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AN RiINsAN NN ANTTINIMB ISR sERT 1u Feun uagnsuanidsuteya
sewinsunlugs AaiTinudazfazgaunusigoynianazindouiinszaeegluveulunes
U3niA1meau (Search Space) lagusazAuniivedsaunInIzin1smaAIAmLIzay
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PsO lagninluussandiiiewiinyszansamuazuilutymivaigess us PSO Al
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Y A

forduniddn Ao msfnegludimnzauiignduius (Local optima) iondniaeadgmil
tinidenanavimmnaedddisa 4 lunmaudtiyw Wy nisudsnguueseyna, msFusull
(Rerun), n135Wn@%4u (Reposition) [3] LLazmaaaLﬂﬁauaumsmw%wwﬁLmu'waﬂmgmﬂ
TneAngnusijuiuluiiisnisdusiulniidooyniaiinisinegiu Local Optima densld
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wad fetumuruslndAIsiaunantatgiisanenaznaniaeenisnduuifnly Local

Optima  8nA53 warlunanfertuilidarsnasieundiiinuadneunangneguaioenty

WedndniuNnIsAunIwazIatlunIsAumAIney Ingrinusaduillaauenisldnig
nangRugaINLnianeunafnegluiumis (Trap  Position) wieufiunisnateiugues

GBEST wialiiuaunannuaglunisiauseusely
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Local Optima lagassnisviliAneunilanvunazldinailunisaumiesas Inglgilendu

1RIFIUNImUe 26 Heandulunisweudisy

1.3 duNAgIUVaINITANEN
n1sUszanaldnisisudulnduaznisnateiudlaenisinendesiduduiivun
YOULALY Fzanusananiieansineglu Local Optima ¢ WawSeuisuiunimaass

WagwIsnsnaeiugluguiuusiig 9

1.4 YBULIAYDINITIVY
1. W IsnasSudulmivaznisnateiugiiouUeyminishin Local Optima wazan
wattunmspumaney Jududodendnues PSO

2. lpgAnentinusatuilaviinisindszandnaneaeisndusinsgiu 26 deidu

1.5 UABUVBINISANE

AnwiAmnuIugAEIiy PSO
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Anvnuideiinerdesdmsunsuszndldluguiuusi 9

@ nwBmsUssgndldmsisudulminagnisnaneiug
Anwagn1sUszendly GBEST Tusuuuusng 9
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2.1 %gumauﬁ%'msmﬁhmmzauﬁqmwuaumﬂneju
%umau%%mimﬁhmmgauﬁqmwuaqmﬂﬂéu (Particle  Swarm  Optimization,
PSO) iiuismsdumenoufivnzauiian gnAnduiulag Siusem (Eberhart) uaslALILA
(Kennedy) Tudl 1995 @slduunfnunanmsdananisiadevlmvesisun uaznsuaniioy
foyaszwrineanmenns efigrhnsedeuilufundsomsildsudeyau Tnouuanil
wdumeneulasnislieunia (Particle) ufumuussuniioglugs Tadouiluuuiiuiii
AB9N13AUNT (Search Space) Lﬁaﬁumﬁ’mauﬁaﬁw (Best Fitness #3® GBEST)
2.1.1 fgnaitldiu PSO

1. UsgliFmeu (Search Space) fig voulnvasineuiiululitimunes
Yayydidaanisdum

2. aynIa (Particle) Ao funuvesdnounila 9 vestayiifesnisdumly
Search Space e?fqﬁmmnsmﬁ’u%uagjﬁ’uﬁam

3. Uszans (Population) fie Sruaungumeseynaisuaiildluntséum
AmeuannsiAdeudily Search Space TngdiuvaUssansaziiasi

4. druiuseumsfumidmeu (lteration) Ao $1uduseuilldluniséum
Fneuiildrmunlilnganisrien weg PSO - vheukuuaiusiludes q Tagagsins
seumsvhaulvauniagisaitdmusliidengansvinnu

5. ghunisweseynin (Position)  Ae sumtsveteyaiafiagly Search
Space

6. AMIasaYNA (Velocity) Ao Linmesfiuensuinuagiimnisfioynin
wndouiiluduiuvddul Simmuniiveseyninazgnaantunlmiluynseuresnis
iy

7. mmgean (Vo) Ao Arnusigeaeiidululfveseynna Ssazer
Tu9 [-Virae Vi

8. mmmnzan (Fitness Value) Ae sritliimunindiiwmisveseynia
Sudusumisiinvdoll %qﬁwmmmmzamﬁ/%%uagﬁuLwia::{]zym

9. AuvafiAfigavesayna (Personal Best Solution, PBEST) Ae fiuvitie

Y

VBIBUNIALAALAINLAIAIUMUNZEUNNNFAINNBUNIAFIUALIIAINDULN



10. funisiaignvetouniaviavana (Global Best Position, GBEST) #@
FLMUYBIBUNATIAIANUUNE AU NATEALYINNB N1 NFLALTIAINB UL

2.1.2 UABUNISNIUVDY PSO

Start

!

Initialize Particles

!

Calculate Fitness

4
Update PBEST

L

Update GBEST
4

Calculate Velocity

y

No

Update Position

Terminate

Condition?

End

5UN 2.1 JuRBUN1ITINIUYRY PSO

1. msseanBudu (nitialize Particles)  N3¥UIUNTINTTReALINAY
Junszuaumsiieyniayndinnisdusiiuvtatazaininususuduiivanzanly Search
Space Fangriiutuneunsnuassiiiiosndudovindu Tnsaildannisduasdasiienlsl
\Auvoulmiivuaiely

2. NSAMINMIAIANLMNIZEY (Calculate  Fitness) N58UIUNITNT
AurnsnAranuminzay Wunszuiunisiieynausasflumaiaumangauves
dunstlagiu muilsdtunisiuiamanumngausuuiazUymiliden (Benchmark
Test Function) udtharanamnzasilsannsdunalulflunisufuusee PBEST uaz

GBEST salu



Aaa

3. MIMEUMNAIRDUNATEAYRIDUNTA (Update PBEST) NS2UIUNSANT
v umsfneUNRfignvetoyna uiazeynAdzidendALINEaLRTIaAveIdaLes
dAAmINgaNYed PBEST Adnalddimfnindimnuimangaiues PREST i Tivinns
unuflen PBEST shganiidnn

4. mim@‘hLmu'aﬁmauﬁﬁﬁqmaqaymﬂﬁgﬂwm (Update  GBEST)
nizmumimsms‘f’]meﬁ’mauﬁﬁﬁqmaqaqmﬂﬁmm Dunszuaunmslunisuiuusea
GBEST lpgtheniildannmsduaumansmsngauniuisuiiisuiumanuimanzaiy eg
GBEST tlaqtiu fendidundléfendidnd Wvhmsunufien GBEST fheeniifindiu

5. NMIAUIANNIAIANMST (Calculate Velocity) NSEUIUNITAITAILINNMN
A awvhnisdmumaiaseteyniatiu g fsanunsadiunildauaunisi

(2.1)

vi(t+1) = wy(t) + cl(pl- — xl-(t))Rl + cz(g — xl-(t))Rz (2.1)
Tngnuunli
vi(t+1) Ao arunsaluseuilagiu
A < a
v; (£) Ao Adsalusouliy
N 1 aa o Y a g [ a £ o 1 <
A O AD ANASNNNINUNVLTUFNUTEENTUITUAIAINALI?
w fAp ANFUUIEANTANURDEUBIAINULS LA
Ry, R, Ao Anguegludaa [0, 1]
p; AD ANUIAINBUNANIANYBIDUNAARZHT
g AB FMIIAINOUNATIARTDIUNIATINVILA
I o | U b
x; (t) Aa Muvstagiuveseynin |

6. NstAEUYEIEYN1A (Update Position) N3eUIUNITNISIARBUNYEY
auN1A 1INITUTUU T IUMUIvedaUN1A TngoynInlziAfeunaIndundLanlUgy

AU IUA8 Lo LN LANNNNTANUIURILEUNTA (2.2)

X (t + 1) = Xi(t) + v; (t + 1) (2.2)



TagAmunle

x;(t) e Muvdstagiuveseunia i

x;(t + 1) Ao ﬁﬂLL%ﬂﬁIﬁﬁﬁ@Hﬂ’]ﬂﬁ]%Lﬂﬁla‘uﬁl‘ﬂ
v;(t + 1) Ao A lmifidnuals

7. M5UEAYINANT (Terminate Condition) N3EUIUNITAITUYANTTYINGIY
eilRoulunsvgaviauegaess Ao
1) MEABTIUIUTOUNTVINNIUATUMNINIWIUANYUA

2) veaLilalaAuNUAIAIRDUNANER

2.2 Local Optima tag Global Optima

Local - Optima - [5]  #o gauuA1vesveunvesilym daduddigamiogeanly
vinadlausinamilsediamm lag Local Optima 9naasiildviarsqasenistam fauandy
U 2.2

Global Optima [6] fie 9aunAweIveuILmYestiam Fuduadgnviegignues

naenvialaiun 1ne Global Optima vdilgliifunilsgesoniislam dwuandlugui 2.2

AN

[
-_{-f—

!
T
=

2

2 :_/«'

. F T Local & ptimum
g

=lo bal o phimmum

gilﬁ 2.2 Lan9A18819 Local Optima uaz Global Optima

2.3 ﬂ%%ﬂﬂ’ﬁ%’ﬁ;ﬂ‘ﬁﬁﬁﬁﬂ (Optimization Problem)

=

Jaymnsvmaaiaiign Ae Uy iinainnisnean1smiAAneunafgaananeui
Jululavisnun sluinerdnusatuiladrilsdduninsgiu (Benchmark Test Function)
[7, 8] uld lnsudazlgymarusonansluguvesilandunisadinaians iy deidu

Rosenbrock f43U#l 2.3 Gaunumeilaidunsadinmansasaunisi 2.3



f(x) = [100(x;,; —x7)* +(x; =1)°] (2.3)
i=1
Tnefvuald
X fio AneurelymAiian i
n Ao Iuulfveslon
x o AluliAT 7 ves x Aifleeglutag [-2.048, 2.048]

g‘lh'?i 2.3 #an¥u Rosenbrock

Toe f0) Aefladduidamnedinnlfidusumuvesiiymnismeaiiafian Tnsan
auns7 (2.3) et Rosenbrock Wuilsdduitming Judhnuevestamife n1smen x
il fix) Tianidoeign

2.3.1 dgymmsmgeiiaigaaunsoutsld 2 dnvas Ao

1. Jayvgilunea (Unimodal ~ Problem)  #e Jayminismgaiiaiigalu

vauln el Local Optima wag Global Optima LHugafieaiu é’]’qgﬂﬁ 2.4

Jix)

31]17; 2.4 fi3ag139lsyn1 Unimodal Problem



2. Ygymsladlumea (Multi-modal Problem) #e Jgyminismyanananlu

YouLwn Ingil Local Optima via1gqn will Global Optima Liiga9aLAeT Faguil 2.5

fix)

1
o 1

5UN 2.5 Aeg1eteynn Multi-modal Problem
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3.1 MsiNUsEANSAIN PSO 2en1sisurineruluy (Modified Particle Swarm

Optimization with Rerun, PSORE)

PSO fnginssulunisgiinmAineuiiaiign (Local Optima) e PSO gidnmAney

' v q' '

AudglianusamdunuainnIviurusanle lnefieuniaudazfiiagyinisinieuniod

Y

' ' ' '
aa o 1 1 aaa

59U 7 Ay Tunsainduwndaiulilygendardneuianan PO agliauison

[ = o

o I Aa ! V=2 2/ = = ] & & 4 = [ a [ 1
G]’]LLMUQV]@ﬂ’J’]I@OQLLiJf\]SiJﬂ'ﬁLﬂaEJ‘LWIEJEJ @Quu‘\]\‘i"iﬂL‘LJ‘L!GIENZLIﬂ'ﬁ‘V]’]ﬂ’]iLiM‘Vl’N’]‘usLVTlI

Y
! a 14

lngtUasuduutisiazoyn1anaILLAY Wieldiilon1anagmisunuananinauls
lu3snstlagldnsduiunusoynialmivazisunsiulvi lnenisda PSO aslardAnau
neseanivaniduuazdloniafiuy usnaintinnaseimsuyimuluiazinissidnd GBEST

Wiolvaun1AYgABBNINAIRALS GBEST LAY

Initial particle

Evaluate RERUN

Update PBEST

Update GBEST

No g
Update Velocity

Update Position

Terminat Yes
erminate END

Condition

5UT 3.1 uanadsa1us PSORE
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\\ Rerun or Reinitialized K

Local O ptimum

Global O ptmum

5UN 3.2 fregnansrinasisudulna

Ao '

