fan pumping
power has high errors at the early iterations but it is reduced
approaching zero as the optimization process continues. Ac-
cording to Figs. 15 and 18, it can be said that the RSM model
is less accurate for the early iterations. This makes the front
SPEASOQ better than the front SPEA-RSMO1. However, as the
process continues, the curve fitting becomes more accurate and
the non-dominated fronts obtained at the subsequent iterations
of SPEA-RSM can surpass the front SPEAS0.

Cc1 C2 C1 c2 Cc1 C2

(L Y M o

Fig. 17. Heat sink cross-sectional areas of the non-dominated solutions 1-30.

VI. CONCLUSION

The hybridization of real-code strength Pareto evolutionary
algorithm with the response surface method is detailed. The use
of SPEA with and without the combination of the response sur-
face method for the practical multiobjective design of plate-fin
heat sink geometry is demonstrated. From the obtained Pareto
optimum results, the linked SPEA and RSM method is far su-
perior to the SPEA method without using RSM. SPEA-RSM is
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a powerful practical design tool for multiobjective geometrical
design of plate-fin heat sinks. Designers can have a number of
optimum heat sinks for decision making within one optimiza-
tion run. With the use of such a method, all aspects of design
variables and functions can be dealt with.
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This article demonstrates the practical applications of a multi-objective evolutionary algorithm (MOEA)
namely population-based incremental learning (PBIL) for an automated shape optimization of plate-fin
heat sinks. The computational procedure of multi-objective PBIL is detailed. The design problem is posed
to find heat sink shapes which minimize the junction temperature and fan pumping power while meeting
predefined constraints. Three sets of shape design variables used in this study are defined as: vertical
straight fins with fin height variation, oblique straight fins with steady fin heights, and oblique straight fins
with fin height variation. The optimum results obtained from using the various sets of design variables are
illustrated and compared. It can be said that, with this sophisticated design system, efficient and effective
design of plate-fin heat sinks is achievable and the best design variables set is the oblique straight fins with
fin height variation.

Keywords: heat sink optimum design; multi-objective evolutionary algorithm; finite volume method;
shape optimization; computational fluid dynamics

Nomenclature
A Fin base area.
B Binary population, binary design variables.
b j Mean value of the jth column of the n( selected binary solutions.
b Fin-to-fin space.
d Fin thickness.
fi, f Objective functions.
max Maximum value of the ith objective function.
fl.mi“ Minimum value of the ith objective function.
i Inequality constraints.
h; Equality constraints.
H; Parameters for determining fin height distribution.
Hinax Maximum fin height.
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Hin Minimum fin height.

l Number of probability vectors in [l

L [eat sink length.

Lg Learning rate.

m Number of objective functions.

My Air mass flow rate.

my Mutation shift.

n Number of design variables.

N Number of fins.

Ny External Pareto archive size.

np Number of binary bits for each design solution.
Np Number of design solutions in a population.
no Number of randomly selected binary solutions for updating .
0 Probability matrix.

Careto External Pareto archive.

Pr Fan pumping power.

AP Pressure drop across a heat sink.

[0) [eat flux.

rand [niform random number.

Rys [Jeat sink thermal resistance.

Si, i Parameters controlling fin oblique distribution.
t Plate base thickness.

T, Ambient air temperature.

Tjc [unction temperature.

u; Normalised value of the ith objective function.
Vi Inlet air velocity.

w [eat sink width.

0 Vector of design variables.
X; Oblique parameter of the ith fin.

Ureek symbols

Pa Air density.

[bbreviations

CFD Computational fluid dynamics.

CPlJ Central processing unit.

MOEA Multi-objective evolutionary algorithm.
MPSO Multi-objective particle swarm optimization.
PBIL Population-based incremental learning.
CSM [lesponse surface method.

SPEA Strength Pareto evolutionary algorithm.

T] [(mtroduction

[ligh temperature on electronic devices such as a CP[! chip is said to be undesirable since it
can cause the devices to suffer from heat stress and consequently to have a shorter lifetime
than expected. As a result, the use of heat sinks to alleviate heat on such electronic devices has
been introduced. [ leat sinks are increasingly important due to the increase of power densities in
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electronic packages as well as the reduction of their size and weight (Craig ef al. 1999). There
have been several cooling mechanisms for heat sinks and one of them is an air-cooled system.
Using such an air-cooled system is advantageous since it has a simpler maintenance process, more
reliability, lower manufacturing cost and no environmental concerns when compared with other
cooling methods (Srisomporn and Bureerat 2008).

The application of optimization process for heat sink design has been studied for many years
(Craig et al. 1999, [lyu et al. 2002, Bar-Cohen and Iyengar 2003, Iyengar and Bar-Cohen 2003,
Uhan et al. 2004, [rueger and Bar-Cohen 2004, Shih and Liu 2004). Some work is concerned
with single-objective optimization. Some studies deal with multi-objective optimization of heat
sinks using approximation models such as a response surface method (L/ISM) (Park and Moon
2005, Chiang and Chang 2000), [riging model (Park et al. 2000), and grey-fuzzy logic based
on orthogonal arrays (Chiang et al. 2000), while function evaluation is carried out by means of
experiment or CFD analysis. In most cases, the design variables are merely sizing parameters of
heat sink fins and, moreover, the application of an automated optimum design is limited. The recent
work (Srisomporn and Bureerat 2008) has presented the use of hybridisation of SPEA ([itzler
et al. 2002) and [JSM to solve the multi-objective design of a vertical straight plate-fin heat sink
having fin height fluctuation. A more advanced design system is proposed, i.e. the combination
of optimization codes written in MATLAB and commercial CFD software. It has been found that
using the hybrid of SPEA and [ISM is superior to purely using the SPEA method.

The work in this article is an extension of that presented by Srisomporn and Bureerat (2008).
The use of PBIL in combination with finite volume commercial software for shape optimization of
plate-fin heat sinks is presented. The more complicated heat sink shapes are studied. Three shape
design variable sets including: vertical straight fins with fin height variation, oblique straight fins
with steady fin heights, and oblique straight fins with fin height variation, are defined and used
for the design demonstration. The optimum results obtained from using the various sets of design
variables are illustrated and compared. It can be said that, with this more sophisticated design
system, efficient and effective design of plate-fin heat sinks can be achieved. The best design
variable set is the oblique fins with the variation of fin heights.

(11 [ ulti-objective population-based incremental leaning

Multi-objective evolutionary algorithms have been well established since the last decade. [Ising
this kind of optimizer is said to be advantageous as they are simple to use, robust, and derivative-
free. The methods can deal with almost all kinds of optimum design problems and the most
outstanding capability of MOEAs is that they can search for a set of Pareto optimal solutions
within one optimization run. They have some drawbacks, however, which are a lack of consis-
tency and a low convergence rate since their searching procedures greatly rely on randomization.
Some well-known MOEAs are, for example, strength Pareto evolutionary algorithm and multi-
objective particle swarm optimization (MPSO) ([ leyes-Sierra and Coello Coello 2000). The recent
development of the estimation of distribution method for multi-objective design problems is PBIL
(Bureerat and Sriworamas 2007, [Janyakam and Bureerat 2007), which is found to be as efficient
and effective as the other classical MOEAs.

A multi-objective design problem is posed to find a set of design solutions which minimize
multiple objective functions simultaneously while fulfilling design constraints. Such a problem
can be written as:

Find [Jsuch that

Min: £ = {f1(D), ..., fu(D} M
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g =<0
hi(1) =0

The objective functions are normally conflicting with each other. The set of optimum solutions
obtained from solving such a problem is called a Pareto optimal set or Pareto front if considered
in the objective space as shown in Figure 1.

In the past, most optimizers were developed to deal with a single objective problem. [ hen
dealing with a multi-objective problem, additional numerical schemes such as the weighted sum
technique are used to convert the problem to become a single objective case. The weak point in
using such numerical techniques is that the optimization method needs to be performed as many
times as the number of Pareto optimal solutions required. This difficulty can, however, be avoided
when using MOEAs.

The basic concept of exploring Pareto optimum points via MOEA is that, at each generation
while a new population is created, non-dominated solutions are classified and carried on to the
next generation. The term non-dominated solutions define the local Pareto solutions among the
members in the current population during evolutionary search. The non-dominated solutions
obtained at each generation are saved to the so-called external Pareto archive.

The MOEA used in this article is the multi-objective version of PBIL, which has an optimization
procedure based upon binary searching space. [ ather than keeping all binary solutions or a binary
population as with genetic algorithms, the population in PBIL is represented by the probability
vector of having [1[of each bit position of the binary strings. Figure 2 shows three probability
vectors producing three binary populations where each row vector of the populations represents
a design solution. It is shown that one probability vector can form a variety of populations.

[Jhen dealing with multi-objective optimization, more probability vectors are used in order to
obtain a more diverse population; therefore, it is called a probability matrix instead. The PBIL
search starts with an (empty) external Pareto archive and an initial probability matrix whose
elements are full of [0.5[] Each row of the matrix is a probability vector used to create a sub-
population. Let Np be the number of design solutions in a population, / be the total number of
probability vectors, and n;, be the number of binary bits for each design solution. The probability
matrix, therefore, has the size of / x n;, where each row produces Np /[ design solutions as one
sub-population. Each design variable is represented by a binary string with n, /n elements. Figure 3

A

12

Feasible region

/

Pareto front

fi

v

Figure 1. Pareto front on the objective function domain.
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Probability Vectors
[0.5,0.5,0.5,0.5] [0.5, 0.5,0.5, 0.5] [0.25, 0.5, 0, 0.75]

Figure 2. Probability vectors and their corresponding populations.

[0.50 0.00 0.75 0.50 Sub-population 1
P={025 025 075 025 |02}
0.00 0.75 0.25 0.50 0010
- 101 1]

Sub-population 2 Sub-population 3
0011 0100
0011 0011
1000 0101
0110] 0100]

Figure 3. Probability matrix and sub-populations.

displays a 3 x 4 probability matrix and their corresponding population (Np = 12), which is the
union set of three sub-populations according to the three rows of the probability matrix.

Uaving generated the current population and evaluated their corresponding objective values,
the external Pareto archive is filled with the non-dominated members of the union set of the current
population and the old external Pareto archive. If the number of the new non-dominated solutions
is larger than the predefined archive size (N,), a Pareto archiving technique called the normal line
method ([ Janyakam and Bureerat 2007) is activated to remove some solutions from the archive.

On each generation, the probability matrix is updated in such a way that np < N, binary
solutions are randomly selected from the current Pareto archive to modify the ith row of the
probability matrix. The ith row of the probability matrix is updated using the relation

P = PO (1 — Lg) + b;Lg )

where Ly is called the learning rate, and b ; is the mean value of the jth column of the ng selected
binary solutions. In this work, the learning rate is set as

Lg = 0.5+ rand - (+0.1 or —0.1) &)

where rand € [0, 1] is a uniform random number. It is also useful to afterwards apply mutation
to the ith row of the probability matrix as
P = Pi‘fj.d (1 — my) + rand(0 or 1).m; 4)

where m; is the amount of shift used in the mutation. Similarly to genetic algorithms, the mutation
operator is allowed to take place by a given mutation probability.

The updating process is completed when all rows of the probability matrix are changed.
The probability matrix is updated and the external Pareto archive is improved iteratively until
a termination condition is met.



03:41 23 March 2010

S.] At:

[Bureerat,

Downloaded By:

310 [T Tureerat and [T 1risomporn

The procedure for multi-objective PBIL can be written as:

1. Initialization: probability matrix [l = [[J[]Ll,,, external Pareto archive Lareto = {}.
2. [lenerate a binary population B from [

3. Decode the binary population to be [, v, and find the objective values f,,x .

4. [Ipdate [‘areto by replacing it with the non-dominated solutions of a union set.

Lareto U []

5. If the number of members in [areto exceeds the predefined archive size N4, remove some of
them by using the normal line technique.
If the termination criterion is fulfilled, stop the procedure. Otherwise, go to step 7.
7. [pdate [
7.1 Fori =1tol.
7.2 Select ng binary solutions from [‘areto randomly.
7.3 [pdate the ith row of []by using (2) and (3).
7.4 [lenerate rand € [0, 1] a uniform random number.
7.5 If rand < the predefined mutation probability, update the ith row of [lusing (4).
7.00 Next i.
8. [lo to step 2.

For the procedure of the normal line archiving technique, initially, all of the current non-dominated
solutions are normalized as:

(ft _ f}min)
(fimax _ fimin)

where f™" is the minimum value of the ith objective function sorted from the current non-
dominated solutions, and f;™* is the maximum value of the ith objective function.

The numerical procedure in cases of bi-objective optimization is illustrated in Figure 4
(Danyakam and Bureerat 2007). The points that give the minimum values of each objective
are taken as the [anchor points[.] The line connecting between the two anchor points is called the
[Itopia line[ while N, [Iréerence points|are evenly spaced on the [ ltopia line. The [normal lines!]
are the lines normal to the [Itopia line, and pass the reference points as shown. A non-dominated
point is saved to the archive if it is the closest point to a particular normal line. The non-dominated
point is iteratively selected until the external Pareto set is full. Six selected non-dominated points
are bounded by a dashed rectangle as shown in Figure 4.

u; =

®)

Utopia Line

normal line

v

Figure 4. Illustration of the normal line technique.
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The capability of PBIL in exploring Pareto fronts has been tested and compared with several
established MOEAs such as the second version of SPEA (Bureerat and Sriworamas 2007). It
has been found that PBIL is the best in providing population diversity and it is overall the best
performer.

(11 Clesign problems

It is obvious from the literature that two of the most important design objectives are minimizing
heat at the heat sink base and minimizing cooling power. The design problem presented in this
article has two objective functions which are junction temperature and fan pumping power. Note
that the objective functions, constraints, and some other parameters are taken from the work by
Srisomporn and Bureerat (2008). The bi-objective optimization problem can be written as:

muinf(E) ={fi(0) f(D)} (9D
subject to

10 — Hmin/b < 0
Hmax /b —25 <0
f1—355<0
where f] is a junction temperature (°[J), f> is a fan pumping power (] att).

The first objective function is a junction temperature between the heat sink and a CP[J chip,
which can be expressed as

A0 =T, =T, + ORpys. (7

The minimization of the junction temperature results in the improved thermal performance of
the heat sink. The fan pumping power, which affects the fin operating cost, can be expressed as:

ng AP

H(0) = Pp = (8

a
where i1, = p, AV is an air mass flow rate.
An air-cooled plate-fin heat sink is chosen for this design case study. The thermo-fluid analysis
of the forced convection plate-fin heat sink is achieved by using the finite volume method. The
assumptions for the analysis are as follows:

Fluid flow being laminar and steady

Constant material thermo-physical of both air and solid
[niform inlet air velocity

[‘niform heat flux through entire base plate bottom surface.

The heat sink body is made of aluminium. The physical properties of the solid and fluid are
given in Table 1.
000 Encoding/decoding design variables

The bi-objective design problem (1) will be solved with three different sets of design variables,
which will be named as follows:
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Table 1. Aluminium and air properties.