3.2 Funaulsn1suTulTINIsSmAAMNIINZdN AN dALUUNGNaUAALUY

9 q 9

'
1 =~

nanuatengulagldnisnszareiiunisvesaynimliafinluangegaduing

= J

sunuNIsUasUALLIYeIUNIATIANEAYBINGN (Improving Multi-Swarm

9 q

by Slightly Mutation Particle and GBEST of Stuck Swarm Along with
Randomly Selecting GBEST of other Swarm, MPSOSM)

35 MPSOSM. 9] azldoynianarenaulumsdumeineuiindian Ineiauainnisi
uiaznauuateynIanely Search Space Mnnsindeuiiwiouiiu PSO Tnsauniavedusiay
nauaztndeudidiivmduntiidfianueenguduesauinly Local  Optima  a1niutiien
oyn1AfAnlu Local Optima umitnsnsgatesimisveseyniauazguld GBEST vasngy
raifosunu GBEST  iBuluniafuvheulng wisandudloenniavinisiudeu GBEST
uagyhauseluaunnnguilenianagdnly Local Optima (feniu Tiideninisnszane
MuvtsreteynAudazivemnngukazyhnisnateiug (Mutation) GBEST Tmiftinann
Fumisinfigaueseunialuuiagnauiinainmsnateiug ansuusaznguiiedoudiium

mwaulni lnsduiusiunisressyniailasunsnalenusuas GBEST vasuiazngusaly

N i ) ’
\\ Jr/ \\I / \‘\ ,-’/_h‘j ///

\‘k‘_ﬁ :_/_ __// \“x___l\a_.-«#/

o 1

UM 3.3 feean1sguadu GBEST 5813190UN1A 2 Nyl

CaN
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l
= 1

3.3 asUsudsnsmAnmangauigauuunguaynalaglinisiseuiuuuLing

q q

LLazﬁmmumaaﬁmaﬁumﬁqﬁﬁﬁqﬂ (Improving Particle Swarm
Optimization by Using Incremental Attribute Learning and Centroid of

Particle’s Best Positions, IAC-PSO)

Tuauide IAC-PSO [10] 3gUsUN59191uves PSO laedinannisinagyinn1saumly
FaviiRarnsumus GBEST u (Idannsvineuees PSO muundluldszeziamis) Tnaen
GBEST weoudiAlmuiinsfumaldfudiazgnimuaveuivslidumeumidndifouds

aAUludATNUNMEa9EAUMAZ TV ULIANITAURIYINAU Search Space LilaAunARaUlUNR

My v o= o o aady v o v 1 aa o 1
u\lml’a’]ﬂ%%%?ﬂ?iﬂ’]‘ﬁuﬂ‘ﬂaﬁdL?JWUEJ\‘I@JWHSL‘VILL?’]UG\TLLa5‘1/]’]ﬂ’ﬁﬂ‘u‘ﬁ’]W@lﬂiu&lﬁ]ﬁﬂlUQUﬂ’ﬂﬁw

[%
[

Asuyndin tngluntsdum 1 BAty asdinnsusuussiuniwosudazoyniafisud 1 as
n¥rnduagyhniatsoyunreenidu 2 nau Taenguusnasdimatnusvauiaalunisdum
widnngunilngshmaiedoufiannfuiiou PSO uenniluynievresnsindeudiagyin
nafiuAdumindines GBEST wagynsduanAnaiores GBEST fanfiléfituagiinn
unufien GBEST il tieLfunisvwanidesnisiin Local Optima 9amiuagymsiiuyiaull
3 7 a1 lnudaznssasBu o sunts GBEST Wi Aldannnnsdu Psor mudniluldseey
wils (rmduauseuddmuall)
3.3.1 IAC-PSO fitunauvasniavinaudell

1. msimungaiausiu azdmuslild Conventional PSO Tugiausnvesnis
ﬁwmmﬁamﬁ;mémé’u TngazAaumIUsTUIn 7,500-15,000 S8U s?fa%’[ﬁ’fﬁ;m%'uéfumﬁauﬁuﬁlu
N ¢ Generation

2. msbaveuaisuiuveteynn Aensiurngaisudululiazifaziing
Savgulvioynirannsaindouilalusvezuay 9 IndiAssiu GBEST Mnsdumlufifnounth
5]

3. Mskusnaueyn1a sun1aszgauttesnidu 2 ngu fmenslindnaau
vhagidudruuvilsdmiunisudangs TaeifleiSihaueyaianguusnazgnrimmundum
Budtusee 9 nilsdseglutas [0, 1] Tageynaiivhnisduminldefifrunazgninedly
nauUsN wazeynANivaodzgnineglunguiians Wooynanguuilsnguladumyn GBEST
Tyl oynas 2 nguastaedumneunisluvinaduiutuey

4. msfungaunsess Tnsdwlngudadn GBEST  #ildinazleian
APy Local Optima wa IAC-PSO Faldfmualvidnismanisunsosnainyn GBEST
anan ietelilonadumedinouiiitundt GBEST Hagiiu daaunsosdiilalaifing,

A1 GBEST n1svinaunazdaldan GBEST Lausiall
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5. M3wseunsinau Was IAC-PSO  laldnagnsnisiseusuuunany 9

[ 1

A | v Aaa v & ] ° A& 1 ay v v & A
80U LW@Q%EU'JEJiﬁar]ﬂJ'ﬁﬂﬂUW']ﬂ']V]ﬂﬂfjﬂlﬂﬂENGUU LLW"UZ‘WWﬂWisLGﬁ@ﬂWW‘lmﬂ@u‘Viu’W]Q‘WNWL‘W@

WislonalunisaumenanInlusaudaly

Preliminary
run

:

Assign r,a,i,p
to zero

Particle class
initialization

Fit(x) =
Fit{gbest)

Update
velocity

ghest

Find
gbest's
centroid

5UT 3.4 uansfaauds IAC-PSO
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UNUEUD

[

nsufideymmsialu Local Optima fiinduiu PSO Wnideldhaunisnisnszane
ALVUYeIRUNIANTONISNAERUgwUUsng o inldlunisandaminissinly Local Optima
194 PSO  [11] tinifuunsduldudanguoynineenidumats o nguiiiaasiudumlu
Search Space L,Lm'ﬂﬁzuaumiméwﬁuﬁé’ﬂaﬂaﬁu Local Optima faudafumsidonaies
Udesloyniadiiunsdumidely wazdniusedoynafinisizuvinaulml Faagdieq
LﬂﬁﬂuﬁﬁLmﬂaaiémﬂmﬂ@‘mmmlﬁm \etasiunisfialy Local Optima Fainagnuaymiin
ususumisonuniedienisdaly Search Space fasufieunisduvhaiulmidnadily
Fuvlsiasull usldannsatestulalieyaandulufslu Local Optima 1680 91nn1s
Funmiumiis Local Optima Tagannifnagaseiuge Optima fiifisaund@ndaunndiaain
99 Local Optima fifneg luingrinudetiuiudeniiasyfusumsoyninaingaiinnegly
Local Optima fissdnties lnsiUasuainduisduliiiu 10 Wesidud wazsuiuding
WasulahAu 20 wWeddudvossiuauifiveun Satvdslriiehiuneufidnedly Local

v

Optima ssanadinsiasumunustuszogiuinuwaglusuiunaieiifunnuly gl
aun1pnsglaneantuuinaniluareInduuifinly Local Optima fiu wSenisumi
Global Optima feglndiAgalsiiae lunmenduiumnnualinisnateiugieeiiull J@nRe
agliiiin1sAum ilesanneynadulvaiduniausediu Local Optima 193 kazauNIAL
\nFeueglnauUIAALILLee Local Optima WANENATS
& Y a - aa v & ' a !
wenandMsuAtayminisialy Local Optima lagdgnsnateiugiiiesegamelyl

aa o 1

woagyivioyuniadunInIefuls I98nsuLIsAMUAAT GBEST A1nd1uniaateyn1nia
- @ o & o o e o - v dll = v °

Ngavaenisnateiuguitnisnateiugdnasavia tielveuniawndsunlurumeainauly
Ushadlnidivignainga Local Optima Wiy annuuInama1idslaiinine1inusaduilvuie

wAteymAsnan?

4.1 nsuAdgminisielu Local Optima ¥as PSO TaguszanaldnisEarineu
Tn

nsuAteyminisin Local Optima Slévanes wu Wilinsdumluwunhadieliide
Local Optima 41 v¥aifiunisfumlvianntu udlaiiislaasBusuléinge Optima fweifu
Global Optima feiuluruAnginusaduiarlilauilaisnisdumuuuiu 9 ves PSO fe

il PSO AuvnuUnAauRnegly Local Optima 31nUUAEnIBWAUMUMLEYNIA
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waziFunsaumluel Tnenengunanidesdiazndulufinegi Local Optima LA 1iloaynia
firlu Local Optima sumisvasaynIAfaviin sasta PBEST waw GBEST azoeffisumis
Wi uAILALS Local Optima Iuﬂﬂiﬁasﬁaﬁ’ﬂﬁﬁmiﬁumﬁlﬂﬂa‘”mj Local Optima 1zt
annsaildlagnisiasuiuvaveseynia Wagudums PBEST uay GBEST o8nain
#umis Local  Optima 1y nsasuduntseyniausiissagaienliaansofiay
milnileyniaiadeuioanaindumns Local Optima  (Axlel 1iesann PBEST uwaz
GBEST azdveymandulugiuminiu fafufeinsfadunounsioundninnisialy
Local Optima w84 PSO lagmsiUdsusumisuadeynia PBEST way GBEST viilieynia
wnszaefieenandundsannyinnsiaaienln synnazdudunmsfumeeaunisnis
\douflluy PSO waziadeudinduitunsinfudl GBEST Tvl ilssudszninensiiadeud
nduidam GBEST vl e199gmuswvisiiindy GBEST Aignivdeuly Feinliianusanga

99NANAMUUN Local Optima thAuls sunisilonaaziimlufinaidiunis Local Optima

' [
= "Ly v

o9 ludeumis Local Optima auiinvuld nd191nn13hn Local Optima 3ndinly way

fimsiuyihaulmiliEes o

4.2 nswasuduiseunalasldisnisnanesius
n1siimsnafteiuginlglunisandayminisinly Local Optima %89 PSO i
dnateugsuntseynirnenisduly Search  Space wuuihn azlianunsadesiulyli
aunAnauluAaly Local Optima 1@ 9annisdnasumie Local Optima Iaguninasnss
ffuqn Optima fifiau1sdiffiieunns1991n9a Local Optima nednusatuddldvinig
naasUSumivLeseymAdiolinmsfineglu Local Optima Ineldannislunisusuen

wuReatunlglunisnaleiugues Genetic Algorithm snuaun1sn (4.1)
Xig = Xig * (Xig x R) (4.1)
Iy X; Wnudunisvedayn1aif i 1791 d Avduitlaandleaidu R fiAragluyag
[0, 11 drdue R Ju 1 aldazidu 0 vihlaunislunmsusuaidlimangaufiazdnunld

Aetudslsuasuaunisnmsnaneiug duaunisi (4.2)

xi = +(x; X (0.9+ (0.1 X R))) (4.2)
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NaunIs (4.2) Arlmidlsazeglugag [0.9, 1] vesrudin Tuduafguladu 0 uaz
1 audau lngenasziilontalunisnduiaissmuneisuinuazay 50 wWesiiud wonainil
~d o 1 ° My a0 1 .:4' % ° v o " A
i wmisvesdnauldlaegfdiunus 0, ..., 0 lemannisduniAmneudzlasumied
IndiAeaiumeuiininiu uenaniildassiinisnaasaldsudi 0.9 waz 0.1 10 0.85 uay
0.3 Feazyilvdaenisaumeglugaa [0.85, 1.15] uidmiuyailandunldlunimansiinanis
A 1 = A Y1 Y & ¢ o 1 « o & A £4 s oA
VAaasugas Indonida 0.9 way 0.1 uianduilnduegridudndunazdedinisaeirdu
I einsAUMIAITIEENIN ST ULaYanaq
UBNAINNIMMUATB VAL UNSUSUU Tl ne B Ui UAI YD I UL ANLE?
° aa ° | Ay v & & o | o g v A o af 24 @ A
uudiavesiunisnfesUsuiiludndadenidanazyinlianusuavu Fsdrulngnasaini
aun1ARnegly Local Optima - wudluAvisawitunldnuaneyu dsiuluniswasu
suilaveseynaluynftu vhdudumssusulmiismeitlindsaiun wazenaazi
Iisunalufineglu Local Optima audn lagdngrtinusatduilazyiinisnszatediuniaves
aunIAkAazAIlaeN1duUAEUAII LB UA1ALUUNTAIINAIL N L BALLES 20
s & & aa o - 1% a ° S v =
Wasidunreslininunvetaunia welveayniadlanianidineunielndifss Local

Optima 1wl lnelinaulu@alu Local Optima tAudn

4.3 nrswasudwmis GBEST Tngl#38n1snanewus
iislvoymaiilonananesnain Local Optima Wwagillenaindeudisenlufumily
fuilnadld nsBenudiumisvesounadfissegr e sslifisaefiagvinlidumdmey
#lnd Local Optima Wiuae ddlasnndnaznaulufielu Local Optima i Tnsiamzdnd
mMadsudnudffendndes defuswluasdodd GBEST (Hufmaeiie Wedinmiy

o I 5 = o 1 a & @ 4 ) aa :.//
mmuiwaqmmwmmmﬂaﬂummemﬂmeﬂismm 20 LUBILYUAVDINIUIULAVINNUA

aa |l

Ingagldnsgulunsazifdinisasivaeuiile lunsaliddmnguladedosndt 0.2 dfduay

'
aaaa |

inswdeu Tunsainduiveuniaiites Tandeinetalilavdudeuae welilenals

a aaa

nfARaUAguAINALANNNTY Felavinnisduuiounives GBEST weiazlilonadfi

a

Andllaniaguiranaziinisdsudn Inenisildeuaagldaunisi (4.3) wuheiuniswaeu

'
aaa

FuMUIvDIOUNTIA (@UN3N (4.2)) udasiiudwudanuasulndu 30 wWesidud

g= +(g x(0.9+ (0.1 xR))) (4.3)

dmsUA GBEST 7lumausuynaulvdiiniadenlavalsan 1wu
1. A1 GBEST #l@annsuniiaratounianfniannain1snatenugaun1anIuaunis

(@.2) (1n1531mA1 PBEST weikaliins3.@mA1 GBEST, GBEST 1)
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¢ A

2. A1 GBEST 71laa1ndnunteveaun1afafgnnainIsnaIeiugayunIanuaunisi

9 9

(4.2) uazwdsn1snaneus GBEST muaunsdi (4.3) (In53idnen PBEST uslifinisiidnen
GBEST, GBEST 2)

¢ A

3. #1 GBEST #ldannsunisveseynafidfigandsnisnateiugeynianuannisi
(4.2) @M531Gme1 PBEST wag GBEST, GBEST 3)

Aaa (% v 6 A

4. A1 GBEST ‘ﬁiﬁ’ﬂ?ﬂﬁﬂLLWﬁQ‘UENE]‘L‘Jﬂ’]m/lﬂﬂﬁﬂﬁaﬂﬂ’]iﬂaﬂEJ‘W 9UNIANTUANNTIIN

4 a9

(4.2) wazndInIsnatewug GBEST ANANNTST (4.3) (In15319mAn PBEST waz GBEST,
MPG-PSO)
Taodnlden GBEST Anludio 1 Wu deumaiinisnateiusuin azerdeleniadi

oynaLAdeudilum GBEST  fuaeAniifinda GBEST - Alagngaain Local Optima  léf

WALHB39INNIMAIUEITIANTT Local Optima Wululdenn lasunneyninasiadouiidng

Y

Local Optima ta

4 o

GBEST ludo#l 2 A1 GBEST Aad unuifiifianuedaun1aninisnaenug waginun

9

@ =

naneiug GBEST Bnsauwdis auniadiadu 4 asiadoudwiayniaail dueedfiininfaed
n3keAn GBEST Ty @venalaifindn GBEST i au qndifia Local Optima wiagnstionfdh
Thdn1sfuniiintu wazddnsduiaulnivats 9 seu fenaagsilivgaan Local
Optima uaziaamlmiaauls

GBEST Tudefl 3 ludeillfunaindumisiiafiaeeseyniafiiinisnaieiugoynia
n¥aaniinisiidnen PBEST way GBEST ud wleni1 GBEST Inmal wdsandu GBEST e
GBEST Tnifazdngslioyniasiie 4 \asuiteanann Local Optima wallennad

s

GBEST lude 4 GBEST luteilldunandmunisnananvesounaninisnaeiug

9

1
= =€

oyMANAIMINNTSILdn PBEST WAy GBEST uda udathunnanestug GBEST Snseunils 49
Tnennnagdiendiaiu weth GBEST Tual sndadu GBEST A1 GBEST Tuifiadngdlitoymea
f1q 9 ipdeufieanan Local Optima isldnietu
Ineninusaduilldimsnnasaussuiiisu GBEST luded 2, 3 uas 4 iessnayld
GBEST wanvaneguuuy lasiamnzludedl 4 agld GBEST #imnaann GBEST au siumis

Local Optima 11n#1gn Inenanisvaassazagluuni 5
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4.4 mssuinaulndlesldnisnateiugvesdiunieyningaiienazaui
Ao 0 v ad 1 a 1 .

NANGAFIMIUITNIIMIANNRUZAUNGALUUBYUNIANGU (Rerun  of Particle
Swarm Optimization using mutation of Particle Trap position and

GBEST, MPG-PSO)

QQ‘Q‘I o q' '

TnhauauAunsyhaumilow PSO Uni (muaunisi (2.1) uay (2.2)) Feeynia

= A ° Aaa ] ] A a i
wLARDUNMAUMUINATNgAN8lY Search Space  uAdzUANANASITLEDRUNARABE Y
Local Optima Huf® A1 GBEST lUATuU®&I9IN PSO 1AR0UMIANTIUIUTBUNITSUNAIRUA

A Ia 1 . v a o I IS v 6 o 1
agfodfnegly Local Optima wazazldnisisuvieulndlasinisnateiusiuniaves

AUNARILEUNTTT (4.2) WasuA1 PBEST wag GBEST wawlSun1svieiuwes PSO el

3

UNIAzAnlY Local Optima asadaly nmsiswihaulmitinelvieuniaiilentavanseanain

=

Local Optima lufllemanfiounieenludunitununlngls lnefvuneudsgui (4.1) waggud
(4.2)

Initial particles position();
While (total number of iteration < MAX_iteration):
Update particles positions X, PBEST, GBEST using normal PSO
If GBEST unchanged for Max_iterations:
reset GBEST
reset PBEST of all particles
randomly mutate all particle positions by EQ[4.2] for 20% of its dimensions
and update PBEST and GBEST
Set GBest to randomly mutate GBest EQ[4.3] for 30% of all dimension

0 o N o kR WD

5UM 4.1 9ad1209u8AIN319UVBS MPG-PSO



Yes\L

Initial particle

Evaluate
Update PBEST
Update GBEST

END

Condition Satisfied

No

No

Mutate GBEST

Mutate particle position

Reset PBEST all particles

Update Velocity
Update Position

Reset GBEST

T Yes

GBEST unchanged

Max Iteration

U 4.2 uanais91u3s MPG-PSO
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NaN1INNAD

Tuunil 5 ﬁ%ﬂdfnﬁqmimaaﬂLﬁaLU%ULﬁ&J‘UNaﬁwémﬂmsﬁumqmﬁ’]qmaq
#larifusnmsgTu (Benchmark Test Functions) viawua 26 flerfidu sunisnaii 5.2 Taediina
HerFuuuy Unimodal [12] wagilafduuuy Multimodal [13] nsnaaesliinislddunenis
F9 9 il

1. %umau%%mamﬁwmmsamﬁqmt,waumﬂﬂa;u (Particle Swarm Optimization,
PSO [1])

2. nsifindsEavEaan PSO. faenisisuveulval (Modified  Particle  Swarm
Optimization with Rerun, PSORE)

3. %’j‘umau%%maﬂ%’uﬂwmsmﬁwmmmmzauﬁﬁﬁqmLLUUﬂEjmummLUU
vannnanengulngldmanszaesumisveseyninilofnlugngeandusims saufunisiaou
GT’]Lmﬁwaﬂaymﬂﬁaﬁqmaﬂﬂdu (Improving Multi-Swarm by Slightly Mutation Particle
and GBEST of Stuck Swarm Along with Randomly Selecting GBEST of other Swarm,
MPSOSM [9])

4. m3iinsEAvsaIm PSO  senisisunsihaulvaiuagnisnateiuseynia
Soounafneglu Local Optima (GBEST 1)

s

5. Mafiuussansam PSO  Menisisminnuluiuaznisnatsiuseyniauas
GBEST Wilopyniadneglu Local Optima (GBEST 2)

6. MakiiUsEAVSA M PSO femsizuhaulmitazaisnaneiuseynia Tneing
3udne1 GBEST ileeyniAfneglu Local Optima (GBEST 3)

7. FilreRiiaueluiverdnug lnedimahenlndifestuluded 5 (GBEST 3) &
msEuvhailmilagldnmsnaeiuguosiumiseyniauliiendu GBEST 3 usdeunndnafie
9y GBEST Mﬂmaﬁuﬁjgﬂﬂ%ﬂwﬁﬂ (Rerun of Particle Swarm Optimization using
mutation of Particle Trap position and GBEST, MPG-PSO)

8. mMsUFuusImMImANvInaufiaauLuungueaynalaglinisiseuuuULiNLAZYR

Aaa

LGUUVﬁaEJﬁSUEJWT’lLLMﬂWIqum (Improving Particle Swarm Optimization by Using

Incremental Attribute Learning and Centroid of Particle’s Best Position, IAC-PSO [10])
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GBEST 1, GBEST 2, GBEST 3 way MPG-PSO ilndnnisvinauilwileusulunisldnng
nagugeuNIALALAILIUIYEY GBEST lun1sfaeunineenainsiwmus Local Optima

Ineiisnuasideneall

1. dupounisvhauues GBEST 1 Faguil 5.1

Trap Position After Muted
W B x W
T GBEST < GBEST

5Uf 5.1 n159i191uv89 GBEST 1

digaunianegly Local Optima #agu 5.1(%e) assiinisnateiugeuniaLiies
Wntiee faguil 5.1(171) wadiadldm1 GBEST 1Ay o4 siuuuafifia Local Optima (Lifinns3

Fne1 GBEST usifin133i8me1 PBEST ndsiin Local Optima) Ineen GBEST azidueiiinia

EN

o

581309 GBSET 4 9091Aa Local Optima  kagmAlansuniteynIAndInIsnaeiug

o

Felngu1NNIINAIeNLEYDI0YN1AIZFAIAIIMANNTAUTIAINTIAIVB GBEST o4 duviiainfn

Local Optima

(%
U

2. JuRoUNINILYE GBEST 2 MagUii 5.2

Trap Position After Muted After Muted
o - bd o o X b
B XK x X X
Ratate:= X% CBEST X
GBEST

Uil 5.2 nsineuues GBEST 2

WieounARnegly Local Optima 33U 5.2(F1e) agvinisnateiugouniaLiies

s

antley AgUTt 5.2(nan9) Tneen GBEST ldiilduiduiiendiu GBEST 1 usiagvinisnanewiug

]

GBEST isawiesdntioy éﬁgﬂﬁ 5.2(3737)
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3. fumeuNVuYDY GBEST 3 Faguil 5.3

Trap Position After Reset After Muted
X X &: X
%BES‘F xi? ng( X
GBEST

5Ufi 5.3 n39ieuves GBEST 3

\dloaunimfneglu Local Optima fe5uf 5.3(¢8) 287n1338nA1v83 PBEST Way

GBEST sagu#l 5.3(nan9) wazvinisnatenugeuniaiiondniios daguil 5.3(¥37) 1les91nd

9 Y
L4

N1534AA GBEST i1l GBEST  920¢ifuniefidfianuaayn1AnaIn1snalenug

du PBEST vaawsazeynnvzlusmuniseyniandinisnaneiug

4. SungUNIITILYET MPG-PSO FasUTl 5.4

Trap Position After Reset

ot

;{%ﬁs EST \%’é(

After Muted After Muted
::;5 x‘»( 3<:<';<< :<:<
GBEST GBEST

5U# 5.4 M591191Uv89 MPG-PSO

deeuniainegly Local Optima @agu#l 5.4(uude) 9evinTs5i8nAI1vea PBEST
WayGBEST fe3u 5.4(uua) vinsnaneiugeuniadisndntos dagui 5.4@14e) 9z
Talel GBEST enlvdoanun (FumiaANgaandunisaunIaynfvanIsnalenug) wagi

nananeiug GBEST Alvaliiieadntios Aaguil 5.4(a19v37)
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A15199 5.1 AMNN10ABST LInaasenunInTuAdinA1ans

W15 8Lnes A1
ﬁi’ﬂmuaymﬂﬁiﬂumsmam 30 BUNA
fﬁ’wmuﬂ%gasuaamsﬁm’mmmmmmmsam (Evaluation Call) 90,000,180 ﬂ%’jﬁ
YOULUANITAUMNVDIUARE TINTY AUATLUAIANUIN
PRI Aas Iy AUATNLUAIANUIN
AMISILINER (Max velocity) AUl UAIANLIN
AnsIaean (Min velocity) AIUAITIIUNIANYIN
smnuadilunmsvnass 10 pdastoilerdy
AAudes (Weight, @) 0.72984 [13]
A1AaTives PBEST (Constant number PBEST, C;) 1.49618 [13]
ANAsTives GBEST (Constant number GBEST, C3) 1.49618 [13]
79UYRININTEI8UNIA (Threshold of Reposition) 100
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A1519% 5.2 Fuusinvaslgimnianduatinanans

w153nas A1
uulRve ey Ackley 100 &R
IRV INNTY Griewank 100 5@
IRV IeATY Rastrigin 100 &R
uuiiRvesilandy Rosenbrock 100 5@
iRV sy Schwefel 100 5@
PuUILLAUINATY Cosine Mixture 100 3@
ARV Exponential 100 &R
PUIULAVDININTY Levy 100 3@
PRV INATY Michalewicz 100 §1@
uuiRveslendy Dixon-Price 10 9R
Iunuifueilandy Step 100 %@
urniiRvesileidy Schaffer 2 9@
uiiRvesen Ty Holder 2 3@
uILARveenYY Beale 2 3@
PuUIULAUL AU Shubert 2 9@
PUIUTAURINNATY Goldstein-Price 2 0@
UL AV INATY Trid 10 9@
AR VRINATY Six-Hump Camel 2 31
Tunulifvesilandu Sphere 100 4@