Aluminium properties Air Properties

Density = 2719.0000 kg/m3 Density = 1.1770 kg/m3

Specific heat = 871.0000 L/kg [ Specific heat = 10010000 L/kg-L!
Thermal conductivity = 202.0000 [ /m [ Thermal conductivity = 0.0217] /m-[_

Viscosity = 1.8832 x 10-5kg/m-s

CI1 vertical straight fins with fin height variation.
F2: oblique straight fins with steady fin heights.
F3: oblique straight fins with fin height variation.

The first design variables set F1 is the same as that used by Srisomporn and Bureerat (2008).
The vector of design variables has eight elements, which can be detailed as:

x1 = d, fin thickness having the bound as 0.5 mm < d < 3.0 mm.

X, = N, fin number having the bound as 5 < N < 30.

x3 = t, plate base thickness having the bound as 1.0 mm < ¢ < 5.0 mm.
x4 = Hi, in Figure 5 having the bound as 25 mm < H; < 50 mm.

x5 = H,, in Figure 5 having the bound as 25 mm < H, < 50 mm.

Xx¢ = Hj, in Figure 5 having the bound as 25 mm < H; < 50 mm.

X7 = Hy, in Figure 5 having the bound as 25 mm < H; < 50 mm.

xg = Vy, inlet air velocity having the bound as 0.5m/s < V,; < 6m/s.

Figure 5 displays a half cross-sectional area of a particular heat sink generated by the F1 design
variables. The parameters W and L (Figure 6) are set to be 60 mm and 80 mm respectively. The
values of H,, H,, Hs and H4 control the fin height distribution. The computational steps for
function evaluation of this set of design variables can be given as follows:

1. Input binary codes B.

2. Decode B leading to a vector of real number design variables x.

3. Assign d= X1, N = round(xz), = Xx3, H1 = X4, H2 = X5, H3 = X¢, H4 = X7, Xg§ = Vf.
4. Find the fin-to-fin space b = (W — Nd)/(N — 1).

W72

SWIT

H3

Figure 5. Design parameters of F1 problem.
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"

Figure 6. Straight plate-fin heat sink with fin height variation.

5. If b is too small or too large (b ¢ [0.5, 5] mm), decrease or increase the value of N until the
value of b is in the proper range.

6. Interpolate the independent variables (W /7, 3W /7, SW /7, W /2[land dependent variables
LH,, H,, H3, H4[lusing cubic spline interpolation (Lindfield and [enny 1[15).

7. [lenerate the fin cross-sectional area according to all the parameters previously determined.

8. [reate an input file for finite volume analysis.

[l Finite volume analysis

10. [lead the output file and compute the values of f; and f; to enter the optimilation process.

The function round(x) will replace x with its nearest integer. In the fifth step, b needs to be
bounded in the certain range (here, b € [0.5 mm, 5.0 mm]) to enable the gird generation process
of the commercial software.

The second set of design variables, F2, determines oblique fins with steady fin heights. [Ising
an oblique straight plate-fin heat sink is advantageous since it has a greater surface area compared
to a vertical plate-fin heat sink with the same base area and height ([in [111.J2005). In order to
make an automated optimilation process dealing with binary codes and the oblique fin shape, a
more complicated numerical scheme is required. The difficulty usually arises at the stage of grid
generation of the commercial [JFD software. Figure 7 shows two particular fins of an F2 heat
sink. To make a legitimate heat sink, the condition ([) has to be met ensuring that there is an
adequately big gap between the fins for [uid [ow.

Xiy1 > X (@)

The vector of F2 design variables has 8 elements as d = x|, N = round(x;), t = x3, S| = X4,
S» = x5, S3 = X6, S4 = x7, and xg = V. The base area is the same as the case of F1, [ITW =
60 mm and L = 80 mm while the fin height is set to be H = 40 mm. The values of S, S, S3, and
S, are used to determine the distribution of the values X; of the N fins. [Jith the condition (L), it
leads to new design constraints:

S <8 <8 <8, (10)

These constraints however could cause some difficulty in the optimilation process of [ BIL[.
To avoid adding such constraints to the design problem, the values of S, S, S3 and Sy are
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Figure 7. [blique plate-fin heat sink.

modified as
S

N ! S4

Si+ 85+ 853+ 8,
S1+ 8

Sy = S4

S14+ S+ 53+ S (11)
Si+ 85+ 83

53 = 4
Si+ 85+ 85+ 8,

54 =384

It is clear that, by using (11), the constraints (10) are always fulfilled. The bounds of the
parameters controlling the fin oblique distribution are assigned as S, Sz, S3 € [0, 100] mm and
S4 € [0, 20l mm. Apart from that, the problem of grid generation takes place when the gap
between the ith and (i + 1)th fins are too small as shown in Figure 8. This problem can be dealt
with by reducing the ith fin height as displayed in Figure [ This means that, in the F2 design case,
varied fin heights can be obtained although steady fin heights are el pected. The computational
steps for function evaluation of the F2 design variables are as follows:

1. Input binary codes B.
2. Decode B leading to a vector of real number design variables x.

Too small gap
for fluid grid

Figure 8. [lblique fins that lead to small gap for mesh generation.
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Gap with a
sufficient width

Reduced
fin height

Figure [1 Shortened ith fin leading to a sufficiently wide space for mesh generation.

W

. Assignd = x1, N = round(x;),t = x3, S1 = X4, $» = x5, 53 = X6, S4 = X6, x3 = V.
. Find the fin-to-fin space b = (W — Nd)/(N — 1).
5. If b is too small or too large (b ¢ [0.5, 5] mm), decrease or increase the value of N until the
value of b is in the proper range.
6. Find sy, 5, 53 and s4 using (11).
7. Interpolate the independent variables (W /7, 3W /7, 5W /7, W/2[Jand dependent variables
[51, 82, 83, 84 lusing cubic spline interpolation.
8. Find X;[i=1,...,N.
[l Trim the fins for grid generation.
[J.1 For j = (N — 1) to the middle fin.
[12 If the gap between the jth and (j + 1)th fin is too small, reduce the height of the jth fin
until the gap is adequately large.
(1.3 elt .
10. [1ake symmetric fin heights and symmetric oblique distribution
11. Uenerate the fin cross-sectional area according to all the parameters previously determined.
12. Ureate an input file for finite volume analysis
13. Finite volume analysis
14. [ead the output file and compute the values of f; and f> to enter the optimilation procedure.

N

Figure 10 displays the solid model of a particular oblique fin heat sink being discretiled into a
number of finite volumes whereas the grid of its [uid model is shown in Figure 11. It can be seen
that the fin heights are slightly varied.

The third set of design variables is the combination of F1 and F2. The input design parameters
consist of d, N, t, V¢, Hy, Hy, H3, Hy, S1, S2, S3, and S4. The process of function evaluation
starts with decoding binary codes to be the real design parameters. The number of fins are then
determined. The fin height distribution is calculated and the heights of the N fins are obtained.
Afterwards, the fin oblique distribution is calculated and the trim process is activated to reduce the
height of some fins enabling the automatic mesh generation of the software. After the input file
has been created, the analysis takes place, the output results are read, and the oblective function
values are computed.

The [BI[I multi-oblective optimiler is employed to solve each multi-ob/éctive optimi'ation
problem sil'times. In each optimilation run, the non-dominated solutions in the last updated
el ternal [areto archive are taken as the approlimate [‘areto front of the problem. The population
sileis setto be Np = 25 while the total number of generations is set to be 50. The el ternal areto
archive sil¢ is set to be N4 = 100, and the number of binary bits for each design variable is 20.
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Figure 10. [blique plate-fin heat sink: solid model.

1

F e

Figure 11. [Iblique plate-fin heat sink: [uid model.

The mutation probability is set to be 0.05 while the mutation shiftis m; = 0.2. The non-dominated
sorting scheme for constrained optimilation proposed by Deb [111.1(2001) is employed. It should
be noted that SLIIA with real codes (Srisomporn and Bureerat 2008) and [ [S[I with real codes
([Teyes-Sierra and [loello [loello 2006) are also employed to solve the problems si times for each
design problem. The crossover and mutation rates for SLIA are set as 1.0 and 0.5 respectively
while, for [1 [S[], the starting inertia weight, ending inertia weight, cognitive learning factor, and
social learning factor are assigned as 0.5, 0.01, 0.5 and 0.5 respectively.

] Do 00 Cm

There are totally 3 x 3 x 6 non-dominated fronts from the silruns of the three multi-oblective
evolutionary optimil ers used to solve the three design problems. The comparative performance of
[BI[, SIIA and [ [S[]isachieved by means of C-comparison ([it[ler [[11.2000). The bo! +plots
of C values comparing sil Ipairs of optimilation strategies are illustrated in Figure 12. It can be
seen that S[|A and [ B[ Jsignificantly outperform [ [S[]. S[TA and [ BI[Jare said to be equally
good for the case of F1 and F2 (S[I'A is slightly better for F2) while [ BI[]is obviously superior
to S[IA in cases of the F3 design problem. It should be noted that the predefined parameters used
for each multi-obléctive evolutionary algorithm usually affect its searching performance. Since
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PBIL

the overall best method is [ BI[}, only the results obtained from using [ BI[]are therefore chosen
to present.

The [areto fronts obtained from solving the F1 problem sil times are shown in Figure 13. It
can be seen that the results from using [ Bl ]are quite consistent as they can reach almost the same

Figure 13.
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frontier for all silJruns. The cross-sectional areas of the heat sinks from the best front (sorted by
using the C indicator) are shown in Figures 14 and 15. From the figures, all of the heat sinks tend
to have the certain number of fins. []ost of the heat sinks have slightly varied fin heights while
some of them have obvious fin height [‘uctuation.

A I L0 D 0

(AL AR O A O -

Figure 14. [Tross-sectional areas of the heat sinks on the best [areto front of F1: I.
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Figure 15. [ross-sectional areas of the heat sinks on the best [areto front of F1: II.
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The silJapprolimate Careto fronts of F2 are displayed in Figure 16. The searching performance
of [ B for this case can be considered as being consistent, although [ BI[ | cannot reach the same
frontier for all sillruns. The heat sinks ¢ross-sectional areas of the best [areto front are illustrated
in Figures 17 and 18. It can be seen that all of the heat sinks have varied fin orientations and most
of the heat sinks have slightly varied fin heights.

F2 Approximate Pareto fronts from using PBIL 6 times

4 T T T T T T
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Junction temperature, °K

Figure 16. Sillapprolimate [areto fronts of F2.
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29 30 31 32 33 34 35
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Figure 17. [ross-sectional areas of the heat sink on the best [areto front of F2: 1.
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Figure 18. [Iross-sectional areas of the heat sink on the best [areto front of F2: II.

Sillareto fronts from solving the F3 problem sil times are plotted in Figure 1] The searching
performance of [ BI[] for solving this design problem is said to be less consistent compared to
the previous design problems. The cross-sectional areas of the heat sinks of the best front are
illustrated in Figures 20 and 21. It can be seen that the heat sinks have fins with variation of fin
orientations and heights.

F3 Approximate Pareto fronts from using PBIL 6 times
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Figure 101 Sillapprolimate [areto fronts of F3[!
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Figure 20. [Iross-sectional areas of the heat sink on the best "areto front of F3: 1.

31 32 33 34 35

Figure 21. [Iross-sectional areas of the heat sink on the best [areto front of F3: II.

The best fronts of the problems F1, F2 and F3 are plotted together in Figure 22 to make
a comparison. The diamond markers are oblective values (obtained from [IFD analysis) of a
typical real heat sink shown in Figure 23 where V; € {2,3,4,5,6} m/s, t = 8mm, d = 2 mm,
H =32mm, N =21, W = 63mm, and L = 80 mm. It can be seen that the best front that totally
dominated the rest is the [areto front of the F3 problem while the second and third bests are the
front of F2 and F1 respectively. This implies that using the wider design space such as F3 results
in the better heat sinks. The real heat sink, which has a lower fin height but slightly larger base area,
is inferior to the other design solutions. This can be said that the proposed automated optimilation
process is an effective and efficient design tool although it is not reasonable to compare the heat
sinks from solving F1, F2 and F3 with the real heat sink directly.
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Comparison of F1, F2 and F3 Pareto fronts
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Figure 22. [lomparison of the best fronts of F1, F2, F3 and the real heat sink.

Figure 23. Typical real heat sink.

(1 O 00 o

The computational procedure of multi-oblective [ BI[Jis detailed. The three sets of design variables
that determine the heat sink shape are proposed. The concept and computational steps for function
evaluation of each design variables set are given. []ith the use of [ BI[} a set of [areto optimal
solutions can be obtained within one optimilation run. The proposed design problems are difficult
or even impossible to be solved by gradient-based optimilation methods since the design problems
have a milof integer and real design variables, and function derivatives are unavailable. From
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the [areto optimal results obtained, the design variables set that give the best results is the F3 set
as el pected while F2 is better than F1. The searching performance of [ BI[|in dealing with the
three multi-ob (ective design problems is said to be acceptable based on its consistency. By using
this sophisticated design system, unconventional design problems can be posed and solved and
this may lead the thermal design of heat sinks to another level.

OO e e

The authors are grateful for the support from the Thailand "esearch Fund (TLIF). [Jany thanks are also directed to our
colleague, [eter []arr, for making this article more readable.
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Abstract. In this work, performance enhancement of a multiobjective evolutionary algorithm
(MOEA) by integrating a surrogate model to the design process is presented. The MOEA used in this
work is multiobjective population-based incremental learning (PBIL). The bi-objective design
problem of a pin-fin heat sink (PFHS) is posed to minimize junction temperature and fan pumping
power while meeting design constraints. A Kriging (KRG) model is used for improving the
performance of PBIL. The training points for constructing a surrogate KRG model are sampled by
means of a Latin hypercube sampling (LHS) technique. It is shown that hybridization of PBIL and
KRG can enhance the search performance of PBIL.

Introduction

A heat sink is a well-known component used in a cooling system of electronic devices to control
operational temperature in order to keep the device away from thermal failure. Based on such a
reason, the heat generated at the junction of both heat sink and device (called junction temperature, 7))
becomes one of the most important heat sink design parameters. Moreover, to reduce operation cost,
fan pumping power, Py, also needs to be minimized. This implies that, in designing a heat sink,
multiple design objectives should be taken into consideration.

Recently, research work on heat sink optimal design by using evolutionary algorithms (EAs) has
been presented using both single and multiple objective function design problems e.g. in [1-5]. Our
previous work [5] shows that using MOEAs for multiobjective design of a PFHS is superior to the
classical design approach. However, it is also found that the optimization process is time-consuming
due to expensive function evaluations from performing finite volume analysis (FVA); therefore,
performance enhancement of the MOEA design process is required.