2D
=3)

Fuudfvesianty Parallel

—
o

—
(@}

2
=3)

—
o

o | O | O o o O o
2
3)

Fuulifvesilantdu Rotated

uuifvesieidu Cigar

uuiiRvesilandy Brown 100 5@
PuLiRve gy Multimod 100 4@
uUILLRU ATy Zakharov 100 4@
PuILTRU ATy Easom 2 9@
uuiifvesilentu Rosenbrock No.1 50 wag 100 &
uLiAvesandy Sum of Different 50 way 100 &I
Iunuifvesitandu Sum Squares 50 uay 100 &

dmsunisneaaaluuni 5 agltn1wn C++ Adeulu Microsoft Visual C++ 2013
ADUNIADSNITLNUIIAMUTINENUUIN 8 GB  AULS1 2.27 GHz wniheUszanana Intel
Core i3
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as =

TnaadldiuSeufisuuszansnmeesiSang o ivinismeassien Best Fitness
wazAn Evaluation Call  @sdnidlaanansamdineulddsngn lunaneilsiduagdigud)
Tuustarileitundnmans uansindatuaee Global Optima veelledtu uasdr3alalden
Evaluation Call fidesnd1 Setufariivszannmlunsuitamannni dwdusmsifines
fing q Aldlunsmaaeuandlunised 5.2

Uszasduaamnaaatluunil AeTnusyAvinmnisdumvesiuneuisiinaue
Wisuiisuiuaseng o fazviilieuniaansafumisiold (Mgnain Local Optima) lned
PSO, PSORE, MPSOSM, GBEST 1, GBEST 2, GBEST 3, MPG-PSO uag IAC-PSO ‘Vi’]@ﬂ@?%ﬁjﬂ
vosileridusnnsgu Seansmaaesanunsoutseandu 3 du Tasusazduiineandoadsil

1. mMasevinUsednsamuainisldnisnateiuguesounianagsiimus PBEST
WAy GBEST  wuusng 9 wazn1shd Multi-Swarm  lun1sfsounineanainsiuwnus Local
Optima lagtUTauliisuis PSO, PSORE, MPSOSM, GBEST 1, GBEST 2, GBEST 3 uag
MPG-PSO

2. nsneaesUsuUAsumeAnsivesae 9 Aenzauvesis MPG-PSO

3. ynaesAguiunisssmARgUANgaaNimisen (0, 0) TUlufumisdy

4. nsveassinUszAnsnimnisdumvssduneuiiiinauaiuisuifisuiy

MPG-PSO uag IAC-PSO

51 nsneaadindszansninvainisldnisnalenusvaiaunIaLasaAIwnle
PBEST ez GBEST wuusing q wazn1sld Multi-Swarm Tunishsaunineanain
Ale Local Optima TasUSeuineuis PSO, PSORE, MPSOSM, GBEST 1,

GBEST 2, GBEST 3 ttaz MPG-PSO

NAYDINITNAFBUIT PSO, PSORE, MPSOSM, GBEST 1, GBEST 2, GBEST 3 uag
MPG-PSO wanslums1eit 5.3 uaz 5.4 Inenaasududamilsidusnasgiulunianuan n
geldmsimesaunsnedl 5.1 wagn3197 5.2 Taeen Evaluation Call #e Aladsdiuam
pdsfvinmsmaanusngay w duiweseynavesilsiduililunismaaes lngandu
nsadsvessiuiuada w afinuefiAfian uaze Best Fitness Value #o Anadsvasdn

ANUILNTANNANEAYDINITNARBINMLA (10 ATY AIUANTIT 5.1)



26

A99#l 5.3 wansRumdnauvasilsitusnnsgiudae PSO, PSORE, MPSOSM,
GBEST 1, GBEST 2, GBEST 3 waz MPG-PSO

. PSO PSORE MPSOSM GBEST 1 GBEST 2 GBEST 3 MPG-PSO
F:r;c;::n Evaluation | Evaluation | Evaluation | Evaluation | Evaluation | Evaluation | Evaluation
Call Call Call Call Call Call Call
IACKLEY 17,342,561 90,004,731 5,396,820 41,321,657 2,044,710] 2,820,240 1,464,330
GRIEWANK 19,749,216 90,004,070 548,025 433,500 330,270 729,900 257,310
RASTRIGIN 677,953 90,005,129 3,271,440 1,952,190 2,333,280 1,520,460 1,551,240
ROSENBROCK 506,056 90,001,673 90,019,277 88,211,244f 23,793,030 90,006,141 4,701,030
ISCHWEFEL 4,918,451 90,005,401 90,018,003 22,303,890 83,729,580 90,032,722, 47,182,200
ICOSINE MIXTURE 3,179,553 90,004,863 586,095 486,720 353,670 392,490 280,080
EXPONENTIAL 8,257,920 90,004,991 1,374,975 394,350 344,550 569,970 332,340
LEVY 23,671,323 90,005,039 90,020,946 87,367,022 4,276,590 90,012,811 3,557,190
MICHALEWICZ 3,512,953 142,710 78,255 58,140 88,530 160,950 55,380
DIXON-PRICE 8,340 3,120, 4,920 4,200 4,500 11,700 3,690
STEP 1,314,167, 90,028,472, 71,070 71,790 64,530 70,230 54,330
SCHAFFER 7,260 31,020 24,735 955,830 326,670 328,920 7,800
HOLDER 8,280 14,460 17,385 51,240 19,710 37,320 630
BEALE 12,210 11,010 12,720 12,900 12,660 12,180 11,490
SHUBERT 2,220 3,060 1,680 3,630 3,180, 3,540 2,220
(GOLDSTEIN-PRICE 4,140, 3,990 4,410 4,620 5,040 4,770 3,960
SIX-HUMP CAMEL 1,020 750 960 1,230 1,140 1,050 630
SPHERE 9,542,578 90,000,131 10,597,065 4,369,980 4,397,850 4,428,120 4,244,760
PARALLEL HYPER-ELLIPSOID 5,277,978 90,000,197 11,229,750 4,465,590 4,432,920 4,392,060 4,414,080
ROTATED HYPER-ELLIPSOID 15,686,917, 90,000,233 11,020,485 4,366,470 4,341,090] 4,526,010 4,142,010
CIGAR 5,670,309 90,000,188 10,456,890 4,410,960 4,458,660 4,414,620 4,216,170
BROWN 17,119,535 90,000,201 10,905,600 4,443,180 4,465,260 4,485,570 4,182,030
MULTIMOD 17,929,744 90,168,172, 20,842,380 11,925,930 11,331,360 11,700,300 10,892,670
IZAKHAROV 29,999,949 90,018,840 90,000,128 53,419,950 56,686,620 55,003,560 54,198,540
[TRID 2,418,056 27,136,050 141,465 1,570,432 358,710 998,700 51,990
EASOM 8,910 7,080 6,600 7,410] 8,370 8,400 6,090
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A99#l 5.4 wamsRumdnauvasilsitusnnsgiudae PSO, PSORE, MPSOSM,
GBEST 1, GBEST 2, GBEST 3 uag MPG-PSO (sia)

Function PSO PSORE MPSOSM GBEST 1 GBEST 2 GBEST 3 MPG-PSO
Name Best Fitness | Best Fitness | Best Fitness | Best Fitness | Best Fitness | Best Fitness | Best Fitness
Value Value Value Value Value Value Value
IACKLEY 10.719 4.337 0 1.42E-14 [ 0] 0
GRIEWANK 0.078 8.44E-15 0 0 0 0 0
RASTRIGIN 525.336 238.79 0 0 0 0 0
ROSENBROCK 1.33E-25 5.11E-27] 3.15E-20] 6.93E-27| 0 3.78E-27 0
SCHWEFEL 11,745.4] 6,040.1 3,434.42 0 [ 1,302.53] 0
ICOSINE MIXTURE 6.499 2.365 0] 0 0] 0] 0
EXPONENTIAL 4.55E-10 2.89E-15 0| 2.22E-16| [ 0] 0
LEVY 98.566 28.99 3.55E-25 5.19E-30 0 2.6E-30 0
MICHALEWICZ 0.538 0 0] [ 0] 0
DIXON-PRICE 0] 0] 0] 0 [ 0] 0
STEP 328 73 0 0 0 0 0
SCHAFFER 0] 0 0] 0l [ 0] 0O
HOLDER 0 0 0 0 [ 0] 0
BEALE 0 0 0 0l 0] 0] 0
SHUBERT 0| 0 0] 0] 0] 0] 0
GOLDSTEIN-PRICE 0 0 0 0 0] 0] 0
SIX-HUMP CAMEL 0 0 0 0 [ 0] 0
SPHERE 6.92E-322 5.43E-322 0| 0 [ 0] 0
PARALLEL HYPER-ELLIPSOID 6.45E-321 2.1E-321] 0 0 0 0 0
ROTATED HYPER-ELLIPSOID 1.33E-320 2.77E-321 0 0 0 0 0
CIGAR 2.16E-316 1.48E-317 0f 0 [0 0] 0
BROWN 1.44E-320 1.84E-321 0 0 0 0 0
MULTIMOD 4.32E-246 223.889 0] 0 [ 0] 0
IZAKHAROV 2.52E-84 2.72E-48 3.97E-202 0 [ 0] 0
ITRID 9.09E-12 0 0 2.73E-12 0 0 0
EASOM 0) 0] 0 0l [ 0] 0
"\]’WGHT]\W] 5.3 e G]’]i’NVl 5.4 3¢ Wm’ﬂ PSO ﬂﬂﬂqiﬂﬁﬂﬂ’]ﬂ’]@@ éj@l 9JL e 8

flefdu 1losann PSO  axfneglu Local Optima  aunsisfissouiiunnd qmﬁl 199013

&1 PSORE agvimsisumsvinnulvallumn 9 seuveensin Local Optima lagagyinnisdy
Auidllienanniainnsinlu Local Optima 52u919Ein15319mA1 PBEST way GBEST

deldlieyniagidmiAnfusazmduwdaiiamanumnzau ATy wiieanndunisdy

Asuuslndnelu Search Space visuua vl PSORE Tgiatunnlun1siandutdunm
Anaulnidnase LLazﬁﬂ%ﬁma@u Local Optirma 7llAgtaeuIud us PSORE Agafind1 PSO

ﬁaumﬂﬁumagj fisuamia Local Optima WA Javilv PSORE ﬁmaﬁﬁﬂ'jw PSO uazlaoan

o

mnpuTinTianiudusn 2 sty Wowleuiu PSO agmeAdmauil 61161 10 Handu

9
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MPSOSM anansavemnauiiafiaals 22 fleddu iesniinsuuseynineenduy

wanenguieiuAumily Search Space e usildunsdumndaszainiuauniiazine

e

Tu Local Optima Faazldd1 GBEST weangudusntredngdlieunalunguiana ldvanoon
270 Local Optima  wazilenainediiffian uenanigsfinmsnansiusveseyniaifios
Endeudnine Fwilviinmsdumiin®ianin PSORE wazsiilias Optima windu 12 e
GBEST 1 foynianguifien iefneglu Local Optima azldnisnanesiuguesoynia
WigaogradealunisiFuvinaulua 1iesain GBEST 1 fins3ifmen PBEST  udlaiFifmen

GBEST  awulunsdinfinisnaneiugidntdes lanafiagnuiunisiinduaziinainnisi

' [

BUNIAMABUNIINYATINALTUSIUMT GBEST Uagseninvnaaamunianindy Aagyilile

GBEST Tnaifinau usluurnsdindnisnateiiugiiedniios suniadmlvgdnndoudig

Y

FuLs GBEST i fineglu Local Optima FsdwalimArdineuiiananta 21 eidu

q

agluszaulndigsiu MPSOSM

GBEST 2 way MPG-PSO  @nunsasmandineufiananlasiavan 26 Hafdu lned

MPG-PSO L9fA1nauiffiantsanin annaiiviibi GBEST 2 uag MPG-PSO @1u15amal
noulany 26 M WesaINIa 2 38 AnsnangiugaunIAwasnalenus GBEST LiusaaN
GBEST iyl (N5l A GBEST 1 Wag GBEST 3 #in13na189uglagsiuan GBEST a e