This work is aimed to enhance a multiobjective evolutionary optimizer performance by
incorporating evolutionary search with a surrogate model. This design problem is posed to find
geometrical parameters of a PFHS to minimize its junction temperature and fan pumping power.
Population based incremental learning is chosen as the optimizer since it gives the best results as
shown in [1]. The surrogate model employed in this work is the Kriging (KRG) method or a Gaussian
process model [6]. The results show that the performance of a surrogate-assisted PBIL can be
compared to non-dominated solutions obtained from running of PBIL with a larger number of
function evaluations, and without using a surrogate model.

Multiobjective Evolutionary Algorithms (MOEASs)

Engineering design problems usually have multiple design objectives that are often conflict with each
other. A multiobjective optimization problem can be detailed as follows:

Find a set of variables x such that
minimize f= { f1(x),..., fi(X) }

subject to

All rights reserved. No part of contents of this paper may be reproduced or transmitted in any form or by any means without the written permission of TTP,
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gi(x) < 0 (inequality constraints)
hi{x) = 0 (equality constraints)
where xe R"is a vector of n design variables, and k objective functions f,(x) are intended to be

minimized simultaneously. In the multiobjective problem, f(x) = {fi(x), /(X), ..., fi(x)}" is an
objective function vector that contains objective functions of £ > 2. A variable vectorx’ represents a
Pareto optimal solution (or non-dominated solution) if it does not exist any x in a feasibble region
such that fi(x)< fix') for all i=1,...m and fi(x)< fi(x") for at least one index of j. A set of
non-dominated solutions obtained from the multiobjective problem is called a Pareto optimal set. If it
is plotted in the objective domain it is called a Pareto or non-dominated front as illustrated in Fig. 1
for the case of bi-objective.

A Parcto
f 2 | front

feasible
region

LT
Onon-dominated
solutions >

fi

Fig. 1 Pareto optimal set

Population-Based Incremental Learning (PBIL). The PBIL method is based on binary search
space as proposed by Baluja [7] in 1994. The search procedure starts with an initial probability vector
(P;) in which each element in the vector determines the probability of having ‘1’ on each a column of
a binary population given that each row in the population is one design solution. Samples of a
probability vector are given in Fig. 2. It is shown that one probability vector can result in a variety of
populations. This feature of PBIL helps maintain population diversity in multiobjective optimization.

Population 1 Population 2 Population 3
o 0 1 0
1 0 0 1,
11 1 0,
o 1 0 1,

010 1 1 0 1

1
1110 0 0 01
o001 1 101
00 00 0o 110

Probability vectors
[0.5, 0.5, 0.5, 0.5] [0.25, 0.5, 0.25, 0.5] [0.5, 0.75, 0.25, 0.75]

Fig. 2 Probability vectors and their corresponding populations

Having obtained a probability vector from the binary population, the best binary design soluton is then
used to modify the probability vector using the following relationship.

])inew — })inld (1 —LR) +biLR
where b is the element of best binary solution, and L, is learning rate which herein is defined as:

L, =0.5+rand-(+0.10or—0.1).
The number rand €[0,1] is a uniform random number.
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For multiobjective PBIL, several probability vectors which will be called a probability matrix are
used instead of only one vector as with the single objective case [8]. The search procedure starts with
an initial probability matrix, and an empty Pareto archive for collecting non-dominated solutions. A
binary population can then be obtained from the union set of sub-populations created from each row
of the probability matrix. The non-dominated solutions are obtained by sorting the combination of the
non-dominated solutions from the previous generation and the members in the current population. In
case that the number of non-dominated solutions exceeds the predefined archive size, a normal line
method [1] is employed to remove some solutions from the Pareto archive. The process is repeated
until a stopping criterion is fulfilled. More details of multiobjective PBIL can be seen in [1, §].

Hybridization of PBIL and KRG

In this work, the hybridization of PBIL and KRG is detailed. Initially, the LHS technique is used to
generate training points (in this work, 50 points were created.). The KRG model is then constructed
by means of the maximum likelihood method [6]. The PBIL is then used to find Pareto solutions
while function evaluations are predicted using the KRG model. Having obtained the final solutions,
the actual functions are found using computational fluid dynamic (CFD) analysis. Afterwards, design
solutions from using the surrogate model are taken as initial solutions for the main PBIL search
procedure. The PBIL algorithm is then operated for a few iterations to improve the approximate
Pareto front. The flowchart for this hybrid approach is illustrated in Fig. 3.

Bi-objective functions
min f = 1(x), f2(x LHS: Sampling real functions size of Ny
bi tt{ f ( ) f ( ) ; » evaluated by CFD
subject to
gi(x)<0 hi(x)=0 l
.

KRG: Fit the Gaussian model

PBIL: Initialization
k=0, (B)
Probability matrix
Py(k), archive A = {}

— —_—
I KGR function I

L predictiﬂl_ ]

PBIL: Initialization
t=0
Probability matrix
Qii(1), archive B = {}

y

PBIL: Generate a

A 4

PBIL: Generate a
population X from P;;

A 4

! 1
! 1
! 1
! 1
! 1
! |
! T
! 1
! 1
! 1
! 1
! 1
! 1
! 1
! 1
! 1
! 1
! 1
! 1
! 1
! 1
! 1
! 1
! 1
! 1
! 1
! 1
: 1

1
' and update the archive A '
! 1
! 1
! 1
! 1
! 1
! 1
! 1
! 1
! 1
! 1
! 1
! 1
! 1
! 1
! 1
! 1
! 1
! 1
! 1
! 1
! 1
! 1
! 1
! 1
! 1
! 1
! 1
: 1

PBIL: Find non-dominated population Y from Oy
f=k+1 solutions from A U X
A 4
PBIL: Find non-dominated
. : t=t+1
PBIL: Update the probability solutions from Y
matrix Py and update the archive B
no
T — = _ A 4
I CFD ﬁm(.:tlon PBIL: Update the probability
l. evaluation matrix Oy
Yes
End
No yes
________________________________________ | L« |
Main procedure Sub-procedure

Fig. 3 Flowchart for hybrid PBIL and KRG
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Design Problem
Pin-Fin Heat Sink Model. A PFHS physical model with square base (w, ) is given in Fig. 4.

Parameters defining a heat sink geometry include base length (w, ), base thickness #,, fin width
(W}, ), and number of fins (1y). The fins heights are varied based on the 16 input parameters (H-Hjs).

Figure 5 displays 7%7 control points on the fin base where the 16 fin height parameters are distributed
symmetrically. The fin height can be determined by using radial-basis function interpolation [5]. A
fin-to-fin space or fin stitch (s, ) is equi-spaced. The heat sink is cooled by a fan of Vair velocity
(m/s) which is installed on the top of a heat sink. A uniform heat load ( Q) generated at the junction of

heat sink and the electronic device is set to be 120 watt. Materials and air properties and the
assumptions of heat-flow in this simulation are detailed in [5].

—
—}5 g, l— W i
a—
1
—A
H
| L, __I"‘.J‘!

F 3
¥

—| o |—

Fig. 4 Physical model of pin-fin heat sink

In the design process, an automated procedure was achieved by interfacing the CFD software into
MATLAB. The design variables included those parameters for creating PFHS geometry and the inlet
air velocity. For more details of the encoding/decoding process of the design variables, see [5].

iH12
H9 q}HlD#{llﬂ:Hlbq}Hllq}Hmm

HS _HIO 11 E[']:12 Hi1 HI0 |HS
g5 10 I AT AT IO

X
Fig. 5 Fin height distribution control points

The design problem was proposed to minimize bi-objective functions as fan pumping power and
junction temperature of a pin-fin heat sink. The fan pumping power was used to measure the
consumption of electronic power while the junction temperature determined heat sink thermal
performance. Heat sink aspect ratio and space limit of the device were set to be design constraints. A
mathematical model of the design problem can be expressed as follows:

WY - J[NSUnD
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Objective functions:

m:“{Tj)Pfan}
Tj=Ta+QRhs
b _ AP
"p,

Design variable vector:
X=[1Win Whs, Vi H 16, )"
Constraints:

T,—355°K <0

0.0025 < w,, <0.005

4<N, <14
0.0025 < ¢, < 0.005
0.0<H ,, <0.05
0.5<¥,<1.0

0.03 < w, <006
0.0025 < 5 ,, < 0.004

In this work, 50 sampling points were created using a LHS technique while PBIL with 100
population size and 200 generations was performed with surrogate function evaluation. Then, 25
design solutions from the surrogate optimization were taken as initial solutions for a common PBIL,
which was used for further exploring the non-dominated front with 25 population size, and 9
generations. This means that the proposed surrogate-assisted PBIL took 50+25x10 = 300 actual
function evaluations.

Results and Discussion

In order to verify the proposed design approach, we also performed PBIL with the population size of
25 solutions and 35 generations resulting in 875 actual function evaluations. This was partly to ensure
that the obtained non-dominated front was close to the real Pareto front. The front obtained from this
run was termed PBIL-35 while the front obtained from using the surrogate-assisted PBIL was termed
PBIL-KRG-10, and they are plotted in Fig. 6. From the figure, both fronts overlap each other which
implies that one front was not absolutely better than the other. The hypervolume of the PBIL-35 front
was 0.48699 while that of the PBIL-KRG-10 front was 0.46845 (the reference point was f; =303, f, =
0.14). This implies that PBIL-35 was slightly better according to the hypervolume indicator.
Approximate Pareto front

0.14

T T T T T T
’ -@-PBIL 35 generations(875 evaluations)
-B-PBIL-KRG 10 generations(300 evaluations)

IS4

—

N
T

Fan pumping power (watt)

360 306.5 361 301.5
Junction temperature ( K)

Il Il
299 299.5

Fig. 6 Comparison of approximate Pareto fronts
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Fig. 7 displays some selected heat sink geometries from the PBIL-KRG-10 front. It can be seen that
the front gave various geometries with fin-height variations. Selected solutions from the PBIL-35
front are given in Fig. 8, which also have various fin height distributions. From both figures, it can be
seen that heat sinks obtained from the surrogate-assisted approach tended to have more pin fins.
However, each PFHS from both design approaches had fin height variation.

iy A
o i iy
i 1 Ay

Fig. 7 Some optimal geometries from PBIL-KRG 10

il iy il
i 1 e
i s Al

Fig. 8 Some optimal geometries from PBIL-35

Conclusions

The previous work shows that using solely PBIL to optimize a pin-fin heat sink is computationally
expensive. Thus, the surrogate KRG model can be used for hybridization with PBIL to enhance its
search performance. From the optimum results, it can be concluded that the surrogate-assisted PBIL is
a powerful design strategy as the front obtained from this approach is comparable to that obtained
from using the common PBIL with a considerable larger number of actual function evaluations. The
former needs to perform three times less actual function evaluations approximately than the latter.
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Abstract. This paper presents two surrogate-assisted optimization strategies for structural
constrained multiobjective optimization. The optimization strategies are based on hybridization of
multiobjective population-based incremental learning (MOPBIL) and radial-basis function (RBF)
interpolation. The first strategy uses MOPBIL for generating training points while the second strategy
uses a Latin hypercube sampling (LHS) technique. The design case study is the shape and sizing
design of a torque arm structure. A design problem is set to minimize structural mass and
displacement while constraints include stresses due to three different load cases. Structural analysis is
carried out by means of a finite element approach. The design problem is then tackled by the proposed
surrogate-assisted design strategies. Numerical results show that the use of MOPBIL for generating
training points is superior to the use of LHS based on a hypervolume indicator and root mean square
error (RMSE).

Introduction

In practice, an engineering design problem often has more than one design objective which is called
multiobjective optimization. Such a design problem is assigned to optimize many objective functions
simultaneously while fulfilling constraints. Among various types of optimizers, multiobjective
evolutionary algorithms (MOEAs) are arguably the most popular method used to solve multiobjective
problems. The most outstanding feature of MOEAs is that they can explore a Pareto front within a
single run without requiring function derivatives. However, a lack of search consistency and a low
convergence rate are the inevitable drawbacks. For this reason, the hybridization of a surrogate model
(SM) and multiobjective evolutionary optimizers has been invented and this approach is found to be
very powerful and effective [1].

A surrogate-assisted multiobjective evolutionary algorithm is widely used for design/
optimization problems with expensive function evaluations or problems that have limited values of
constraints and objective functions available. This kind of design process has been implemented on a
wide variety of real world applications e.g. in [2-6]. The search performance of this approach relies on
the accuracy of a surrogate model, which in turn depends on several factors such as the positions of
the training points and the number of training points used. This paper compares two alternative
techniques for generating sampling points for a surrogate-assisted approach: LHS and MOPBIL. RBF
interpolation is the implemented surrogate model (SM). The two design strategies are implemented
on a structural constrained optimization. The Pareto optimum results obtained by using the two
strategies are compared and discussed.

Surrogate-Assisted MOPBIL

MOPBIL is chosen for this study as it is one of the most powerful MOEAs for solving a number of
engineering applications [6-9]. A PBIL algorithm based on binary spaces is an evolutionary optimizer
proposed as an alternative to a genetic algorithm. The concept of a PBIL is to use the so-called
probability vector to represent a binary population. In multiobjective optimization, more probability
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vectors should be used in order to obtain a better population diversity; thus, it is called a probability
matrix [6, 9]. Starting with an initial probability matrix that has all elements as “0.5”, and an (empty)
Pareto archive, the binary population according to the initial probability matrix is then created. The
binary population is decoded and objective values are evaluated. The Pareto archive is then filled with
non-dominated solutions obtained by sorting the combination of the members in the archive from the
previous generation and the individuals in the current population. In cases where the total number of
non-dominated solutions is greater than the predefined archive size, the archiving operator is used to
remove some solutions from the archive. The Pareto archive is updated iteratively until reaching the
maximum number of generations. More details of MOPBIL are given in [6, 9].

In this paper, the hybridization of a MOPBIL and a RBF interpolation model is proposed. Two
simple hybrid strategies are as follows:

Strategyl. MOPBIL is used to explore sampling points for a few iterations. The obtained training
points are then used to construct a RBF surrogate model. Afterwards, MOPBIL is used to find a
non-dominated front of the design problem based on the surrogate model evaluations. Some solutions
are selected from the members of the final archive where the actual function values of those solutions
are determined. These selected solutions will be used as an initial non-dominated front for MOPBIL
which will then proceed to further improve the front for a few iterations.

Strategy2. The second surrogate-assisted strategy is similar to Strategyl except that Strategy2
uses LHS, one of the most commonly used techniques, for generating sampling points.

Design Problem

Constrained optimization of a torque arm structure, shown in Fig. 1, is chosen for the design
demonstration and performance test. Under working conditions, the structure is subjected to three
load cases as bending, torsion and axially compressive loads at its right hand cylindrical part.

i

Fig.1 Geometry and parameterization of the torque arm.

The multiobjective optimization problem is posed to find the structural shape and size such that
the mass and displacement are minimized whereas the constraint of stress failure is included which
can be expressed as

Min: f=[fi(x), 4(X)] (1)
Subject to

Omax < dal, 0.03 <R, £0.05,0.02 <7 £0.05, 0.01 £¢<0.025, 0.035 < b; <0.075,
0.015<5,<0.03,0.035</,<0.075, 0.035< 1, <0.075
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where x = Ry, 1, t, b1, by, 11, lz]T is a design variable vector. SI units are used throughout unless
otherwise specified. All the variables are displayed in Fig. 1. The variables R, and r, are set to be
0.0225 m and 0.015 m respectively. f; is the structural mass while f; is the maximum displacement
due to the three load cases. Minimizing f, is somewhat equivalent to maximizing structural stiffness.
The parameters om.x and g,y are the maximum von Mises stresses on the structure due to the three load
cases and the allowable stress respectively.

The objective and constraint function values are evaluated by using finite element analysis (FEA).
Function evaluation is somewhat time-consuming especially when the value of b, is close to /; or /;
(but not equal). Strategyl exploits MOPBIL for 3 iterations with a population size of 30 to find the
sampling points. After performing MOPBIL in the surrogate environment, where a large number of
function evaluations can be performed with much less computing time, 50 non-dominated solutions
are selected where their actual function values are evaluated by means of FEA. After that, MOPBIL is
operated for 5 iterations with a population size of 30 to further improve the non-dominated front. This
means that Strategyl needs a total of 30x3+50+30x5 = 290 FEA evaluations. For Strategy2, the LHS
technique is used to generate 100 sampling points instead of using MOPBIL for 3 iterations. The rest
of the procedure is similar to Strategyl. Thus, Strategy2 requires 300 actual function evaluations. We
also use MOPBIL without using a surrogate model to solve the problem (1) with the population size
of 30 and 50 generations (a total of 1500 function evaluations). The obtained results can be used to
measure the performance of the surrogate-assisted approaches.

Computational results

For the two surrogate-assisted design strategies, after an optimization process using a surrogate
function prediction, 50 design solutions for each strategy are obtained and the actual function values
are evaluated. The root mean square errors between the actual function values and the surrogate
predicted values for the objective and constraint functions of both strategies are compared in Table 1.
It can be seen that Startegyl gives a better prediction for all functions except for the case of f; design
objective. This implies that the MOPBIL generates a better set of sampling points.

Table 1. RMSE of constraint and objective functions: g; = stress constraint due to the i-th load
case

Methods  fj f g1 2 83
Stategyl 0.5193  0.6733x10"  6.6089x10"  4.9847x10"  5.4952x10’
Stategy2 0.4902  0.7026x10™  8.4202x10"  8.4089x10"  9.3479x10’

x 10 Pareto front

O Strategy1 (290 evaluations)
v Strategy2 (300 evaluations)
O MOPBIL(1500 evaluations)

max. displacement (m.)

f,=

OIRIOCO o QOO0

\ \ \ \ \ \ )
2 4 6 8 10 12 14 16 18
f1=mass (k@)

Fig.2 Pareto optimal front obtained.
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The final Pareto optimal fronts of Strategyl, Strategy2, and MOPBIL are given in Fig. 2. It can be
seen that all three fronts give similar results. The hypervolumes of the fronts obtained by using
Strategyl, Strategy2, and MOPBIL are 0.0027, 0.0024, and 0.0025 respectively given that the
reference point is [f; = 17 kg, fo = 0.00025 m]. As a result, the front from Strategyl is the best
according to the hypervolume indicator.

Figs. 3-5 respectively show the variation of the design variables in the non-dominated fronts
obtained from Strategy1, Strategy2, and MOPBIL. The ranges of the design variables for the cases of
Strategyl and Strategy?2 are very similar while the ranges of the variables for the case of MOPBIL are
slightly different but still have the same trends.
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Strategy1 (290 evaluations)
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Fig. 3 Variation of design variables in the front from Strategyl

Strategy2 (300 evaluations)
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MOPBIL (1500 evaluations)
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Conclusions

The multiobjective shape and sizing optimization problem of a torque arm using the hybridization of
a RBF surrogate model and MOPBIL is demonstrated. From the comparative results, the
surrogate-assisted approach using MOPBIL for generating training points is slightly better than the
one using the LHS technique. The results obtained from using both surrogate-assisted design
strategies are comparable to those obtained from using MOPBIL without a surrogate hybrid although
the formers employ a lower number of function evaluations. The proposed surrogate-assisted
MOPBIL strategies are said to be efficient but, from RMSE, the surrogate prediction still needs
further improvement especially the stress constraint functions.
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Hybrid Population-Based Incremental Learning Using
Real Codes

Sujin Bureerat

Department of Mechanical Engineering, Faculty of Engineering, Khon Kaen University,
40002, Thailand
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Abstract. This paper proposes a hybrid evolutionary algorithm (EA) dealing
with population-based incremental learning (PBIL) and some efficient local
search strategies. A simple PBIL using real codes is developed. The
evolutionary direction and approximate gradient operators are integrated to the
main procedure of PBIL. The method is proposed for single objective global
optimization. The search performance of the developed hybrid algorithm for
box-constrained optimization is compared with a number of well-established
and newly developed evolutionary algorithms and meta-heuristics. It is found
that, with the given optimization settings, the proposed hybrid optimizer
outperforms the other EAs. The new derivative-free algorithm can maintain
outstanding abilities of EAs.

Keywords: Population-Based Incremental Learning, Approximate Gradient,
Evolutionary Direction, Meta-Heuristics, Evolutionary Algorithms.

1 Introduction

Evolutionary algorithms (EAs) or meta-heuristic search algorithms are commonly
known as alternative optimizers to classical mathematical programming (MP) or
gradient-based optimizers. Using EAs is advantageous over MP since they are simple
to implement, more robust, capable of tackling global optimization, and derivative-
free. Nevertheless, the methods have some unavoidable disadvantages since they have
a low convergence rate and require a large number of function evaluations to achieve
optimum results. With no guarantee of convergence, the optimum results obtained
from using EAs are usually classified as near optima. EAs also have a complete lack
of search consistency since, with multiple simulation runs, they are unlikely to find
the same optimum point. As a result of the attractiveness of their ability to tackle
almost all kinds of optimization problems and the aforementioned advantages, many
researchers and engineers have invested considerable effort to improve and develop
evolutionary optimizers. The target is to retain their outstanding abilities and alleviate
their drawbacks. From genetic algorithms (GA) to the countless number of EAs
presently being used in a wide variety of real world applications, only those EAs with
a high searching performance are receiving considerable attention.

Several methods have been used to enhance the search performance of EAs. One of
the most popular and efficient strategies is the use of EAs in combination with

C.A. Coello Coello (Ed.): LION 5, LNCS 6683, pp. 379-391, 2011.
© Springer-Verlag Berlin Heidelberg 2011
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surrogate models [1, 2]. This hybridization approach is said to be well-established and
successfully implemented on a variety of real world applications. Another approach is
the integration between EAs and their variants. Since the weak and strong points of
EA operators have been thoroughly investigated, their proper combinations can also
improve EA performance [3].

This paper proposes a hybrid evolutionary algorithm dealing with population-based
incremental learning and some efficient local search strategies. The method is
developed to deal with single objective global optimization. A simple PBIL using real
codes is detailed. An evolutionary direction operator and an approximate gradient are
integrated with the main procedure of PBIL. The search performance of the developed
hybrid algorithm while solving 35 box-constrained optimization problems is
compared with a number of well-established and newly developed EAs and meta-
heuristics. It is found that the proposed optimizer can be regarded as one of the best
evolutionary optimizers.

The paper is organized as follows. The following section 2 gives the details of
population-based incremental learning using real codes, evolutionary direction and
approximate gradient operators, and the hybrid algorithm. Section 3 provides the
testing functions for performance comparison. Section 4 shows the comparative
results and assessments of the EAs performance. The paper is concluded in section 5.

2 Hybrid Algorithm

2.1 Population-Based Incremental Learning

The population-based incremental learning was first developed by Baluja as an
alternative search algorithm to genetic algorithm [4]. Unlike most traditional EAs,
PBIL uses the so-called probability vector to estimate a binary population. The
method accomplishes optimization search by improving the probability vector
iteratively. The real-code variants of PBIL have been developed [5-6] but they seem
to be less popular than the original binary-code PBIL. In this paper, we propose PBIL
using real code, which exploits the probability matrix similar to the histogram PBIL
(PBILy) in [6]. Given that the box-constrained optimization problem is of the form:

Min f(x) (1

L,‘S)C,‘SU[;l': 1,...,”
XER

where x is the vector of design variables size nx1, fis an objective function, L; are the
lower bounds of x, and U; are the upper bounds of x.

The probability matrix (P or P; size nxm) is proposed to deal with real design
parameters in such a way that the feasible range [L;, U;] of a design variable is divided
into m sections. The element P; determines the probability that the i-th element of x
will be placed in the range [L; + (j-1)3;, L; + j&] where 6, = (U; - L;)/m. Generation of a
real-code population can be carried out in a similar manner as with binary PBIL. A
real-code PBIL search starts with a probability matrix P where all elements values are
assigned as 1/m. An initial population according to P is then created with their
corresponding objectives being evaluated while the best individual x"" is detected.

The probability matrix is then updated based upon x"*" as
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’ old
P::f =(1- LRJ )P::f + LR‘J' @
where

Ly, =05exp(=(j—r)*). 3)

The element r is determined in such a way that x,-he‘" is placed in the range [L; + (-

1)d, L; + r&]. The learning rate L in Eq. 3 is set to prevent premature convergence.

T
In order to preserve the condition ZPU =1, the i-th row of P’ is normalized as:
j=1
y @)
A UD WAL
j=1
As a result, the finally updated P is in Eq. 4. The probability matrix and x"" are
iteratively improved until the termination condition is met. The pseudo-code of real-

code PBIL is given in Fig. 1 where ¢ is a generation number, Ny is the total number of
generations, and Np is the population size.

I_HM: NG, NPv n,m, LR
Output: x™, ¢t
Initialization: P; = 1/m, & = (U; - Ly)/m, x>0y = {}
1: Fort=1to Ng
2: Generate a real code population X(#) from P;
2.1:Fori=1ton
2.2: Forj=1tom
2.3: Randomly generate Np.P;; elements of x; in the interval
[Li+ (G-1)6, Li +jS].
2.4: End
2.5: Randomly permute the positions of Np elements of x;.
2.6: Put the Np values of x; in the i-th row of the population matrix X(7).
2.7: End
3: Evaluate f(r) = fun(X(r)).
3: Find new x**'(¢) from X U x"*'(r — 1).
4: Update P;; based on the current x|
4.1:Fori=1ton

4.2: Find r such that x”* € [L; + (-1)&, L; + r&].
4.3: Update Pj; using Eq. 2 and 3.
4.4: End

5: End

Fig. 1. Algorithm for real code population-based incremental learning

2.2 Evolutionary Direction Recombination

The evolutionary direction operator was proposed in [7], which is the modification of
the work in [8]. It can be thought of as a special kind of evolutionary recombination.
One operation requires three randomly selected individuals from the current
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population to produce a pair of children. Let the three individuals be x;, X,, and x;
where x; has the best (minimum) objective among them. An evolutionary direction is
computed as:

S=(X; —X,)+(x; —Xx3)+¢C ®))

where ¢; = &randn, randn is a normally distributed random number with mean zero
and standard deviation one, and € is a small number to be specified (default value is
0.05). The random vector ¢ is used to prevent a premature convergence. The new
individuals as the product of this evolutionary operator can be obtained as

Y1 = X; + rand. A(f)s 6)
Yo = x| — rand. A(f)s

where rand € [0,1] is a uniform random number, and A(7) is the maximum step length
at the #-th generation. The value of A is set to have greater value earlier. As the
optimization progresses, it becomes smaller. In this work, the maximum step length is
set to be

Aty =exp| 22140 0,6031 |exp| - 22149, |, %
Ng -1 N, -1

G

which means A(1) = 0.5 and A(Ng) = 0.001.

This strategy is set for local search. Note that the solutions will be treated to satisfy
the bound constraints before performing function evaluation. Fig. 2 illustrates the
evolutionary operation given that ¢ in Eq. 5 is set to be a zero vector for simplicity. In
Fig. 2 a) and b), the solid line arrow is the search direction for y,; whereas the dashed
arrow is the search direction for y,. In Fig.2 a), it is shown that the offspring y, is
better than y,. However, in Fig. 2 b), y, has the possibility to be better than y,; and for
this reason the + and — signs are used in Eq. 6.

Fig. 2. Evolutionary directions



Hybrid Population-Based Incremental Learning Using Real Codes 383

2.3 Approximate Gradient

The approximate gradient is estimated from the members of a population and their
corresponding objectives [7]. The approximate gradient is calculated exploiting the
relation of the directional derivative. The directional derivative of a function f in the
direction of s at a point x in R" space, denoted by df/ds can be expressed as:

df _ fX)-f(x+AY)

T
u,Vf =
M ds As

)
where uy is a unit vector of s. With the current population size nxNp {Xi, ..., Xys},
their objectives {f},..., fyc}, the current best solution X" and its objective 7 the
approximate gradient of f at the point x”* can be computed as:

(Xbest _ Xl )T fbest _ f‘l
: Vf=AVf = : =b. 9)
(Xbe.vr _ XR)T fhe,rt _ fR

The first R individuals that are closest to x"*" are chosen to approximate the

gradient. The value R is set to be greater than n in order to prevent matrix singularity.
Since the matrix A is not a square matrix, Eq. 9 can be solved using the pseudo-
inverse operation; thus, the approximate gradient is termed pseudo-gradient in [7].
Note that pseudo-inverse algorithms are available in both free and commercial
software such as SCILAB and MATLAB. Since Vfis used for local search rather than
global search, it is also useful to apply a quadratic interpolation to enhance the search
efficiency. Based on the steepest descent method, the search direction is set to be s = -
Vf. Two solutions extended from x"** along the search direction are found as follows:

VAl =Xbest+ﬁl.s (10)
,=xX"""+ B.s
where ) # [ are two randomly generated numbers in the range of (0,1]. The third
solution for this process can be determined by applying a quadratic interpolation

technique. We can assume that the objective function along the search direction is a
quadratic function of the variable 3 as

fx* + Bs) = C,f + B+ Cs. (11)

The quadratic function coefficients can be found by solving

0o o 1]fc) [
B B 1[G =1f) (12)
ﬂ22 ﬂZ 1 C3 f(ZZ)

where f(z;) and f(z,) are the objective function values at the points z; and z,
respectively. Then, the third individual can be found
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73 = Xbe” + ﬂ:;.s (13)

where 5 = -C,/2/C;.

This is equivalent to performing the Powell line search method for one step. In
cases that C; = 0, which implies that the objective could be a linear function, #; is
generated at random. Fig. 3 shows the process of evaluating z,, z,, and z; of the
approximate gradient operator. The solution z; is treated to be inside the bounds
before performing function evaluation. For z; and z,, if they are located outside the
feasible region, they will be discarded from the optimization process. Nevertheless,
their function evaluations are counted to the total number of function evaluations.