Local Optima 20 1Wesidusi us GBEST 1 nanewuseunialnenssane1 GBEST #idaly

=

Local Optima d@u GBEST '3 Huaznanesusinunvoumafafiffian) GBEST 2 waw
MPG-PSO naneiug GBEST dadn 30 wasidud vhlsiafidumningtu us GBEST 2 aedien
Evaluation Call fllganiniilesan GBEST 2 lénain GBEST ai 9aMidn Local Optima
uaznaneus 30 Wedldud ud MPG-PSO aznaeiiugiiniueynamfiiiian eyniayndn
o 09I Local Optima S lndiAssvidewiusn GBEST w 9@¥in Local Optima 7013
naneWug GBEST - wirfusiuiueuniauazidendiindign dufud GBEST  dildannis
nanetusmMsaunnRelimiiinieniildann GBEST Tnumss dswalvidfudlunisdumni

A71 GBEST 1 way GBEST 3
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Bes‘ Fitness (log)
10

o —— —HHH
Lsumuu 1000000
B,
I\ L 1y

\ - Evaluation Call
\h_‘ 2800000

—ps0

=——PSORE
x = MPSOSM
GBEST 1

\ [ GBEST 2

\ ———GBEST 3

=

‘\ — MPG-PSO

JUN 5.5 n31uanen1svineIuvasnlanty Rosenbrock

N3V 5.5 nsluansn1sihanuvesilerdu Rosenbrock 1unsluanasn GBEST
o Evaluation Call ¥y uansdanisgidnues GBEST Tnsunu x Ao A1 Evaluation Call
fifistuntuna wagunu y @0 A1 Best Fitness (log scale) azifiuinlunauiiudu PSO,
PSORE, GBEST 1, GBEST 2, GBEST 3 uag MPG-PSO 14 PSO wiava Fafiuuuunguifien
nsmFandududiortuluneudy aunnis Bvaluation Call Uszanm 5 uau (3ai0) o oty
GBEST Laituifusuau 100 iterations Aafu (1 iteration fismatedeud 1 afiosaynia
ynfanIuaLnIs PSO) @ 9nd PSO. agvineusielulufinsdavhaulud Tnglifinswasy
GBEST Qwiiudna1 GBEST 09 PSO asiimannfiausiin Evaluation Call azifiui tufdongy
auNAYas PSO Anaglu Local Optima uarAumagluuTnnisu

PSORE~ wenenuudUeymidsnemsmiloususuriaeul TngSifiae PBEST uas
GBEST viavin gusuntsoynealaily Search Space awiuiinsmidudihniouns an
GBEST watulugsgaiitefieuiunnidiinnass aindudes 9 gdwn Local Optima Tvisidn

AT Azt slope Tun1sgiiinign Optima Asuduviniunaen Liieduii11992198

Local Optima 7iuansnii NnASIiENiNUliiuRASINRTLUIIAS LR

GBEST 1 Aflnsisuviraulusliguiieniu PSORE a4 gate Tnefinisnszargayninus

1l o |

FapslaiAn GBEST 1Au Si¥atamiyeA1 PBEST ¢atiumAn PBEST zagiifunuvataynIail

Y
2/

nsyaeeeanly agwiuina GBEST lliinduiilesanlufinissidnlmi feiunsimees GBEST 1
Azdiusanaslaglifinsiudu feuazdinssuvihaulndivufeiiuiu PSORE wagidsdu ¢
I3 A 1 d‘dg (% a [ I v 6

fAnu lananagiaedl GBEST 7Rvun1enasansuiialmilaenisnateiugoyninain
ALVULGY 24 3091FA Local Optima laguNANMNNEALYD0UN1AILIAIANAIRINANL

La

u FeoglnalAesiu GBEST 71fin o Local Optima A3t GBEST fldlaeunazilumig

NanTEniNeAIAINUMANITANVDINIUNUBUNIANUAY GBEST o4 9@#iAn Local Optima
%

s@iunANAn Local Optima agAnin vililaiiiudd GBEST fhgas uaniinisidusingu
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Tyainnedadl GBEST laAsuudasannelu 100 iterations angUazifiuiiluuisadamdanms
Suvharulyal PSORE agglumdniiaindy GBEST 1 uslluvrsafandsnisBuntsvineulvgl
PSORE azglumeniugnit sauandlunsim

GBEST 2 fin53udn PBEST  wiilaifin1s51dm GBEST o 9miifia Local Optima
\uReatu GBEST 1 feumdsannnisnszaisounia a1 GBEST Atnazidudn GBEST iy
druiupnsnesening GBEST 2 AU GBEST 1 fie GBEST 2 agvinnsnanesiug GBEST il
n15n Local Optima sniftsadntesly 30 wWeosdusvedivenun aviuindefinisdy
vianulysl A1 GBEST 2 9zueias Tuvayfl GBEST 1 egilldiu w 9afifin Local Optima
uiiflosan GBEST 2 naneiusain GBEST wiw lallaldmadaluisuiieaty PSORE Fatfuen
AuNzaufiazAindt PSORE asiuldn GBEST 2 asfianfisty usliifintundanady
yhandlyaivi PSORE BausiAnaumenyaunes GBEST udsmasuvinulydagifudumnnita
A uinN939ud GBEST w89 GBEST 2 fiduiufiafislanviniu GBEST w qaiifin Local
Optima 3 70 Weldud 1lesanmhmsnaneiusifisadnifosiiios 30 Wosldud Mz
I mdaainisusieulael GBEST | 2 aggasedssinigy wazinavgasininiy Tuvmed
PSORE  9¢glum1anfl Local  Optima  sina 9 filaidustusruenfsias a1nnsmludaa
Evaluation Call Uszanas 1 &1 azifiudn GBEST 2 l#Aa GBEST finuides q ndwiniinns
Suvhaulvl auluflaelifnfiftuuazorainisdeuntaddy 30 FAdduldlad Aazidiud
GBEST 2 glumenlyilu Evaluation Call Uszana 1.5 a1u

GBEST 3 fins3uimie PBEST waz GBEST faifun GBEST fildudaannnisdusheny
Tmivzifudwesoymafiiiiidnanuminz auiiigandsainnisnateiug de9zvieein
GBEST a4 90fiAin Local Optima ogUszanal 20 Westdusd (Uszanuindiuwmiseyniafy
Fuamis GBEST i qafiiin Local Optira Serlndifssfiumnn) fedudloioutu GBEST 2 thy
GBEST 3 znatewusenn GBEST iRushumasiunseyniatiios 20 1Wesidus vausd
GBEST 2 naneiugan GBEST i 3afiAn Local Optima 30 iesidusvasduiuiifvanun
Fefuasfiuarnnsmine GBEST 3 udsnsSmhaulvsagiidfinduuslaiinnsi GBEST 2
uay PSORE  ndsannifudn GBEST dfasifuslasdnirlfeyaaindouiidimsiumis
Local Optima lnl Feffierniintunazasanlsiutuou IndiAesiu PSORE

dmsuisiinaus MPG-PSO fimsviaulndlfesiu GBEST 3 Aefinissidn PREST
uay GBEST dydusn GBEST fildasimilouity GBEST 3 Foldrumisiiifianuosoynmands
nsnaneiug usly MPG-PSO agiiwumisilunaneiugdn 30 wWosidud fevhlsnséum
Fnouniiedu feduazidiuiidn GBEST ndnsSuhanilusives MPG-PSO firaglusedu

WfeniU GBEST 2 usugnin GBEST 3 wleeanniin1sun GBEST wea GBEST 3 wnnanesiusse

]
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& O

80 30 Wostdudvasdruiudaninua anlunsivaziiuinludrureanisvinauyag

o A

Evaluation Call 2,500,000 wsn MGP-PSO 19A1 GBEST ‘ﬁm Nam

q

{9991n357nanuNsrNadiauAaeiuNIn Aslin1sisuvinnulnilaznisnaie
Wugeunaiu GBEST virlweyniasunisAuniluudialug welildrmifiy MPSOSM Al
nsvinulusuuifedty wilidounndrmdndeutseynineenlunaiengy wiaznquinig
% A& a W ! | ] = a . = ~ N ]
Aurdudaseraiuauniingulangunilsazhinly Local Optima 393ziin1siUdgua
GBEST woinguiiieilu GBEST woingudu wazaniiunisnszatgounia wazisuireuln

1 :J’ [ gj v 1% o < 1 1 a [y A = ' I
ngnguily daulagndnnisudinisinuisliuguieniu uilisaniinisuusosndu
wanengu iiudn slope lunisgidav Optima 4ndn @eanudutiosndn) anwsill slope
anagYad GBEST 41n11 ilasdindnuiuaunimsenguiidiuiutesas vinlulenianagmian
AnIditaras Asly slope N198A8339TIN11 UBNAINUUDNRAZENISAA Local Optima Tu
nawsing 9 1959%undn Evaluation Call 5 uausou usitlosainaA1 GBEST \Uuen GBEST ot
Uangu Juhlviuengunaneanain Local Optima A38N15AIU09 GBEST vaengudu auly

) &

figavnnaufia Local Optima MAeafiu A1 GBEST nnnauiaglaunalenug Aty o yauuf

3

€

v a

wiiuen GBEST utiad fasumtia Evaluation Call 1,300,000 %4 &4 iufin Local Optima

'
ada a

nnngu Jasuvhanulninnngundounu aziuin MPSOSM: Snaiiueigailaiisuiuynisa

neaesli Evaluation Call fitfosndn 2,500,000 usiliioifisd i Evaluation Call shsesdu
MPSOSM fiaemautduifiondu annswiiasdiulidndn MPSOSM i Local Search fius
ninisduidlesinimanengu Jelidruaueyniadengutiosni ualagsaudl Global Search
fniums1z MPSOSM. feeeymialy 22 dlsidulndifesiu GBEST 1 wagdini1 PSO fu

PSORE 110 uiaely Evaluation Call fiwezni

5.2 msnaassliudsumAmnsfinasang o fminegaueedds MPG-PSO

TuhdetlavinsmaaesUduidsuamisniinesse 4 vas3s MPG-PSO tiemAnd
Atgadmivilsiduilflunismnaeu Tasdmsdimesivhnimmnassdidselud d1 Local
Optima Threshold Tnenaaasszningdn 50 wag 150 sou lagA1 100 sau 1Buaildlunns
NABDINDUNRTN

Tnodndn GBEST liiamasis 50 sou afinmasuvieul lunsdlflindiandy
w§9ndl avilinsrhauiaanssdesdiiaulndvestu uinsdfidu 150 dlaeun
A1 GBEST sinlaifinsiAsuutamds 50 sou fazdsnaniiudu 100 souynadsiitnisie
Local Optima uenaniUssifiuvdndemaisuienliynadafidn GBEST laiAsuuuadly
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$inagdidnuiu Evaluation Call UagnitlunsdlilivedrAmney wiTiuIuilanduiinefneull
wasnd1A1 Threshold 150 wagA1 Threshold 100 agiaadimaunnleidy faudiureileidy

2¢14 Evaluation Call 47nn31@7 Threshold 50

M15199 5.5 NANISAUNIAINBUYBINS MPG-PSO  Taevin1siuaguan Local

Optima Threshold tUu 50 wag 150 Au&1AU

Threshold = 50 Threshold = 100 Threshold = 150
NO Function Evaluation Best Evaluation Best Evaluation Best
Call Fitness Call Fitness Call Fitness
1 Ackley 1,203,300 0 1,464,330 0 1,847,520 0
2 Griewank 241,170 0 257,310 0 476,820 0
3 Rastrigin 1,881,480 0 1,551,240 0 2,201,880 0
4 Rosenbrock 90,007,068 3.7E-29 4,701,030 0 838,770 0
5 Schwefel 90,022,296 236.588 47,182,200 0 90,018,832 473.465
6 Cosine Mixture 311,460 0 280,080 0 400,350 0
7 Exponential 203,760 0 332,340 0 421,770 0
8 Levy 1,213,710 0 3,557,190 0 3,372,480 0
9 Michalewicz 90,029,222 0.988799 55,380 0 90,074,370 0.993225
10 | Dixon-Price 1,237,860 0 3,690 0 458,760 0
11 | Step 43,230 0 54,330 0 68,190 0
12 | Schaffer 56,580 0 7,800 0 8,760 0
13 | Holder 5,250 0 630 0 20,910 0
14 | Beale 11,070 0 11,490 0 11,820 0
15 | Shubert 2,040 0 2,220 0 2,100 0
16 | Goldstein-Price 4,350 0 3,960 0 5,070 0
17 | Six-Hump Camel 960 0 630 0 1,050 0
18 | Sphere 4,324,740 0 4,244,760 0 4,237,470 0
19 | Parallel Hyper-Ellipsoid 4,313,460 0 4,414,080 0 4,308,690 0
20 | Rotated Hyper-Ellipsoid 4,301,520 0 4,142,010 0 4,224,720 0
21 | Cigar 4,353,300 0 4,216,170 0 4,424,460 0
22 | Brown 4,257,420 0 4,182,030 0 4,443,090 0
23 | Multimod 11,670,480 0 10,892,670 0 11,114,190 0
24 | Zakharov 90,020,385 6.02E-234 54,198,540 0 90,000,003 6.51E-166
25 | Trid 713,550 0 51,990 0 1,516,410 0
26 | Easom 9,270 0 6,090 0 5,820 0

r-zl' §f @ (3 o aa o a o v 6 o 1
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Tuaumlunungu 9 e uirisssideudunidlduinlaaindiunileifia Local Optima g
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uvAsasUasuiuwisluyniifvesiunuamzeluu1adia aunlananuinailuunneu