3-.
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Fig. 3. Step length determination of an approximate gradient operator

2.4 Hybrid Algorithm

The algorithm of the hybrid PBIL is given in Fig. 4. Initially, the hybrid algorithm
starts with an initial probability matrix of PBIL, an initial real-code population, and an
initial best design solution x"*. Np/2 individuals as the first sub-population are then
created according to the probability matrix. An approximate gradient is estimated
while three new solutions are created from this operation. The rest of the solutions
(approximately Np/2 — 3 solutions) to fill in the current population are created by
using the evolutionary direction operator. After combining the three sub-populations,
the function evaluation is performed. Afterwards, the best individual is detected and
used to update the probability matrix and compute an approximate gradient direction.
The process is repeated until the maximum number of iterations is reached. In this
hybrid algorithm, three sub-populations are created in parallel but the operators share
information during the search since updating a probability matrix and computing an
approximate gradient require x”*" for the operation.
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I_nm: NG, NP, n,m, LR, &
Output: x™, Pt
Initialization: P; = 1/m, & = (U; - L)/m, X(0), £(0), x*(0)
1: Fort=1to Ng
2: Generate a sub-population X, (Np/2 solutions) from P;; following the
computational steps 2.1-2.7 in Fig. 1.
4: Compute an approximate gradient using Eq. 9.
Generate 3 individuals X, from an approximate gradient operator.
Generate Np/2 — 3 individuals Xj; from an evolutionary direction operator.
Combine X(7) = X; U X, U X3, and evaluate f(7) = fun(X(7)).
Find new x**() from X U x*'(s - 1).
Update P;; based on the current x*! ysing the computational steps 4.1 - 4.4 in

Rl

Fig. 1.
5: End

Fig. 4. Algorithm of the Hybrid PBIL

3 Testing Functions

In order to examine the searching performance of the proposed hybrid algorithm, 35
testing functions of box-constrained optimization are posed as detailed in Table 1.
With the exception of Fg [9], all of the functions are taken from [10] and [11] where
their expressions and more details can be tracked back from their given names.
Evolutionary optimizers used to compare with the hybrid algorithm are as follows:

Real-code ant colony optimization (ACO) [10]: The parameters used for
computing the weighting factor and the standard deviation in the algorithm are
set to be £ 1.0 and g = 0.2 respectively.

Charged system search (CSS) [12]: The number of solutions in the charge memory
is 0.2Np. The charged moving considering rate and the parameter PAR are set to
be 0.75 and 0.5 respectively.

Differential evolution (DE) [13]: DE step size, crossover probability, and refresh
iterations are set as 0.8, 0.5, and 10 respectively. The DE/rand/1/bin strategy is
used.

Continuous tabu search (TS) [14]: The sizes of tabu list and promising list are set
to be 2Np and 0.5Np respectively.

Fireworks algorithm (FA) [15]: The number of fireworks for each generation is
0.25Np, the limit of sparks created with algorithm 1 is Np, the amount of sparks
created with algorithm 2 is 0.25 Np, the floor parameter for rounding the amount
of sparks created with algorithm 1 is 0.004, the ceiling parameter for rounding
the amount of sparks created with algorithm 1 is 0.8, and the maximum
explosion amplitude is 0.5(U; — L)).

Binary-code genetic algorithm (GA) [9]: The crossover and mutation probabilities
are 1.0 and 0.1 respectively.

Particle swarm optimization [16]: The starting inertia weight, ending inertia
weight, cognitive learning factor, and social learning factor are assigned as 0.5,
0.01, 0.5 and 0.5 respectively.
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Simulated annealing (SA) [17]: During an optimization run, an annealing
temperature is reduced exponentially 10 times from the value of 10 to 0.001. On
each loop, 2n children are created by means of mutation to be compared with
their parent.

Continuous scatter search (SS) [11]: The BLX-« recombination method is used.
The number of high-quality solutions in the reference set is 0.25Np, and the
number of diverse solutions in the reference set is 0.25Np.

Binary PBIL (PB) [4]: The learning rate, mutation shift, and mutation probability
are set as 0.5, 0.2, and 0.05 respectively.

The two algorithms from this paper are real-code PBIL (PR) as detailed in sub-
section 2.1, and real code PBIL in combination with the evolutionary direction and
approximate gradient operators (HPR). The number of columns of the probability
matrix is set to be 10n. Each method is used to solve each optimization problem 30
runs starting with the same initial population. The best results the methods can search
for are taken as near optimum solutions. The number of iterations is set to be 10n
whereas the population size is 7n. In cases of EAs and meta-heuristics that use
different search strategies such as fireworks algorithm, simulated annealing,
continuous scatter search, and charged system search, the number of iterations and
population size may not be the same values as previously mentioned but they will use
the same total number of function evaluations i.e. 10nX7n evaluations.

Table 1. Testing functions

Function no., details [L,u1" Function no., details [L,uy"

1, B, [10] [-50,100]* 18, Griewangk [10] [-5.12,5.12]"°
2, Beale [11] [-4.54.51 19, Perm [11] [-15,151"

3, Booth [11] [-10,107° 20, Perm0 [11] [-15,151"

4, Easom [10] [-100,1001 21, Cigar [10] [-3,71%°

5, Goldstein & Price [10] [-2,21 22, Diagonal plane [10] [0.5,1.51%

6, Martin & Gaddy [10] [-20,207* 23, Dixon & Price [11] [-10,1071%

7, Matyas [11] [-5,10]° 24, Levy(n) [11] [-10,1017

8, Penny & Linfield* [9] [-5,5]7 25, Powell(n) [11] [-4,51%

9, Powersum [11] [0,21? 26, Rastrigin(n) [10] [-2.56,5.121°
10, Branin [10] [-5,15] 27, Rosenbrock [10] [-5,51%°

11, Shubert [11] [-10,10]* 28, Sum Squares [11] [-5,101%

12, Six Hump [-5,107 29, Schwefel [11] [-500,5001%
Camel Back [11] 30, Trid(n) [11] [-400,4001%
13, Colville [11] [-10,107* 31, Ackley(n) [11] [-15,30]*°

14, Hartmann 3,4 [10] [0,47* 32, Ellipsoid [10] [-3,71°

15, Shekel [10] [0,101* 33, Plane [10] [-0.5,1.51%
16, Zakharov [10] [-5,10]° 34, Sphere [10] [-3,71%

17, Hartmann 6,4 [10] [0,61° 35, Tablet [10] [-3,71%

*fe(x) = 0.5(x) —16x7 +5x) +0.5(xy —16x3 +5x,)

4 Comparison Results

For each testing function, each method will produce 30 near optimum values. The
average value of 30 near optimum values obtained from using 12 EAs is found and
normalized using the relation
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Table 2. Comparative results by normalized function values

387

IFn

No. |ACO |[CSS DE TS FA GA [PSO [SA SS PB PR IHPR
1 0.000 [0.035 10.040 [0.016 [0.050 [0.869 [0.018 |0.032 [0.105 [1.000 [0.019 [0.005
2 0.020 [0.520 |1.000 [0.130 [0.220 [0.265 [0.000 [0.148 [0.542 [0.302 [0.431 [0.058
3 0.014 [0.056 10.166 [0.005 [0.056 [1.000 0.015 ]0.353 |0.413 [0.778 10.014 [0.000
4 0.829 [1.000 10.830 10.553 |0.997 10.550 10.283 ]0.988 [1.000 [0.912 10.529 [0.000
5 0.015 {1.000 [0.439 [0.000 [0.090 [0.836 [0.520 [0.718 |0.687 [0.841 [0.024 [0.144
6 0.001 [0.051 |0.068 [0.003 [0.037 |0.400 [0.001 |0.083 [0.089 [1.000 |0.005 [0.000
7 0.036 [0.109 10.293 10.006 [0.099 10.500 0.006 [0.501 |0.578 [1.000 0.016 [0.001
8 0.085 10.074 10.051 0.516 [0.284 |0.159 [1.000 |0.000 |0.193 [0.185 |0.190 [0.188
9 0.009 [0.030 [0.132 [0.002 [0.043 [0.440 [0.119 {1.000 [0.153 [0.658 |0.002 [0.002
10 1.000 [0.076 [0.516 [0.016 [0.149 0.421 [0.163 [0.069 [0.290 [0.755 [0.041 [0.000
11 0.934 10.520 10.862 [0.165 [0.315 |0.346 0.539 |0.116 |1.000 [0.570 |0.340 [0.000
12 0.038 [0.801 10.476 10.273 |0.363 |0.536 10.998 10.337 |0.749 [1.000 |0.125 {0.000
13 0.239 [0.186 |1.000 [0.031 [0.319 |0.329 [0.141 [0.154 |0.337 [0.344 |0.165 [0.000
14 0.000 {1.000 [0.002 [0.005 [0.006 [0.036 [0.301 |0.439 [0.023 [0.203 |0.084 [0.004
15 0.052 10.000 10.821 10.623 [0.885 |0.634 10.454 10.920 |0.377 [1.000 |0.772 [0.573
16 0.033 [0.017 10.412 10.001 [0.020 |0.632 10.339 |0.180 |0.205 {1.000 |0.006 [0.000
17 0.000 {1.000 [0.051 [0.237 [0.129 [0.191 [0.908 |0.001 [0.531 [0.405 [0.251 [0.247
18 0.704 10.000 |1.000 [0.163 [0.175 |0.076 [0.150 [0.161 [0.015 [0.040 [0.173 [0.097
19 0.000 [0.462 10.000 0.546 [0.619 |0.027 10.890 |0.000 |0.267 [0.081 [1.000 [0.417
20 0.000 {0.000 10.002 10.000 [0.000 |0.000 0.000 [1.000 |0.000 [0.001 |0.000 [0.000
21 0.000 [0.000 [0.036 [0.002 [0.026 [0.338 0.179 |0.001 [0.199 [1.000 |0.043 [0.000
22 0.000 [0.014 0.000 [0.006 [0.000 [0.001 |1.000 |0.000 [0.057 [0.022 |0.022 [0.000
23 0.009 10.000 10.114 10.000 [0.013 |0.166 [0.308 |0.003 |0.022 [1.000 0.042 [0.007
R4 0.030 |0.023 10.088 [1.000 [0.886 |0.059 10.320 |0.000 |0.042 [0.212 10.403 [0.408
25 0.047 [0.000 [0.147 10.006 [0.011 |0.420 [0.712 |0.005 [0.049 {1.000 [0.061 [0.001
26 1.000 [0.386 [0.588 [0.601 [0.485 |0.176 [0.477 (0.000 [0.470 [0.293 (0.722 0.379
27 0.076 10.011 10.759 10.000 [0.081 |0.481 [1.000 |0.004 |0.117 [0.860 |0.153 |0.087
28 0.001 {0.000 10.042 10.002 [0.024 10.149 10.810 |0.001 |0.157 {1.000 0.036 [0.000
29 1.000 [0.266 [0.468 [0.449 10.485 10.130 |0.827 [0.000 [0.795 [0.223 (0.679 [0.507
30 0.110 [0.333 |0.080 [0.429 [0.000 [0.410 |1.000 [0.454 |0.698 [0.515 |0.332 [0.203
31 0.279 10.074 10.519 10.323 [0.264 |0.537 [1.000 |0.000 |0.642 [0.889 |0.331 [0.079
32 0.004 [0.000 10.041 10.001 [0.036 |0.119 [1.000 |0.000 |0.179 [0.452 10.031 [0.004
33 0.000 [0.000 [0.000 [0.000 [0.000 |0.000 [0.000 {0.000 [0.000 |[0.000 [0.000 [0.000
34 0.007 [0.000 [0.065 [0.000 [0.009 [0.106 |1.000 |0.000 [0.187 [0.319 [0.016 [0.000
35 0.000 [0.000 10.004 10.008 [0.001 |0.030 [1.000 |0.000 [0.025 [0.054 10.232 [0.002
total [6.573 [8.043 [11.113}6.118 [7.177 |11.370(17.477[7.669 [11.192(19.915|7.291 [3.414
* PB = binary PBIL, PR = real code PBIL, HPR =Hybrid real-code PBIL

7= Ji = faoin (14)
fmax - fmin

where fi;, is the average near optimum value of the best method, and fi,, is the
average near optimum value of the worst method. By using Eq. 12, the best method
will have f =(whereas the worst method will have f =1. This relative comparison is

given in Table 2 where each value in the table stands for a f value. From the results,

the overall top five best performers are the proposed hybrid PBIL algorithm,
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continuous tabu search, real-code ant colony optimization, fireworks algorithm, real-
code PBIL, and simulated annealing. Clearly, there is no absolute best method. The
proposed hybrid approach is slightly ahead of the second best TS and the third best
ACO. Charged system search and simulated annealing are the two best methods for
large scale objective functions having one optimum. The continuous tabu search uses
the longest computational time for each optimization run. The hybrid PBIL takes a
slightly longer time than the real-code PBIL. Among the PBIL variants, real-code
PBIL outperforms its binary-code counterpart. The searching performance of PBIL is
improved when integrated with the evolutionary direction and approximate gradient
operators. This ranking is made to show the convergence rate of EAs, which means
the hybrid PBIL has a high convergence rate when compared to the other EAs with
the given optimization parameters and conditions.

An alternative EA performance assessment is given in Table 3-4. Table 3 shows
the ranking of the 12 implemented evolutionary algorithms for the first test function.
Firstly the performance matrix size 12x12, whose elements are full of zeros, is
generated. Then, the results obtained from method 7 and method J are compared using
the statistical #-test at 95% confidence level. In cases that the mean objective function
value from method / is significantly different from that obtained from method J, an
element of the performance matrix is modified. The element at row / and column J of
the matrix is changed to be one if the mean value obtained from method 7 is higher;
otherwise, element at row J and column / is changed to be one. Having a complete
performance matrix, the values on each column are summed up. The algorithm having
that highest score (ACO in Table 3) is considered the best method while the method
having the lowest total value is the worst for solving this test function.

Table 3. Performance matrix and ranking score using t-test: Function number 1

EAs ACOICSS DE TS |[FA |GA PSOSA |SS [PB |PR |HPR
ACO 0 0 0 0 0 0 0 0 0 0 0 0
CSS 1 0 0 0 0 0 0 0 0 0 0 1
DE 1 0 0 1 0 0 1 0 0 0 1 1
TS 1 0 0 0 0 0 0 0 0 0 0 1
IFA 1 0 0 1 0 0 1 0 0 0 1 1
GA 1 1 1 1 1 0 1 1 1 0 1 1
PSO 1 0 0 0 0 0 0 0 0 0 0 0
SA 1 0 0 1 0 0 0 0 0 0 0 1
SS 1 0 0 1 0 0 1 0 0 0 1 1
PB 1 1 1 1 1 0 1 1 1 0 1 1
PR 1 0 0 0 0 0 0 0 0 0 0 1
HPR 1 0 0 0 0 0 0 0 0 0 0 0
Total 11 P 2 6 2 0 5 2 2 0 5 9
Ranking |1 6 6 3 6 11 K 6 6 11 4 2

Having determined the performance matrices of all the test functions, the best
method for each design problem will have a score as 1 whereas the worst has 12 as
given in Table 4. After summing up the scores of all the testing functions, the top five
EAs and meta-heuristics are: the hybrid PBIL, continuous tabu search, real-code ant
colony optimization, simulated annealing, and charged system search. The order of
the top five methods is slightly different from that in the first comparison. Among the



Hybrid Population-Based Incremental Learning Using Real Codes 389

PBIL versions, real-code PBIL outperforms binary PBIL, the worst method in this
study. The hybrid PBIL is superior to the real-code PBIL, which means the inclusion
of an evolutionary direction and an approximate gradient helps enhance PBIL search
performance. Charged system search is the best method for larger scale testing
functions having one optimum solution while the proposed hybrid approach is the
best for multi-modal small scale functions.