'
aaada 4 4

w1 fuvdaniinly Local Optima finagdlifigaunsiunusluunsdiangdenligndes auvaeu

nndAmdvan szwidudunisisunisdumivisazenalinudiney uwid duiudeuiisaus
ffuazduifndenvasugniazyiilinisdunniivu dwulunisvaassiifmeasnuaeu
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Woasidud Wy 10 waz 30 wWesidud suasu lnenisneassidazldivasidudnisnatewus

9

YIAWAUI GBEST Aaiicl 30 wasidus

PN & v & s & ° aa o Y  aa
I1NHITNN 5.6 T’USLW‘L!'J']ﬂ'Wiﬂa']EJWUﬁq 20 L‘U'E]iL"'quﬂsUaﬂ‘ﬂ']u’JuﬂJmVNﬁ@J@lViNaﬂVlﬁ@

q

Taedinisnaneiug 10 Wesidud fnavililiwedineulu 1 faidu Wesaindwiulia q
Wasuivesiull vauwalunspumIaaunii Tuvuziieinu 30 1Wosidud Alnanuweas
1 & @ 2 4‘ v 4 a o v Y q' o 1 |
N1 10 Wesidud tasannisnateiugunnifuluvilvdeasunisiaulvduazeasvgly

911 Local Optima By

A15797 5.6 NANISAUNIAINBUVDIIS MPG-PSO Tasvinn1silasurlasidudng

naNgRUSALLNEUNIARIA 20 Wastdud Wu 10 waz 30 Wastdud auaisu

9 q

NAENUSAILAL NATBWUSAILIL naENUSAAL S
o Ll 10 Wasidud 20 Wasldus 30 wWosidud
Evaluation Best Evaluation Best Evaluation Best
Call Fitness Call Fitness Call Fitness

1 Ackley 2,459,580 0 1,464,330 0 1,366,140 0

2 Griewank 267,180 0 257,310 0 284,550 0

3 Rastrigin 2,009,100 0 1,551,240 0 2,377,890 0

4 Rosenbrock 1,205,400 0 4,701,030 0 90,004,955 1.06E-28
5 Schwefel 11,999,820 0 47,182,200 0 90,027,210 1657.85
6 Cosine Mixture 336,480 0 280,080 0 352,020 0

7 Exponential 342,630 0 332,340 0 275,940 0

8 Levy 3,259,590 0 3,557,190 0 10,003,920 0

9 Michalewicz 201,930 0 55,380 0 301,740 0

10 Dixon-Price 640,680 0 3,690 0 855,780 0

11 Step 62,880 0 54,330 0 65,820 0
12 Schaffer 14,310 0 7,800 0 50,640 0
13 Holder 82,650 0 630 0 34,260 0
14 Beale 11,160 0 11,490 0 12,300 0

15 Shubert 2,430 0 2,220 0 2,760 0

16 Goldstein-Price 4,350 0 3,960 0 4,050 0

17 Six-Hump Camel 750 0 630 0 1,200 0

18 Sphere 4,312,530 0 4,244,760 0 4,402,290 0

19 Parallel Hyper-Ellipsoid 4,222,380 0 4,414,080 0 4,178,970 0
20 Rotated Hyper-Ellipsoid 4,336,590 0 4,142,010 0 4,343,700 0
21 Cigar 4,276,770 0 4,216,170 0 4,277,430 0
22 Brown 4,381,530 0 4,182,030 0 4,232,940 0
23 Multimod 11,442,990 0 10,892,670 0 11,102,340 0
24 Zakharov 90,095,815 1.5E-133 54,198,540 0 90,077,103 4.11E-179
25 Trid 4,142,550 0 51,990 0 1,269,330 0
26 Easom 8,250 0 6,090 0 7,410 0

3. veasdldsuesiduduassiuiudfvamuafivziinisnateiudsumis GBEST
lneiiloauniafineglu Local Optima uananldnisnaneiugueseun1auay Saunsaldnis
WaguAudawes GBEST wiedlednirlveuninimteunieanandunusiineglu Local

Optima 19 lunsmeassiazldivesidusinisnaeiuduassiunieoyninaaii 20 Waesidus
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AIuNaNITNAaIneuntl usazdsulesidudnisnateiuguassiunds GBEST 210 30
Wosidus 1Wu 20 wag 40 Wasidus auaisu

91151971 5.7 g mummiﬂawwuﬁma 30 Lﬂailﬂmm TYikas qm Aavilvilage
Optima lunnilanidu uenINHEaIeiEA Evaluation Call fignin

A15197 5.7 NANISAURIAINBUVD9IS MPG-PSO Tasvinn1silasuslasidudnisg
nagWug GBEST 310 30 wasidud 1Ju 20 uaz 40 wWasidud auaiu

NATEWUS GBEST nanewug GBEST NANBWUS GBEST
20 Wasidud 30 Wadidud 40 Wasidud
NO Function
Evaluation Best Evaluation Best Evaluation Best
Call Fitness Call Fitness Call Fitness

1 Ackley 1,823,550 0 1,464,330 0 1,411,440 0

2 Griewank 245,010 0 257,310 0 221,970 0

3 Rastrigin 1,708,680 0 1,551,240 0 2,127,180 0

4 Rosenbrock 5,039,790 0 4,701,030 0 90,077,892 2.47E-30
5 Schwefel 90,045,718 236.588 47,182,200 0 90,068,331 355.026
6 Cosine Mixture 358,770 0 280,080 0 398,040 0

7 Exponential 327,780 0 332,340 0 391,650 0

8 Levy 2,927,820 0 3,557,190 0 3,320,490 0

9 Michalewicz 83,490 0 55,380 0 138,330 0
10 Dixon-Price 3,480 0 3,690 0 3,660 0

11 Step 54,120 0 54,330 0 57,360 0
12 Schaffer 98,730 0 7,800 0 7,140 0
13 Holder 13,950 0 630 0 1,860 0
14 Beale 12,000 0 11,490 0 11,250 0

15 Shubert 2,400 0 2,220 0 3,510 0
16 Goldstein-Price 4,260 0 3,960 0 4,230 0
17 Six-Hump Camel 960 0 630 0 1,170 0

18 Sphere 4,294,350 0 4,244,760 0 4,312,770 0

19 Parallel Hyper-Ellipsoid 4,252,380 0 4,414,080 0 4,313,880 0
20 Rotated Hyper-Ellipsoid 4,393,050 0 4,142,010 0 4,329,840 0
21 Cigar 4,372,590 0 4,216,170 0 4,237,890 0
22 Brown 4,352,880 0 4,182,030 0 4.279,830 0
23 Multimod 11,019,480 0 10,892,670 0 11,271,600 0
24 Zakharov 90,057,818 2.86E-178 54,198,540 0 90,048,599 4.33E-164
25 Trid 151,200 0 51,990 0 92,970 0
26 Easom 6,480 0 6,090 0 7,590 0

53 vaasuUAsuiuvtsvasArAinauiafigaaindiunisge (0, 0) Tl
Aumiedu

desanlumsdumeineuagldiSues PSO Aelndousumisineulumeineuiia
fign warluszwimsdiaemneuiiiniifazgnivunaifiigaln wazvinisdumiluiFes
7 auniiaiidiaalidduugds nerdnudaduiléisnsvasuudasiunisoy nauas
fuvs GBEST au 99in Local Optima ImL'%EJmfﬂmiﬂawﬁuémawﬁ’%mﬁqaumﬁLLaz
GBEST aunmsmsnaneiiugegluguuuuvesnisguen 3 'mmuwuﬁauuul,aaﬂmmaﬂm Ay

BEJI‘LJGU'N [0.9, 1] YBIALA fﬂﬂuu?ﬂ”WM’ﬂﬂ'ﬁﬂa’]EJWUSR]”V]']IM@’]&G]@QIUL'ﬁ@EJ i V]ﬂﬂiﬂﬂ/lll
ﬂ?iﬂﬁ’]ﬁJW‘Uﬁq ‘\NﬂEJUSU’NL‘I/ill’]uﬂUﬂ’ﬁ‘Vi’Wﬂ?G]’e]“U“V]F’ﬂﬂ’W]EJ‘UL%NWWﬁZJVIEZIG]@gVIMWLmu\? 0, .., 0
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aatiulumIneaesilmeassdeudinauveswdazilandullalagNdiumus o, ..., 0 lagyiins
dould 25 wWoesiudves Search Space e lilvifneusgisumis 0, ..., 0 (snfpg 1t

#aiduin 1 ¥ Search Space og#l +1 §1iunUs Global Optima 8¢ 1, .., 1 NS
Wigwaunsvesilindudeuldegy 1, ..., 1.5)

= oA A al' ° 1 o Aaa ° |
1NH1T19N 5.8 ‘W'U'J']LllE]llﬂ']iL‘UaﬁJu@nLLV]UQGU@Q?YW’YW]@UV]@V@(’WQWﬂf?'nLL‘WLN@@I

(0, 0) U9 Upper Limit 25 Wasidus 35 MPG-PSO fiflsnduilanudmevey 9 Heidu
Wi luNsENaAnauaraammauly Evaluation Call Aieeninun WU Wandu Griewank
FHINUNTLUABUAIWAUINEADIS MPG-PSO 110 vilin1sAumlgiatinduunn wagluung

N5l (9 flandu) Amldasiae

Amauiiafigaainduntsqn (0, 0) Tune Upper Limit 25 wasidud

A1519% 5.8 NANISAUNRIATNBUVDIAS MPG-PSO 1aginn1siUagumiuavadnn

wWaesulums Upper Limit 25 %

lsifinns18au Optima

NO. Function
Evaluation Call Best Fitness Evaluation Call Best Fitness
1 Ackley 90,010,994 3.91E-14 1,464,330 0
2 Griewank 7,333,800 0 257,310 0
3 Rastrigin 90,013,749 6.96471 1,551,240 0
[ Rosenbrock 90,007,626 7.4E-30 4,701,030 0
5 Schwefel 586,950 0 47,182,200 0
6 Cosine Mixture 12,771,810 0 280,080 0
7 Exponential 90,026,745 4.44E-16 332,340 0
8 Levy 4,523,820 0 3,557,190 0
9 Michalewicz 61,350 0 55,380 0
10 Dixon-Price 90,292,020 505.169 3,690 0
11 Step 194,550 0 54,330 0
12 Schaffer 57,810 0 7,800 0
13 Holder 30 0 630 0
14 Beale 12,090 0 11,490 0
15 Shubert 2,010 0 2,220 0
16 Goldstein-Price 90,144,987 9.79E-09 3,960 0
17 Six-Hump Camel 30 0 630 0
18 Sphere 2,547,870 0 4,244,760 0
19 Parallel Hyper-Ellipsoid 1,045,950 0 4,414,080 0
20 Rotated Hyper-Ellipsoid 1,257,390 0 4,142,010 0
21 Cigar 3,540,810 0 4,216,170 0
22 Brown 90,141,316 3984.38 4,182,030 0
23 Multimod 90,161,482 1E+10 10,892,670 0
24 Zakharov 90,223,714 1E+10 54,198,540 0
25 Trid 89,940 0 51,990 0
26 Easom 5,760 0 6,090 0
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54 A15NAa9InUsEANSATWNISAUNIVRITURBUISNU LU ULBUnU

MPG-PSO uag IAC-PSO
Tuhideirfinnsandiemuausalunmsdumneuvestlgmileitumasg e
MPG-PSO uaz IAC-PSO  iflaw3euifisunanisnaassnmsmeisngauiianuesis 2 33
Tuflandu 2 18, 50 15 uag 100 4f
{lesaniia MPG-PSO uay IAC-PSO §i3Snsvdnidu PSO wileuifu uazdinisih
FBasudtlymnisin Local Optima sensEuvieulmiigudediu fe marianves
flaiFuiviinismeaey Inendmusatiuddslding 2 BuBsudisuiu

A1519% 5.9 AmnsfiwesildiuSeuiieu MPG-PSO fu IAC-PSO

WIFIALNDS A
uneunanldlunisnnaes 160
41U3U Iteration U89 IAC-PSO 150

SUIUATIVBINNTF A AL A Hendu 2 AR 384,000 Calls
AN Evaluation Call = (Jp + R¥*A) * e 50 8@ 9,600,000 Calls