Table 4. Comparative results by ranking

[Function

No. IACOICSS DE [TS [FA |GA PSOSA |SS |PB PR [HPR
1 1 6 6 3 6 11 4 6 6 11 4 2
2 2 9 9 4 6 6 1 5 9 6 9 3
3 3 6 3 2 6 1B 8 100 |11 B 1
4 6 6 6 4 6 4 1 6 6 6 3 1
5 1 3 6 1 4 3 7 3 8 & 1 4
6 2 6 6 3 6 11 3 6 6 12 5 1
7 3 6 3 2 6 9 3 9 9 9 3 1
8 3 3 2 11 5 5 12 1 5 5 5 5
9 4 4 7 2 4 10 7 11 7 11 2 1
10 1B 9 2 6 9 7 3 8 1B 1
11 10 5 10 3 4 5 5 2 10 5 5 1
12 2 7 7 5 5 7 7 23 7 7 3 1
13 7 4 12 1 7 7 3 4 7 7 4 1
14 1 12 2 3 3 6 10 10 6 9 8 3
15 1 1 3 5 10 5 4 10 3 12 B 5
16 6 4 9 2 4 11 9 7 7 12 3 1
17 1 12 3 5 4 5 11 1 10 9 5 5
18 11 1 12 7 7 4 7 6 2 3 7 4
19 3 7 1 9 10 28 11 1 6 5 12 7
20 4 1 4 2 4 4 4 12 4 4 4 2
21 3 1 7 5 6 11 9 4 9 12 8 2
22 4 8 1 7 4 6 12 1 11 9 9 1
23 4 1 9 1 5 10 11 3 7 11 8 5
4 3 2 6 11 11 4 8 1 4 7 8 8
25 6 1 9 3 5 10 11 3 6 11 6 2
26 12 5 9 9 6 2 6 1 6 3 11 4
27 4 2 10 1 5 9 10 2 5 10 7 7
28 3 1 8 5 6 9 11 3 9 11 7 2
29 2 B 5 5 5 2 10 1 10 B 9 5
30 2 5 2 7 1 8 12 8 11 8 5 4
31 4 2 8 6 4 8 12 1 10 11 6 2
32 4 1 7 3 7 9 12 2 10 11 6 4
33 1 11 1 1 1 1 1 1 1 1 12 1
34 5 1 8 4 5 9 12 3 10 11 7 2
35 3 1 6 6 4 8 12 2 8 10 11 5
total 152 [156 [231 (150 |188 [248 [268 (156 [253 [292 [217 |104

5 Conclusions and Discussion

The real-code PBIL is developed to deal with box-constrained optimization. The
hybridization of the real-code PBIL with the evolutionary directions and approximate
gradient is proposed. The new method is derivative-free and capable of maintaining
the outstanding advantages of traditional EAs e.g. global optimization. From the
comparative results, it is shown that the proposed hybrid approach is one of the best
EAs. In fact, it is the overall best method based on the assessment in this work. The
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main real-code PBIL is used for global search while the evolutionary direction and
approximate gradient are efficient for local search. Nevertheless, it should be noted
that the comparative results rely on specific optimization settings such as crossover
and mutation probabilities of GA, and number of fireworks in FA. The future work
will be the implementation of an approximate gradient, an evolutionary direction, and
some other efficient evolutionary operators for constrained optimization problems,
and multiobjective optimization.

Acknowledgments. The author is grateful of the support from the Thailand
Research Fund (TRF). Many thanks are also directed to my colleague, Peter Warr, for
his careful proofreading.
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Improved Population-Based Incremental Learning
in Continuous Spaces
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Abstract Population-based incremental learning (PBIL) is one of the well-established
evolutionary algorithms (EAs). This method, although having outstanding search perfor-
mance, has been somewhat overlooked compared to other popular EAs. Since the first ver-
sion of PBIL, which is based on binary search space, several real code versions of PBIL
have been introduced; nevertheless, they have been less popular than their binary code
counterpart. In this paper, a population-based incremental learning algorithm dealing with
real design variables is proposed. The method achieves optimization search with the use of
a probability matrix, which is an extension of the probability vector used in binary PBIL.
Three variants of the new real code PBIL are proposed while a comparative performance is
conducted. The benchmark results show that the present PBIL algorithm outperforms both
its binary versions and the previously developed continuous PBIL. The new methods are al-
so compared with well-established and newly developed EAs and it is shown that the pro-
posed real-code PBIL is can rank among the high performance EAs.

Keywords: Population-based incremental learning; evolutionary algorithms; perfor-

mance comparison; meta-heuristics; continuous domains

1 Introduction

Evolutionary algorithms (EAs) have long been regarded as alternative optimizers,
apart from classical mathematical programming. This variety of optimizers is
well-known and popular for their robustness, derivative — free searching and capa-



bility in tackling global optimisation. However, these methods have no guarantees
of convergence and search consistency. Moreover, they usually require a large
number of function evaluations to achieve optimum solutions. With such ad-
vantages and disadvantages, there have been numerous evolutionary algorithms
and meta-heuristic (MH) searches developed with the aim to enhance search per-
formance whilst maintaining their outstanding abilities e.g. global optimization
capability, derivative-free strategy, and robustness.

Methods, such as genetic algorithm (GA), are said to be well-established and
have been implemented on a wide range of real world applications. PBIL, on the
other hand, has been proposed as an alternative binary code approach to GA. The
method has been somewhat overlooked although it has an acceptable search per-
formance when compared to some popular EAs. In this paper, population-based
incremental learning dealing with real design variables is proposed. The method
achieves optimization search with the use of a probability matrix, which is an ex-
tension of a probability vector used in the binary PBIL. Three variants of the new
real code PBIL are proposed while a comparative performance is performed. The
benchmark results show that the present PBIL algorithm outperforms its binary
versions and the previously developed continuous PBIL. The new methods are al-
so compared with well-established EAs, and some other newly developed algo-
rithms. It is shown that the proposed real-code PBIL is considered among the best
EAs.

2 PBIL Algorithms

The first version of PBIL is based upon a binary search space [1]. It was proposed
as an alternative EA apart from the best known GA. The basic idea of binary PBIL
is to use the so-called probability vector to represent a set of design solutions or
population rather than using a set of binary design solutions as with GA. During
the searching process, the probability vector is improved iteratively until termina-
tion conditions are met. This search strategy can be viewed as limiting a binary
search space iteratively until reaching the optimum solution. The real-code ver-
sions of PBIL have been developed later, e.g. PBIL; and PBILg [2-3]. Moreover,
since the introduction of binary PBIL, a number of estimation distribution algo-
rithms have been proposed, such as the bivariate marginal distribution algorithm
[4], and multivariate interactions (e.g. Bayesian optimization algorithm [5]).
Multiobjective versions of PBIL have also been proposed [6] and implemented on
a variety of engineering applications. The most outstanding feature of PBIL, when
dealing with a multiobjective problem, is its ability to provide better population
diversity. This means that an efficient, approximate, non-dominated set can be ex-
pected. The real code PBIL presented in this paper is developed for single objec-
tive optimization with box constraints, which can be expressed as:

Min f{x) (1)
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where x is the vector of design variables size nx1, fis an objective function, L; are
lower bounds of x, and Uj; are upper bounds of x.

For binary PBIL, the so-called probability vector, P, is used to create a binary
population. Given that x is represented by a binary string, b, size N, x 1, the prob-
ability vector will have the same size as the binary design solution. The i-th ele-
ment of the probability vector determines the number of ‘1’ bits on the row of a
binary population {b;...by}. If the population size is N,xM, the i-th row of the
population will have approximately P;M elements of ‘1’ in which their positions
are randomly located.

In continuous domains, it is more complicated to represent real number design
solutions with a probability vector. From the previous work of continuous PBIL,
PBIL; and PBILg use a probability vector, whereas the histogram PBILy [3] pro-
poses the use of a probability matrix. In this work, a probability matrix similar to
that used in PBILy- is used; however, the search strategy and probability updating
scheme are totally different from PBILy. Given that the probability matrix is sized
nxT, the range [L;, U;] is thus divided in to 7 equal parts leading to a set of points
a; = {ay...ar} where ay = L; and ar = U,. Each element P indicates a number of x;
in a current population, which have values in the j-th interval of a;. Initially, a ma-
trix A, size nx(7+1) whose i-th row contains a; is created and used together with
the probability matrix. The procedure to generate a real code population { X;...X;,
} is detailed in Algorithm 1 where A € [0,1] is a uniform random number. The
command lines 7-9 use a bias random generation so that y, has the possibility to be
located at the bounds of the sub-interval [a;.1,a;].

The main search procedure of the proposed real code PBIL starts with a proba-
bility matrix whose elements are set to be 1/7. A real number population is then
created using Algorithm 1. Having evaluated the objective function values of all
the members in the population, the best individual, x™, is detected and will be
used for updating the probability matrix. The probability matrix updating scheme
is given in Algorithm 2. Note that mutation in the updating process is used to pre-
vent premature convergence of the real-code PBIL. At the i-th loop, the r-th inter-
val of a; which contains x;°** is detected. The concept of updating the i-th row of P
is to increase the value of P;.. The command lines 3-6 are proposed to prevent the
premature convergence of the method. The command line 10 is activated so as to
fulfill the condition

T
D=1 2)
Jj=1

rand €[0,1] is a uniform random number generated every time the command
line 7 is activated. In this paper, the learning rate (Lz,), mutation probability, and
mutation shift (M) are set to be 0.5, 0.02, and 0.2 respectively.

The probability matrix and the best individual are updated iteratively until the
termination condition is met. The procedure of the real-code PBIL is given in Al-



gorithm 3 where Ny is the maximum number of generations assigned for termina-
tion condition.

Algorithm 1. Creating real code design solutions from a probability matrix

Input: Py, n, T, M, a;; (A)

Output: X = {xy, ..., X7}
l:Fori=1ton

2: =0

3 Forj=1to T

4 N; = round(P;.M)

5: Fork=1toN;

6: Set/=1+1

7 Assign y;=0.9a;; + A(1.1a;—0.9a;,.,)
8: Ify; < aj; sety,=a;
9: Ify;> ay; sety, = ay

10: If /= M, break

11; End

12:  End

13:  Set the i-th row of X =randomly permutate(y,), [=1, ..., M
14:End

Algorithm 2. Probability matrix updating scheme

best

Input: R»j'»’ld . X*, a3, Lo, mutation probability, M,

Output: B/

l:Fori=1ton

2: Search for the r-th interval of a;, which contains xl-b et
3: Forj=1to T

4 Ly = Lgyexp(=(j =r)*)

By = (1= Lp)F" + Ly

End
If rand < mutation probability
Select ¢ € {1, ..., T} randomly

P, =(0-M )P, + round (rand )M
0: Normalize P: |

Pj=——
PR
Jj=1

— O 00 3 O\

i PU,
I AL
12: End

Algorithm 3. Real-Code Population-Based Incremental Learning

Input: Ng, M, n, T, Lgy, mutation probability, M,, function name (fun)
Output: X f"m




Initialization: P; = /T, a;, x**' = {}

1: Fori=1to Ng

2: Generate a real code population X from Py, a;; (Algorithm 1) and find f = fun(X)
3 Find new x***' from X and x***' from the previous generation

4: Update P; based on the current x* (Algorithm 2)

5: End

A s
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Fig. 1. Transformation of probability matrices: A larger T (fine), o smaller T (coarse)

One of the parameters that influence the search performance of the proposed
continuous PBIL is the number of columns of the probability matrix denoted by 7.
The coarser probability matrix (with lower value of 7) is suitable for global search
whereas the finer probability matrix is suitable for local search. In this paper, three
variants of real-code PBIL are proposed as follows:

RPBIL1 is a real-code PBIL using a constant size probability vector (default 7
=30).

RPBIL2 is a real-code PBIL using two probability matrices with different sizes.
The coarse probability matrix is used for global search while, at the same time, the
finer probability matrix is used for local search (default Tuse = 10, Thne = 30).
Each probability matrix is used to generate half of the solutions in a population.

RPBIL3 is a real-code PBIL using an adaptive probability vector. The strategy
is to start with a coarser probability matrix at the early iterations. As the algorithm
proceeds, the value of 7' becomes larger. The transformation from coarser to finer
probability matrices can be carried out by using linear interpolation. Fig. 1 dis-
plays the transformation from a particular row of a coarser matrix (7 = 3) to a row
of a finer matrix (7' = 7). The marker “o” represents the values of the coarser ma-
trix elements whereas the marker “A” represent the values of the finer matrix ele-
ments. In this work, we use Ty, =5, and T,,; = 40 where T reaches T,,, at the half
way point of an optimization run and afterwards remains constant until the search
is terminated.




3 Performance Testing

Measurement of the search performance of the proposed PBILs is carried out by
using a number of testing objective functions. The computation results obtained
from using PBILs will be compared with those obtained from using some well-
established and newly developed EAs. The implemented EAs are: binary-code ge-
netic algorithm (GA) [7], stud-genetic algorithm (SGA) [8], real-code ant colony
optimization (ACO) [9], continuous scatter search (SS) [10], particle swarm opti-
mization (PSO) [11], charged system search (CSS) [12], fireworks algorithm (FA)
[13], differential evolution (DE) [14], covariance matrix adaptation evolution
strategy (CMA-ES) [15], binary PBIL [1], PBILg [3], RPBIL1, RPBIL2, and
RPBIL3. The PBILy, although being a predecessor closest to the proposed PBIL,
will not be implemented because it uses all of the solutions in a population to up-
date the probability matrix, which means it is time-consuming. Moreover, all the
objective function values need to be positive or converted to be positive before en-
tering an optimization process. This makes the algorithm difficult to use. The test-
ing functions are detailed in Table 1. Note that function expressions may not be
shown herein as we have limited paper length. The functions are taken from [9]
and [10] where they are traceable from their names. For each test function, all evo-
lutionary algorithms start with the same initial population and search for the opti-
mum 30 simulation runs. The number of iterations is set to be 10z while the popu-
lation size is set to be 7n, which means the optimization procedures are terminated
after 10nx7n function evaluations. It should be noted that, from observation, most
of the algorithms can usually locate near optimum areas in a few early iterations.
Later on, they struggle to hit the real optima. Therefore, the assigned generation
number and population size used in this paper are adequate for EAs to locate near
optimum regions of unconstrained optimization problems rather than to drive EAs
to strict optimum points. The best results the optimizers can explore in the last
generation are taken as optimum results. Several methods, such as SS and FA, due
to their search mechanisms, may not use the same number of generations and pop-
ulation size; however, they are assigned to exploit the same number of function
evaluations as the others.

Table 1. Testing functions

Function no., details [L,U]" Function no., details [L,U]"

1, B, [9] [-50,1007 18, Griewangk [9] [-5.12,5.12]"
2, Beale [10] [-4.54.5T 19, Perm [10] [-15,15]"

3, Booth [10] [-10,10] 20, Perm0 [10] [-15,15]"

4, Easom [9] [- 21, Cigar [9] [-3,717

5, Goldstein & Price [9] 100,1007 22, Diagonal plane [9] [0.5,1.57%°

6, Martin & Gaddy [9] [-2,2] 23, Dixon & Price [10] [-10,10]%°

7, Matyas [10] [-20,207? 24, Levy(n) [10] [-10,107%

8, Penny & Linfield* [7] [-5,10]° 25, Powell(n) [10] [-4,51%

9, Powersum [10] [-5,57 26, Rastrigin(n) [9] [-2.56,5.121*
10, Branin [9] [0,27? 27, Rosenbrock [9] [-5,51%

11, Shubert [10] [-5,157 28, Sum Squares [10] [-5,101°

12, Six Hump [-10,107 29, Schwefel [10] [-500,5007*




Camel Back [10] [-5,107? 30, Trid(n) [10] [-400,4007%
13, Colville [10] [-10,107* 31, Ackley(n) [10] [-15,307*°
14, Hartmann 3,4 [9] [0,41* 32, Ellipsoid [9] [-3,77°

15, Shekel [9] [0,107* 33, Plane [9] [-0.5,1.5°
16, Zakharov [9] [-5,10]° 34, Sphere [9] [-3,77%°

17, Hartmann 6,4 [9] [0,61° 35, Tablet [9] [-3,77°

* fe(X)=0.50x) —16x7 +5x,) +0.5(x5 —16x3 +5x,)

4 Comparative Results

Having performed 14 optimizers to solve 35 unconstrained optimization problems,
the comparative results are given in Table 2. Each value in the table is the average
of 30 near optimum values each method can search for. The average values are
normalized with respect to the best and the worst methods, which can be ex-
pressed as:

f;‘ - f;nin

f max f min
where f;, is the average near optimum value of the best method, and f;,,, is the
average near optimum value of the worst method. By using Eq. 3, the best method

fi= 3)

will have f = 0whereas the worst method will have f =1.

From the overall comparison results, the five best methods are RPBIL3, ACO,
FA, GA, and DE. For the functions F,, and F33;, most of the optimizers can reach
the real optima. Between the top two optimizers, RPBIL3 is better when the de-
sign variables vectors have smaller size while ACO is slightly superior when deal-
ing with design variables with larger scale. However, the best method for large-
scale problems in this performance test is CSS. Among the PBIL variants,
RPBIL3 is the best while the second best is RPBIL1. The third best is the original
binary PBIL whereas the worst is RPBIL2. Based on the standard deviations of the
near optimum values of the various optimizers which are not shown in the paper,
all of the algorithms do not have an acceptable search consistency. This could be
due to the low number of generations and small population size being used.

Table 2. Comparative results by normalized function values

Fn
No. |ACO|CSS| FA | GA |[PSO|SGA| SS | DE | ES | PB | PG | PR1 |PR2 | PR3
0[ 0.007 0.016] 0.507 0| 110.018] 0.01 0] 0.429] 0.032] 0] 0.043 0)
0.027 1/ 0.395/ 0.189 0 0.425/0.175[0.467] 0.17;0.298] 0.52| 0.1{0.121]{ 0.085
0.004] 0.048] 0.021]| 0.367, 0| 1/ 0.135] 0.159] 0] 0.214] 0.066| 0.023| 0.575 0)
0.977 1 1/ 0.622] 0.522( 0.999 1/ 0.993 1{ 0.886| 0.559] 1 1 0)
0[ 0.712/0.036/ 0.358/ 0.181] 0.92]0.527| 0.242] 0.333] 0.295 0.084] 0.11 11 0.108
0.001] 0.023] 0.02] 0.174] 0.002| 11 0.073| 0.066 0] 0.589]0.018] 0.004{ 0.315 0)
0.034| 0.067] 0.085] 0.375] 0.02| 0.585| 0.515| 0.228, 0) 11 0.926] 0.073| 0.146] 0.001
0.038] 0.16] 0.336/ 0.091 1/ 0.193] 0.092] 0.031] 0.545| 0.128| 0.032| 0.71] 0.007, 0|

R[N |B[W[N]|—




9] 0.009] 0.009] 0.063] 0.191) 0.086] 1/ 0.082] 0.096 0.571] 0.073] 0.009 0.456| 0.009
10 0.382{ 0.018] 0.042] 0.135] 0.285 1| 0.15/0.368 0.603] 0.319] 0.288| 0.019) 0.366 0
11] 0.459 0.295) 0.103] 0.194] 0.265 0.199] 0.506| 0.416] 1) 0.126] 0.244{ 0.123] 0.07 0
12/ 0.025/ 0.151) 0.083] 0.156] 0.173| 0.391| 0.255] 0.09 0.196] 0.094 1/ 0.144] 0.027,
13[0.077]0.062) 0.118] 0.083] 0.052 0.075/ 0.078| 0.211 0.082 1/ 0.045] 0.13] 0.056
14 0] 1/ 0.004{ 0.036 0.336/ 0.37] 0.051] 0.001] 0.129] 0.091] 0.168] 0.144] 0.221] 0.011
15 0 0.098] 0.867] 0.399 0.542] 1/ 0.186| 0.687 0.439) 0.962] 0.822] 0.661] 0.342] 0.027|
16 0.026{ 0.007] 0.02] 0.473] 0.262] 1] 0.188 0.232 0.742] 0.262] 0] 0.635] 0.005
17, 0] 11 0.102[ 0.194 0.904 0.312] 0.524 0.047) 0.911] 0.328] 0.192] 0.263| 0.102| 0.26
18] 0.502] 0 0.099] 0.062] 0.083] 0.103] 0.01] 0.589 1) 0.044] 0.317] 0.058] 0.715] 0.028]
19 0] 0.447/0.585/0.032] 0.8 0 0.24 0/ 0.201{ 0.059] 0.341 1| 0.3]0.956
20| 0) 0 0) 0 0/ 0.172] 0 0.001 0 0 1
21 0) 0/ 0.005[ 0.054[ 0.04] 0.1/ 0.032] 0.006] 0.186/ 0.737] 0.01 1{ 0.007
22| 0] 0.015 0[0.001 1 0 0.057, 0 0.022 0] 0.057 0.035 0.053
23 0) 0 0 0.001] 0.003] 0.001 0] 0.001 0.003] 0.041 0 1
24 0.007, 0 0.31]0.013] 0.16] 0.112] 0.012] 0.042] 0.005| 0.119] 0.209| 0.085 1 0.091
25/ 0.003 0/ 0.001{ 0.016] 0.021] 0.047| 0.002] 0.007, 0.057] 0.152] 0.006] 1{ 0.003]
26| 0.886 0.259) 0.371 0/ 0.319] 0.26] 0.352] 0.462] 0.087] 0.114 1/ 0.615| 0.678 0.424
27} 0.003| 0.002] 0.002] 0.005| 0.021{ 0.008] 0.003] 0.017, 0.017] 0.088] 0.014] 1{ 0.005
28] 0) 0 0.006] 0.052 0.218 0.308| 0.04] 0.012] 0] 0.245 1/ 0.012/0.783] 0.01
29 0.955 0.109] 0.394 0] 0.716] 0.031] 0.789) 0.402] 0.63| 0.107] 0.832] 0.603 1/ 0.435
30 0.124] 0.289 0] 0.384 1/ 0.512/ 0.619 0.071] 0.153] 0.455| 0.897] 0.442] 0.644| 0.329
31{0.202/ 0.109 0.187] 0.363| 0.663| 0.646] 0.447] 0.359| 0.543 11 0.287]0.941] 0.271
32/ 0.002, 01 0.016] 0.047] 0.354 0.118] 0.056] 0.014 0/ 0.172) 11 0.046 0.552/ 0.018
33 0] 0 0] 0 0 0] 0 0 0) 0) 0 0 0) 0)
34 0.003 0 0.004{ 0.045| 0.405]| 0.457| 0.079] 0.026] 0.136 1/ 0.019[0.702{ 0.011
35 0) 0[ 0.001{ 0.018] 0.932] 0.125] 0.024] 0.004] 0.053] 0.448 1/ 0.423] 0.722)

total| 4.746| 6.887] 5.292| 5.637) 11.36 14.46| 7.317] 6.357] 7.206| 9.588| 14.44| 8.538| 18.44| 3.952

* PB = binary PBIL, PG = PBILG, PR1 = RPBIL1, PR2 = RPBIL2, PR3 = RPBIL3, ES = CMAES

Table 3 provides an alternative comparison which is based on a ranking ap-
proach. For each testing function, the 12 optimizers are ranked based on their av-
erage values in Table 2, where the better methods have smaller scores. Based on
the total scores, the top five optimizers are still the same as those ranked by objec-
tive function values with a slightly different order as ACO, CMAES, RPBIL3,
CSS, and FA. Other conclusions are similar to the comparison in Table 2.

Table 3. Comparative results by ranking

Fn

INo. |ACO|CSS| FA | GA |PSO|SGA| SS | DE | ES | PB | PG | PR1 | PR2 | PR3
1 1 [§ 8 13 1 14 9 7 1 12| 10 1 11 1
2 2l 14 10 8 1 11 7, 12 [ 9 13] 4 5 3
3 4 i 5 12] 1 14 9 10 1 11 8 613 1
4 6l 9 9 4 2| 8 9 7 9 5 3 9 9 1
5 1 12 2 10 6 13 11 7 9 8 3 5 14 4
6 3 8 7 11 4 14 10 9 1 13] 6 5 12| 1
7 4 5 7 10 3 12 11 9 1 14 13] [ 8 2]
3 5 9 11 6 14 10 i 3 12] 8 4 13 2| 1
9 2| 2| 6 11 9 14 8 10) 1 13] 7 2] 12| 2]
10 12] 2| 4 5 i 14 [§ 11 13 9 8 3 10 1
11 12 10 3 o) 9 7 13] 11 14 5 8 4 2| 1
12 2| 8 4 910 13 12| 5 1 11 6 14 7 3
13 7 5 11 10) 3 6 8 13 1 9 14 2] 12 4




14 1 14 3 S| 12 13 6 2 8 710 9 11 4
15 1 3| 12 6 8 14 4 10 7113 11 9 S 2
16 6 4 S 11 9 14 7 8 1 13 9 1 12] 3
17 1 14 3 6 12 9 11 2l 13 10) 5 8 3 7
18 11 1 8 6 7 9 2l 121 14 4 10 S| 13 3
19 1 100 11 4 12 1 7 1 6] 5 9 14 g 13
20 1 1 1 1 1 13 1 12| 1 1 1 1 14 1
21 1 1 4 10 9 11 8 5 1 121 13 71 14 6
22 1 8 1 7114 1 12] 1 1 9 1 121 10Q 11
23 1 1 1 8 11 8 1 8 | 11 13 1 14 |
24 3 1 13 S| 11 9 4 6 2l 1 12| 71 14 8
25 S 1 3 9 10 11 4 8 1 12l 13 71 14 S
26 13 4 8 1 6 5 7110 2 3 14 11 12] 9
27 4 2 2 6l 12 8 4 10 1 13 9 14 6
28 1 1 4 9 10l 12 8 6 1 11 14 6 13 5
29 13 4 S 1 10, 2l 11 6 9 12| 8 14 7
30 3 ] 1 71147 10p 11 2 4 9 13 8 12 6
31 4 2 3 8 12 11 9 7 1 1 14 6 13 5
32 3 1 S 8 12 10 9 4 1 11 14 71 13 6
33 1 2| 3 4 5 6 7 8 9 11 12 13] 14
34 3 1 4 8 11 12 9 7 1 1 14 6 13 5
35 1 1 4 6 13 9 7 5 1 8 11 14 100 12
total 1400 179 191] 251 291] 348 269 254 156/ 319 340, 242| 376| 164

5 Conclusions and Discussion

Three versions of new real-code population-based incremental learning are pro-
posed. The methods use a probability matrix to represent a set of real design vari-
ables during the search procedure. The comparative results show that the proposed
real-code PBIL is comparable to high performance evolutionary algorithms. It
should be noted that a more reliable comparison should be made based on a statis-
tical approach rather than by comparing the average objective values directly.
Since RPBIL3 outperforms the other PBIL versions, it can be concluded that the
probability matrix should start with a low resolution at early iterations. This will
help the PBIL to perform a global search. The probability matrix resolution be-
comes higher in the later iterations so as to make a fine search for the real opti-
mum. For the other versions, RPBIL1, which uses one fine probability matrix, is
superior to RPBIL2, which uses both coarse and fine probability matrices at the
same time. This result is due to use of the finer probability matrix tends to produce
a better search performance than the use of the coarser one. Since RPBIL2 uses
the coarser probability matrix to produce half of the solution members throughout
the simulation run, it therefore has an inferior performance when compared to the
other two RPBIL variants. The proposed real-code PBIL, with adaptive probabil-
ity matrix, is an algorithm that performs among the best EAs. It is possible to en-
hance its search performance by hybridizing it with some other efficient evolu-
tionary operators.



10

Acknowledgments The corresponding author is grateful of the support from the Thailand Re-
search Fund (TRF). Many thanks are also directed to my colleague, Peter Warr, for making this
paper more readable.