9YN7A it 100 517 19,200,000 Calls

fasdy 2 97 300 s
Handu 50 AR 7,500 AT
WanTu 100 U@ 15,000 AT

FUIUATIVBINITYNY PSO TUTUNDULSN

A19197 5.10 waNIsAUKIAINUYaINenduIIATEIY 2 UA 6 MPG-PSO fiu
IAC-PSO

Function MPG-PSO *JAC-PSO
Name Evaluation Best Fitness Evaluation Best Fitness
Call Call
Easom 29,280 20,715 0
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A15799 5.11 Han1sAunIAINaUVanduNInIgIu 50 U6 d98 MPG-PSO fu
IAC-PSO

Function MPG-PSO *|AC-PSO
Name Evaluation Call | Best Fitness | Evaluation Call | Best Fitness

Griewank 292,448 0 496,470 0
Ackley 1,772,320 0 9,600,000 2.22E-14
Rosenbrock 413,344 0 9,600,000 4.91E-04
Dixon-Price 267,296 0 9,600,000 0.667
Trid 397,600 0 86,272 0
Zakharov 9,598,443 7.34E-127 9,600,000 1.45E-17
Rosenbrock No.1 9,599,963 113.819 9,600,000 137.558
Sum of Different 2,136,373 0 9,600,000 3.36E-40
Sum Squares 536,907 0 9,600,000 9.9E-44

A19797 5.12 HanIsAuAIAaUYBsHaduLIAsgIY 100 IR K28 MPG-PSO fu
IAC-PSO

Function MPG-PSO *JAC-PSO
Name Evaluation Call | Best Fitness | Evaluation Call | Best Fitness

Rastrigin 4,574,787 0 19,200,000 11
Griewank 534,784 0 1,165,967 0
Ackley 3,531,040 0 19,200,000 5.77E-14
Rosenbrock 1,504,288 0 19,200,000 2.27E-08
Dixon-Price 1,112,096 0 19,200,000 0.667
Trid 10,619,040 0 19,200,000 1.58E-05
Zakharov 19,198,523 2.38E-45 19,200,000 3.86E-10
Rosenbrock No.1 19,199,989 233.602 19,200,000 465.480
Sum of Different 10,355,627 0 19,200,000 2.83E-35
Sum Squares 636,533 0 19,200,000 7.44E-41

1NAN5197 5.10, 5.11 wag 5.12 ludiuvednisveasd 35 IAC-PSO  leu1ann
INe1INUSVRIUBATUTIA ASUIAN [10] IneAn Evaluation Call launainaunisi (5.1)

Evaluation Call = Preliminary + Generation * Iteration *Dimension (5.1)

1Ag01AIUINIAT Evaluation  Call  wosfendumtinAgnsauia 100 U@ A1
Preliminary h) 15,000, A1 Generation A® 7, A1 Iteration Aa 150 wazA1 Dimension A
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100 a¢lévinfu 15,000 + 7 * 150 * 100 = 120,000 Evaluation Call usiifiesarniduein
Evaluation Call siaunianiladi dauudesadldaunisi (5.2) Tunisauomn

Evaluation Call = (Preliminary + Generation * Iteration *Dimension) * Population (5.2)

TngdA1UIUMIAT Evaluation Call assilsnduadinAransvuin 100 IR aglawindu
120,000 * 160 = 19,200,00 Evaluation Call
NAITNNE 3 WUIIDNT MPG-PSO @ 13150AURIAIRUNATER LATURATURNg 9

11ANIkaL Y9N Evaluation Call daenin IAC-PSO 1Ha9annTumaulds IAC-PSO 1S

Aumuiazunulufiazdin JuihbildanlunsAumamneuuukasnasaniinissuriaulng
sgndululdgaisuduiy Judenailunismidimeulunsaiigafifia Local Optima

Tnadeganumnau
LINESERIES
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Best Fitness (log)

Evaluation Call
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10
Best Fitness (log)
-

500000 1000000 1500000 2000000 2500000 3000000 3500000 4000000 4500000
Evaluation Call
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-20

-25

-30

U 5.11 nymluansnisinauvesileddy Rastrigin #2838 MPG-PSO ayn1a 160

N3V 5.6 waz 5.9 lugruvssnaminisvaaes 38 IAC-PSO Isnaninendmusves
UEATAISIA ASLNA1 [10) 9adnansAdaeiile Tuflsddu Ackley a1 x 18 d4.5E+04,
A1y 10w -30.21 Tuiendu Rastrigin A1 x 10U 4.5E+04, @1 y 1Tu 3.829

N3V 5.7, 5.8, 5.10 WA 5.11 WansN159LY98 MPG-PSO azlkansnsisuninanu
Tvsishennsldqads o Evaluation Call MAnnsTaialv gaseeslusud 5.6 a 9aie
A1 GBEST reunisiduviienulyal fie 6.11304 fn GBEST wdsmsiSauvianloni fio 6.24716
o 9nfiA1 GBEST Aaunisisuhaulugl Ae 4.85801 ¢ GBEST wdsmsisuvhaulval Ae
5.10941

Tngannsmuansliiiufenismuiineuiiafian1asiinig MPG-PSO  Lilasann

aa = o

IAC-PSO HN15AUMAIRBUTNALLAUBAZNALIR FIVIALTIAIUIUNINALNUAINDUNANER
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4w e YDULUA dad . e o .
Yonandu X X ] NANEN | 3UIUIAR AEUNUR f(X)=0
ACKLEY X €[-32.768,32.768]" f(x)=0 100 Multimodal ,..,0)
GRIEWANK x€[-300,300]" f(x)=0 100 Multimodal (0,...,0)
RASTRIGIN xe[-5.125.12]" f(x)=0 100 Multimodal ©,...0)

ROSENBROCK x €[-2.048,2.048]" f(x)=0 100 Multimodal (1,.,1)
SCHWEFEL x €[-500,500]" f(x)=0 100 Multimodal (420.9687,..., 420.9687)
COSINE MIXTURE xe[-11]" f(x)=0 100 Multimodal (0,...,0)
EXPONENTIAL xe[-5.125.12]" f(x)=0 100 Multimodal ©,..,0)
LEVY xe[-5.12,5.12]" f(x)=0 100 Multimodal a,..1)
MICHALEWICZ x €[-65.536,65.536]" f(x)=0 100 Multimodal (2.20, 1.57)
DIXON-PRICE xe[0,PIT" f(x)=0 10 Multimodal (0,...,0)
STEP x €[~100,100]" f(x)=0 100 Multimodal (0.5,.., 0.5)
SCHAFFER x €[-100,100]" f(x)=0 2 Multimodal (0,...,0)
HOLDER x €[-10,10]" f(x)=0 2 Multimodal (-8.05502, 9.66459)
BEALE xe[-4.54.5]" f(x)=0 2 Multimodal (3,0.5)
SHUBERT xe[-10,10]" f(x)=0 2 Multimodal (0,..,0)
GOLDSTEIN-PRICE xe[-2,2]" (X)) =3 f(x)=0 2 Multimodal (0,1)
SIX-HUMP CAMEL xe[-2,2]" f(x)=0 2 Multimodal (0.0898,-0.7126)
SPHERE xe[-5125.12]" f(x)=0 100 Unimodal (0,...,0)
PARALLEL xe[-5125.12]" f(x)=0 100 Unimodal (0,...,0)
ROTATED X €[~65.536,65.536]" f(x)=0 100 Unimodal ,...,0)
CIGAR xe[-1010]" f(x)=0 100 Unimodal (0,...,0)
BROWN xe[-14]" f(x)=0 100 Unimodal ,..,0)
MULTIMOD x €[-10,10]" f(x)=0 100 Unimodal (0,..,0)
ZAKHAROV xe[-510]" f(x)=0 100 Unimodal (0,..,0)
TRID X [~100,100]" f(x)=0 10 Multimodal (—d?,d?)
EASOM x € [-100,100]" f(x)=0 2 Unimodal (0,...,0)
ROSENBROCK NO.1 x € [-2000,2000]" f(x)=0 50/100 Multimodal (1,..,1)
SUM OF DIFFERENT xe[-11]" f(x)=0 50/100 Multimodal ,...,0)
SUM SQUARES x €[-1010]" f(x)=0 50/100 Multimodal 0,...,0)
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Hardu ACKLEY 1Wuilearidunuy Multimodal lnggUvesilandufogy n.1 wagaunis

f v A
YIMINTUADANAT N.1

f(x) = —20exp(-0.2 %Zn:xf) —exp(lzn:cos(ani)) +20+e

N

fvpulunagluyie x e[-30,30]"
Agegnduysal Ao X" =(0,....0), F(X) =0

U n.1 Hlefdu ACKLEY

(n.1)
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e an¥u GRIEWANK
Haridu GRIEWANK tduflanduiuy Multimodal Ingsuvesilandudasy n.2 uay
AUNVRIHINTUADAEUNNS 1.2
2

fo)=>"" 4())(00 ll[cos(xi /i) +1 (n.2)

i=1

fveulmegluyie x e[-300,300]"
AgeERduyYsal A9 X" =(0,....0), f(x") =0
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e laA%u RASTRIGIN
Hardu RASTRIGIN tdudleniduuy Multimodal lngguvesilandumasy n.3 wag

Y

AUNSVRIHNTUARENNNS 1.3
f(x)=10n+>"" (x* —10cos(27x,)) (n.3)

fvouiunegluin xe[-5.12,5.12]"
Ageanduysal fie X =(0,...,0), f (X) =0

7

Uil 0.3 lefidu RASTRIGIN

Call
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e 9%y ROSENBROCK
Wandu ROSENBROCK 1duilarndu Unimodal lnpguvesilandufogy n.4 wagaunis

Y

Ya9landufaaunis n.4

£(x) = S 00(x,.; — x2)? + (x, ~1)?] (n.9)

fvouiuneglurig x e [-2.048,2.048]"
Agsanduysal Ao x = (L., f(x) =0

e

sU7 n.4 arfdu ROSENBROCK
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e lanyu SCHWEFEL
Hardu SCHWEFEL 1uilendunuy  Multimodal lneguresileidunosy n.5 uag

Y

AUNVDIHNINTU ApENNIST .5
f(x)=418.9829x n+ > (x, xsin(/[x,|)) (n.5)
i=1

fvpumagluyie x e [-500,500]"
AgaEnduysal A x” = (-420.96,..,-420.96), f (x") =0

— <3 :
SyEEs) AT

am
“m a0

sUTl 0.5 Aaridiu SCHWEFEL
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® lanyu COSINE MIXTURE
#Hadu COSINE MIXTURE 1duileariduiuu Multimodal lngsUvesitandunesy n.6

U

LAYANNSVRITNTUADENNNT 1.6
f(x)=-01xY" cos(mx)+ Y, x*+0.In (n.6)

fvouiwneglutig xe[-1]]"
ANFIFAHUYIU AB X" =(0,..,0), f(x") =0

sUT n.6 gy COSINE MIXTURE
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e lanyu EXPONENTIAL
e EXPONENTIAL tduilendunuyu Multimodal lnggUvesilandumogy n.7 uaz

Y

AUNSVRININTURABALNNT N.7
f(x) =—exp(-0.5Y x7)+1 (n.7)

fveumeglutie xe[-11]"
AEeandLYIal A9 X" = (0,..,0), F(X") =0

sUTl 0.7 s EXPONENTIAL
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o lendu LEVY
lafdu LEVY 1uileddunuy Multimodal Tneguvesilsidufiogy n.8 uazaunisves

Wandupeaun1s n.8
f (%) :sinz(nwl)+df‘(wi —1)2[L+10sin? (aw; +1)]+ (W, —1)2[L+sin? (22w, )] (n.8)

i=1
X =1 foralli=1...d

w, =1+

fvouiwnegluie x e[-1010]"
AgeanduYsal AD X" =(L..1), f(x') =0

i
i
’|' i

|
fffi

i

fix1,52]

sUT n.8 Haddu LEVY
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Wiy MICHALEWICZ
lardu MICHALEWICZ WJuilafduiuy Multimodal Tneguvesileddufiogy n.9 uas

AUNSVRININTUADANNNS N.9

f(x)= —iSin(Xi)Sinzm (ﬁ) ")
i=1 a

fvauiwnegluiie x e[0,7]"
Angeanduysal e d =2: f(x") =-1.8013, X" = (2.20,1.57)
d=5: f(x") = -4.687658
d =10: f(x") =—9.66015

W

i

i
\

fl1.x2)

f

U 0.9 fleddu MICHALEWICZ
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Wany STEP
flafidu STEP WUuiladduwuy Multimodal Ineguresitandufiesy n.10 wazaunis
Yaelandufaaunis n.10

F)=>"" (1% ]+0.5)° (n.10)

fiveutwneglugae x € [-100,100]"
AEeARdLYIl AD X" = (0.5,...,0.5), f (x") =0

e
“".‘tﬁ.’o‘p‘;“ W

.
oA L

U n.10 eridu STEP
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e lan¥u SCHAFFER
flaridu SCHAFFER 1uilsdduwuy  Multimodal tneguvesilsidufiogy n.11 uay
AUNVRIHINTUARENNNS N.11

sin? \x? +y® -0.5 (n.11)
(1.0+0.001x (x* + y?))?