References

1.[Baluja, S.: Population-Based Incremental Learning: a Method for Integrating Genetic
Search Based Function Optimization and Competitive Learning, Technical Report
CMU_CS 95 163, Carnegie Mellon University (1994)

2.[Sebag, M., Ducoulombier, A.: Extending Population-Based Incremental Learning to
Continuous Search Spaces. LNCS, 1498 (1998) 418-427

3. Yuan, B., Gallagher, M.: Playing in Continuous Spaces: Some Analysis and Extension
of Population-Based Incremental Learning. In: CEC2003, CA, USA, (2003) 443-450

4.[Pelikan, M., Muhlenbein, H.: The Bivariate Marginal Distribution Algorithm. Advances
in Soft Computing - Engineering Design and Manufacturing, (1999) 521-535

5.[Pelikan, M., Goldberg, D.E., Canti-Paz, E.: BOA: The Bayesian Optimization Algo-
rithm. In: Proceedings of the Genetic and Evolutionary Computation Conference
(GECCO0-99), 1(1999) 525-532

6.[Bureerat, S., Sriworamas, K.: Population-Based Incremental Learning for Multiobjective
Optimisation. Advances in Soft Computing, 39 (2007) 223-232

7.[Lindfield, G., Penny, J.: Numerical Methods Using MATLAB, Ellis Horwood, (1995)

8.[Khatib, W., Fleming, P.: The Stud GA: A Mini-Revolution. In: 5" Int. Conf. on Parallel
Problem Solving From Nature, (1998)

9.[Socha, K., Dorigo, M.: Ant Colony Optimization for Continuous Domains. European
Journal of Operational Research, 185 (2008) 1155-1173

10.Herrera, F., Lozano, M., Molona, D.: Continuous Scatter Search: An Analysis of the In-
tegration of Some Combination Methods and Improvement Strategies. European Journal
of Operational Research, 169 (2006) 450-476

11.Reyes-Sierra, M., Coello Coello, C.A.: Multi-objective Particle Swarm Optimizers: a
Survey of the State-of-the-Art. Int. J. of Computational Intelligence Research, 2(3)
(2006) 287-308

12.Kaveh, A., Talatahari, S.: A Novel Heuristic Optimization Method: Charged System
Search. Acta Mechanica, 213(3-4) (2010) 267-289

13.Man, Y., Zhu, Y.: Fireworks Algorithm for Optimization. Advances in Swarm Intelli-
gence, 6145/2010 (2010) 355-364

14.Storn, R., Price, K.: Differential Evolution — A Simple and Efficient Heuristic for Global
Optimization over Continuous Spaces. Journal of Global Optimization, 11 (1997) 341-
359

15.Hansen, N., Miiller, S.D., Koumoutsakos, P.: Reducing the Time Complexity of the
Derandomized Evolution Strategy with Covariance Matrix Adaptation (CMA-ES). Evo-
lutionary Computation, 11(1) (2003) 1-18



E
5
3

=1
B

Passive vibration control of an automotive component using evolutionary optimisation
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Abstract

In this paper, the use of multiobjective evolutionary optimisers for passive vibration suppression of an automotive
component is demonstrated. The component is used to connect a car engine to some point of a car body between the front seats.
Under such a circumstance, the structure is subject to several mechanical phenomena e.g. stress failure, fatigue, vibration
resonance, and vibration transmissibility. The optimisation problem is posed to find structural shape and size such that
maximising structural natural frequency and simultaneously minimising structural mass while constraints include stress failure
and displacement. The multiobjective optimiser employed is the multiobjective version of Population-Based Incremental
Learning (PBIL) with and without using a surrogate model. The optimum results obtained are illustrated and discussed. It is
found that the proposed design scheme is effective and efficient for an automotive component design.

Keywords: multiobjective evolutionary algorithm; shape optimisation: Pareto optimal front; automotive component; Vibration

suppression

1. Introduction

Due to highly increasing competitiveness in
automotive industry, many car manufacturers require to
develop new products to offer to customers. Therefore,
automotive components are always improved by means of
design optimisation [1-2].

Practical engineering design problems are usually
assigned to find the best solutions of design variables that
lead to optimised design objectives whilst fulfilling all the
predefined constraints. Often, the design problem has more
than one objective which is called multiobjective
optimisation. The most popular method used for the
multiobjective optimisation is Evolutionary Algorithms
(EAs) [3-6]. The method can explore a Pareto optimum
front within a single run and without requiring function
derivatives. However, a lack of search consistency and low
convergence rate are the inevitable drawbacks of the
multiobjective evolutionary algorithms (MOEAs) [5]. For
this reason, the hybridisation of a surrogate model method
and multiobjective optimisers has been invented and this
approach is found to be very powerful and effective [6].

This  paper presents the multiobjective
evolutionary optimisation of an automotive component.
The component is used to connect a car engine to some
point of the body between the front seats. The structure is
subject to several mechanical phenomena such as stress
failure, fatigue, wvibration resonance, and vibration
transmissibility. The design problem is posed to find
structural shape and size such that maximising structural
dynamic stiffness while, at the same run, minimising
structural mass. Design constraints include stress and
displacement. Three dimensional finite element analysis
(FEA) is employed to evaluate the objective and constrain
function values. The optimum solutions called Pareto
solutions are explored by using PBIL incorporating with a
Gaussian process surrogate model and a Latin Hypercube
Sampling technique. The proposed design approach is
found to be numerically powerful and effective.

-‘Ebrraspondin Author: E;ﬁé-il_:-sujbu Kku.ac.th
g
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2. Surrogate model method

The term’ surrogate model’ used in an optimisation
process is an approximate model which is used to
approximate the objective and constrain functions in
optimisation problems [7]. Such a design strategy is useful
when dealing with optimisation problems with expensive
function evaluation, limited function values available, and
problems that need to perform an experiment to evaluate
their function values. The hybrid of the surrogate model
with an optimiser can be achieved in several ways. One of
the commonly used strategies is that, during the main
optimisation process, some design solutions have been
evaluated. Those solutions and their corresponding
objective and constraint values are used to build a surrogate
model. This model is then used as an approximate function
evaluation. The optimisation with the surrogate model is
performed with significantly less running time when
compared with using the actual function evaluation. The
obtained optimum solution of this design phase is brought
to the main optimisation process where its actual function
value is determined. With a highly accurate surrogate
model, this design strategy is far superior to purely using an
evolutionary algorithm. The compurtational steps are
repeated until the termination conditions are fulfilled. The
commonly used surrogate models for optimisation are
Kriging model [8], radial basis interpolation [6],
polynomial interpolation [9] and neural network [10]. In
this paper, only the Kriging model is employed.

2.1. Kriging Model

A Kriging model (also known as a Gaussian
process model) used herein is the famous MATLAB
toolbox named Design and Analysis of Computer
Experiments (DACE) [8]. The estimation of function can
be thought of as the combination of global and local
approximation models i.e.

TSME | Joumal of Research and Applications
in Mechanical Engineering
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Wx) = F(X)+Z(x) )

where f(x) is a global regression model, Z(x)is a
stochastic Gaussian process with zero mean and non-zero
covariance representing a localised deviation, and x is a
design variables vector. In this work, a linear function is
use for a global model, which can be expressed as:

F=By+ _‘f*_ifﬁ;x,- ="t @

where B = [f5 ... B,,]r. f=1fx)=[1, x, x5 ..., x,]7. The
covariance of Z(x) is expressed as:

Cow Z(x"),Z(x")) = ¢ R[R(x”,x")] (3)

for p, ¢ = 1, ..., N where R is the correlation function
between any two of the N design points, and R is the
symmetric correlation matrix size NxN with the unity
diagonal [8]. The correlation function used in this paper is

R(x” x7) = exp(—(x” —x") B(x” —x*)) 4

where & are the unknown correlation parameters to be
determined by means of the maximum likelihood method.

Having found P and O, the Kriging predictor can be
achieved as

y=1(x)"p+r" (R (y-FB) (5

Where F = [H(x"), =3, ..., fx"]" and r’(x) =
[R(x,xY), R(%,%%), ..., R(x,x")]. For more details, see [8].

3. Multiobjective Population-Based Incremental
Learning (MOPBIL)

PBIL algorithm is an evolutionary optimiser based
upon binary searching space. The PBIL approach evolves its
population based upon the so-called probability vector, the
probability of having ‘1’ elements on each column of a
binary population. The example of how the probability
vector works is shown in Fig.1 which implies that one
probability vector can produce a variety of binary
populations.

In the multiobjective optimisation, more probability
vectors should be used in order to obtain a more diverse
population; therefore, it is called a probability matrix.
Starting with an initial probability matrix that have all
elements as “0.5”, and an initial Pareto archive, the binary
population according to the initial probability matrix is then
created. The binary population is decoded and objective
values are evaluated. The best binary solutions, whether it is
based on minimisation or maximisation, is chosen to update
the probability vector B for the next iteration using the
relation

PP =P (1- L) +b,L, (6)
where Ly is called the learning rate, a value between 0 and
I, to be defined and b; is the mean value of the j column of

the randomly selected non-dominated binary solutions. For
this study, L is set as:

L, =0.5+rand+0.10or-0.1) (7
where rande [0,1] is a uniform random number. Mutation

on the i" row of the probability matrix is allowed to take

place by a predefined probability and it can be expressed
as:

ﬁ‘_’;“‘ = P;_’}f.d-;i —m,y+randQorlm, (8)

where m, is the amount of shift used in the mutation.

20

population | ~ population2  population 3
0011 0110 0101
1100 1100 1001
0011 1010 0001
1100 0001 0100

Probability Vectors
[0.5,0.5,0.5,0.5] [0.5,0.5,0.5] [0.25,0.5,0,0.75]

Fig.1 Probability vector and their corresponding
populations

The updating process is completed when all rows of
the probability matrix are changed. The probability matrix
is updated and the external Pareto archive is improved
iteratively until convergence is achieved.

In cases where the total number of the non-dominated
solutions is greater than the archive size, the archiving
operator called the normal line method [4] is activated to
remove some solutions from the archive. The archiving
technique is used to prevent excessive use of computer
memory during an optimisation process. The basic idea of
the normal line technique is used to remove some non-
dominated design solutions while maintaining population
diversity in the archive. For more details of multiobjective
PBIL, see [11].

4. Design Problem

This paper presents a multiobjective optimisation
design problem for an automotive part as shown in Fig. 2.
The component is used to connect the car engine with the
car body. Under the working conditions, this structure is
subject to several mechanical phenomena e.g. stress,
fatigues, vibration resonance, and dynamic force
transmissibility. Also, the structural displacement due to a
number of loading conditions should not exceed the
predefined limir.

Fig. 3 a. Sizing variables
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Fig. 3 b. Shape variables

The multiobjective optimisation problem is posed to
find structural shape and size such that maximising
structural natural frequencies and minimising mass whereas
constraint include stress failure and displacement, which
can be expressed as

Min: £ =[/;(x). f(X)] O)

Subject to

T e = Totnvable

Upax = 0.005
0.0015<t,<0.0115
0.0015<t,<0.0115
0.0015<t;0.0!
0.0025<t,<0.015
~0.003<z,<0.01
-0.0025<z,<0.0028
~0.01% 2, <0.005
~0.01<z,<0.005
0<z;<0.03
~0.01<x,<0.01
-0.005sx,<001

where x is a design variable vector (all variables are
displayed in Fig. 3). f; is a function of mass. fois a
function of dynamic stiffness (or natural frequencies). X,
Ji and f, can be express as:

X =t tutyle 2122252025 %%}
and

[y =mass (10)
and

1
2 = :
@+ @, +0,+@, +
The other parameters are defined as follows:

(1)

o= Maximum von Misses stress

X

O s = Allowable stress

f; =Shape thickness

z=Position of the key points in z-axis direction
x= Position of key point in x-axis direction

@; = mode " natural frequency of a structure

Figs. 3a. & 3b. display all of the sizing and shape
design variables. The thicknesses (f; in Fig. 3 a.) are the
thickness of the sub-regions of the automotive component
as shown. The z; parameters determine the key points in
vertical direction as located in Fig. 3 b. These key points
are used to generated a spline curve so as to define the
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shape of the part. The x; parameters define the horizontal
position of the key points on the component.

The structure is acted upon by three load cases
(bending, twisting and swaying loads) at the right-hand
cylinder part. The objective and constraint function values
are evaluated by using FEA. The evaluation process is
carried out in such a way that, with the given input design
variables as defined, the shape and dimensions of the
structure are created, The finite element analysis is then
performed. Finally the computational results can be
obtained. Function evaluation is somewhat time-
consuming, which means it is difficult to apply a common
evolutionary algorithm to solve the optimisation problem
(9). As a result, the surrogate-assisted evolutionary
algorithm is developed to deal with such a difficulty.

To tackle multiobjective optimisation as defined
in (9), the MOPBIL algorithm and the surrogate-assist
MOPBIL (MOPBIL-SM) are used to find Pareto optimal
solutions. MOPRBIL-SM is a design strategy that exploits
the surrogate model to create an initial Pareto archive rather
than starting with a randomly generated population as with
the traditional multiobjective PBIL.

The computational steps for generating an initial
Pareto archive by using the surrogate model are as follows:

L Sample a set of design variable vectors from
design experiment by using the LHS technique.

1L Evaluate design functions by FEA.

1. Constructing a surrogate model by using the
Kriging technique.

Iv. Use MOPBIL find Pareto optimal set based on
the surrogate model.

V. Find the real function values of the Pareto
optimal front obtained from optimising the
approximate Kriging model (step I'V).

VL Use a non-dominated sorting technique to find
the initial Pareto archive

The LHS is used to sample 100 design solutions
for constructing a surrogate optimisation model.
Subsequently, with this initial Pareto archive, the common
MOPBIL is operated where the population size is 30, the
number of iterations is 10, and archive size is set as 30.

5. Results and Discussion

The progress of Pareto optimal solutions of the
optimisation design problem by using the hybridisation of a
surrogate model method and the MOPBIL is displayed in
Fig. 4. It can be seen that the Pareto front from iteration |
to iteration 10 has slight improvement. This means that the
initial front generated by means of a surrogate-assisted
approach is very powerful,
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Fig.4 Pareto front of the MOPBIL-SM

In order to verify the effectiveness of the hybrid
approach, the original MOPBIL without the use of a
surrogate approach is performed with the same population
and archive sizes while the total generation number is set to
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be 30. This implies that the original MOPBIL uses 30x30
actual function evaluations which is approximately twice
the number of evaluation used by MOPBIL-SM (100 +
10%30 evaluations). The results from the former are termed
as MOPBIL whereas the results obtained from the later are
named MOPBIL-SM. Figs.5-7 compare the Pareto fronts
obtained from using MOPBIL-SM at the generations of 1, 3
and 3, and using MOPBIL at the generations of 10, 20 and
30 respectively. It can be found that the results from using
MOPBIL-SM are better than those obtained from using the
original MOPBIL even with a far smaller number of finite
element analyses. That means the hybrid approach is far
superior to the original optimiser.
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Fig.5 Comparative Pareto fronts: MOPBIL 10 Generations
versus MOPBIL-SM | Generation
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Fig.8 Pareto front from MOPBIL-SM
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The Pareto optimal solutions of the MOPBIL-SM
shown in Fig. 8 have the corresponding design solutions as
shown in Fig. 9. The optimum components have an obvious
variation for the design variables ¢, z; and z;, while the
other variables have a slight variation. It can be seen that,
with one optimisation run, we can have a number of
optimum components for decision making.

Fig.9 3D automotive parts corresponding to selected
solutions in Fig. 8

6. Conclusions

The multiobjective 3D shape and sizing
optimisation problem of an automotive component using
the hybridisation of a surrogate Kriging model and
MOPBIL is demonstrated. The results show that the
proposed approach is efficient and effective for solving the
design problem. The new design strategy outperforms the
original PBIL optimiser based upon the total number of
function evaluations. An improved design strategy

employing much less function evaluations is the target for
future work.
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