f(x)=05+

fvpuunagluyie x e[-100,100]"
AgsanduYsal D X" =(0,..,0), f(x") =0

sUfl n.11 Heridu SCHAFFER
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® Wanvu HOLDER

laridu HOLDER WJuilesfduwuy  Multimodal Tneguvesileddufoy n.12 uas

AUNSVRININTUABALNNT N.12
(n.12)

X2 +x3
T

(- )

f (x) = —sin(x,) cos(x,)e

fvauiunegluie x e[-10,10]"
ANGUERFNYTOI AD X" = (8.05502,9.66459), f (x") =—19.2085
X" = (8.05502,-9.66459), f (x) = —19.2085

X" = (~8.05502,9.66459), f (x) = —19.2085

X" = (~8.05502,-9.66459), f (X) =—19.2085

Holder Table Function

fiwl 32)

M)

-0 -0

5Ufl n.12 #eridu HOLDER
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o ileridu BEALE
lardu BEALE 1uilsdduwuy Multimodal Tneguresiladdufiogy n.13 wazaunis

Y

Ya9lanNduABENnIg n.13
f(X) = L5—X +XX,)* +(2.25— X, +XX5)* +(2.625— X, + X,X3) (n.13)

fvouiunoglutiie x e[-4.54.5]"
AgsanduYsal AD x* =(3,0.5), f(x") =0

flfﬂ;"lﬂl"#
hilideh
u,r:,,ﬁ,?_ﬁo_,,{

i
it

U n.13 e BEALE
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e lan¥u SHUBERT
Harids SHUBERT wuilandunuy  Multimodal lnegUvesilandupiogy n.14 uag

U

AUN15VIHeNTUARENNTT .14

(n.14)

f(x)= ii cos((i+1)x, + i)(ZS:i cos((i+1)x, +1)

fvouiwnaglutie x e[-1010]"
Agaanduysal Ae f(x") = -186.7309

sUf n.14 Harfdu SHUBERT



59

® laA%u GOLDSTEIN-PRICE
laridu GOLDSTEIN-PRICE 1fuileridunuu Multimodal tneguvesilsidumogu n.15
WALAUNITVDININTUABALNNT N.15

f(X") =1+ (X + X, +1)? (19 —-14x, +3x7 —14X, +6X,X, +3%2)] (n.15)
x[30 + (2%, —3X,)* (18 — 32X, +12X? + 48X, —36X,X, + 27x5)]

fvouiwnaglutie xe[-2,2]"
Agsanduysal Ao x =(0,0), f(x") =3

fx1.22)

5Ufi n.15 #eridu GOLDSTEIN-PRICE
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o sy TRID
lafdu TRID 1Juilsdduwuy Multimodal Tnaguvesilsidumosy n.16 uazaunis

Y

Ya9landuAaaNnIs n.16
d d
) =D 061> =D xx, (n.16)
i=1 i=2

fvouiwneglutie xe[-d?,d?*]"
AasanduYsal AD d =6: f(x7) =3

d=10: f(x") = —200

5l .16 e TRID
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® lanyu SPHERE
Wandu SPHERE 1duilandu Unimodal Ineguvesilandufiogy n.17 wagaun1sves

Y

Handumeauns n.17

f)=>" x (n.17)

fvouiwnegluiie x e[-5.12,5.12]"
Agegaduysal Ao X =(0,...,0), f(x") =0

sUT n.17 Haidu SPHERE
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® landu PARALLEL ELLIPSOID
lafdu PARALLEL ELLIPSOID \Juilsfduuuy Unimodal Taeguvesilsidufiosy

.18 LarauNISYRINaNTuADaNnI1s n.18
f()=>" (ixx7) (n.18)

fvouiwnegluiie x e[-5.12,5.12]"
Agsanduysal Aie x" =(0,...,0), f(X)=0

ohjedive value

variable 2

variable 1

sU# .18 Haridu PARALLEL ELLIPSOID
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® andu ROTATED ELLIPSOID
Wandu ROTATED  ELLIPSOID 1Juilefdunwuu Unimodal Tnaguvesilaidupasy

.19 LaraunNIsYRaNanNTuADaun1s n.19
F)=2L0Q %) (n.19)

fvpulunagluyie x e[-65.536,65.536]"
AgeanduYsal A9 X" =(0,...,0), f(x) =0

15000

10000

S000

ohjedive value

variable 1

variable 2

sUdi n.19 fleiidfu ROTATED ELLIPSOID
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e anvu CIGAR
Wand CIGAR 1dulandu Unimodal I@agﬂmaaﬂaﬁ%’uﬁaiﬂ 1.20 WATAUNITVDY

Y

Handumaauns n.20

N
f(X) = x5 +10°> " x? (n.20)

i=1

fveunagluyie xe[-1010]"
Agsanduysal Ao x* =(0....0), f(x) =0

sUf n.20 eridu CIGAR
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o sy BROWN
wandu BROWN Juiladdu Unimodal Tagguvesilandufiogy n.21 wazaunisves
Hendumeaunis n.21
£00 = 200 " + ()] (n.21)
fvouiuneglutie xe[-14]"
ANgaERdIYTHl AD X =(0,...,0), f (X') =0

sUil n.21 #aridu BROWN
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e laA%u MULTIMOD
wandu MULTIMOD +Juilaridu Unimodal Tneguvesilesidufiogy n.22 uazaunis
YaelandufaaunIg n.22

FO)=>7 1% Ix[TI%| (n.22)

fvauiunegluiie x e[-1010]"
ANEREAENYIA AD X" =(0,...,0), f (x") =0

sU#l n.22 Warddu MULTIMOD
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e lan¥u ZAKHAROV
Wandu ZAKHAROV Juilaridu Unimodal Tneguvesileddufiogy n.23 wazaunis
Yaelandufaaunis n.23

100= 30t + 13 0T + (X g 0T (n23)

fvouiunaglutie x e [-510]"
AasanduYsal A9 x* =(0....,0), f(x) =0

Zakharow Function

UM .23 Wendu ZAKHAROV
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e ilsndu EASOM
Wandu EASOM tJuilsfidunuu Unimodal Tneguvesileddufiogy n.24 wazaunis

Y

Ya9landufaauns n.24

f (X) =—cos(x,) cos(x, ) exp(—(x, — ) —(x, —7)?) (n.24)

fvauiunagluiie x e[-100,100]"
AasanduYsal A9 X" = (7, 7), f(x") =—1

fx1.mE)

- 20 20

5Uf n.24 fleidu EASOM
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Wan¥u DIXON-PRICE
Wandu DIXON-PRICE (duilariduuu Multimodal Ingguvesflaidupiesy n.25 uay
AUNSVRININTUADANNNS N.25

00 =05 D)2 + 22X = x,1)? (n.25)
i=2

fvouiunaglutie xe-10107"

AEeanduYIal AD £(x) =0

Y

Dixcon-Price Function

L
lmnumum%}%“‘I%
t-.mm' 'ahmﬁm
iy

%1

5Udl n.25 Haridu DIXON-PRICE
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Wangu SIX-HUMP CAMEL
Wandu SIX-HUMP CAMEL 1Juilandunuy Multimodal lngsuvesilandufagy n.26

U

LAYANNSVRITNTUADAENNNT .26

4

f(X)=(4—2.1x12 +X?1]xl2 + X, X, +(—4+4X§) (n.26)

fvouiunaglutig xe22p

(% L3

AENAndNYTal AD f(x)=0

Y

SixHump Camel-Back Function

sUfi n.26 flerdu SIX-HUMP CAMEL
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The use of Global Best position in rerun of particle
swarm optimization

Varothen Cheypoca, *Kritawan Siriboon, Boontee Kruatrachue
Depariment of Computer Engineening, Faculty of Engineermg
Eing Mongkut's Institute of Technology Ladkrabang
Bangkok, Thailand
E-mail: warothonihotmail com, *Comresponding Awthor: kritawan si@kmitl ac.th, boontee kr@kmitl ac.th

Absract— This paper studies the nse of particle best position
{GBEST) in rerun when particle swarm optimization (P50 traps
im local optima. Beinitialize particles positions are often nzed to
restart P50 to get better resulis when trapping in local optima.
This paper proposed the use of GBEST to further force particle
movement out of previous local optima instead of only reset
GBEST. The proposed method is tested om 26 benchmark test
functions with satisfactory results.

Eeywords—component; parficle nwarm opamizedon; GREST;
Reimirialize;

I INTRODUCTION

PSO has been wndely used v many ophimiration problems.
The man disadvantage i1s the “trapping in local optima
problem”, where all particles posihon very closed to GBEST
position with hitle movement and capnot further improve the
GBEST. To awoid this problem, many researchers [1], [2] trv
various methods such as mmlti-swarm, rerun and changing PSO
position update equation This paper focuses on the remun
method where P50 repeats mumming the same problem again
with different starting positions in each mm. To increase the
chance 1n findmg better optima, many researchers trv to
reinitizlize particle shightly near 1t= trap position instead of a
new random positon This idea has been wndelv wse 1
mutation step in Genetie alzorithm. This usually works well if
the trap position is mear optima position In most of s
dimension.

To start another mm with widely random diversity of
position may mcrease the chance of finding new optima but
there is no guarantee that it will comverge to a new ophma.
On the contrary, the previous trap positons may have some
dimensions 1o the optima posiion. Hence, the mew position
should diversity emough to avoid converging to the same
optima and at the same tome not throw away the correct parts
(dimension) of the trap solution. Te lomt the search space and
tmme, this paper also propese the use of mutaton from particle
trap position along with the mutation of GBEST to firther
increase diversity of the next run. This paper study the use of
various GBEST: consists of GBEST at the trap position
(no reset + no repo), GBEST fiom the new muted particles
positions (reset + no repe), mutanon of the trap GBEST
(no reset + repo) and mutation of the mew mmted particles
positons GBEST (reset + repo).

978-1-5386-4956-5/18/231.00 ©2018 IEEE

Thiz paper orgamzed into 5 sechons. Section 1 13 this
infroduction. Section 2 explains related works. The proposed
method 15 explamed in Sechon 3 and 1ts experment companng
to other method is Section 4. Section 3 is the conchision

II. RELATED WORKS

A. Particle Swarm Oprimization (P50)

Particle Svwarm Ophmuzation developed by J Eennedy and
R Eberthart, 1995 [3], [4]. It 1= inspired by the behavior of bird
flock or fish school. The member of the population i PSO
called particla. It finds a solubon m a search space by moving
particles around the search-space accordmg fo from particle’s
cmrent position and velocity. Each particle's move toward their
best seen position (PBEST) and global best pesibon among all
particles (GBEST). GBEST will be updated 1if batter posthons
are found by any parficles.

xplt+ 1) = x (B} + w(t+1) ()]
vyt + 1) = (8} + o (m — ()R, + clg —x(t)R: (D)

x)t) and vt} are parficle’s posiion and particle’s velocity
of particle # at tme ¢. ¢ 15 an inertia weight between [0, 1]. ¢
and c7 are acceleration constants. B and B; are umiform

random number between [0, 1]. p; 1s FBEST. g 15 GBEST.

B. Modified Parricle

{PSORE)

The PS50 13 modified to reset GBEST and reinmitialized
particle posibon when PSO trap i some local optima for some
number of iteration. This may belp P50 to converge to other
lacal optima since GBEST 15 resef and all particles are random
to the new start positions wathin the search space.

O Improving Multi-Swarm by Slightly Muration Particle and
GBEST af Stuck Swarm Along with Randomly Selecting
GBEST af other Swarm (MPSOSM)

Improving Multi-Swarm by Slightly Mutaton Particle and
GBEST of Stuck Swarm Along with Fandomly Selecting
GBEST of other Swarm developed by Chengklunted,
Ematrachue and Smboon [5]. MPSOSM use multi-swarm of

Swarm  Oprimization with Rerun
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PS50, When a swarm 15 trapped, the particle 15 shghtly muted
from cwmrent posibon and GBEST 15 set to GBEST of other
random swarm. If all swarm trapped 1n the same local ophma,
each swarm will has 1ts particles and GBEST muiation from
thewr cwrrent position.

IOI. PROPOSED METHOD

The proposed method starts with normal PSO update
equation and menitors GBEST improvement. If it has no
improvement for some consecutrve number of iterations, P50
will start the next run with the alter parhcles posthons and
GBEST. The GBEST of previous mm 15 used to mfluence the
updated muted pesition of particles as defined in update
equation of PS0. This miroduces more drversity mn searching
since particle posiion and GBEST may have mutation in
different dimension. The details of the alzorithm are m Fig 1.

Ixitial & poadtoms{)

:!; Wik mumber of Bemation = MAY_ilation):

i3 Updato particles pesitions X[ ],PBES'[']D GEEST(] using normal PSO
(%] K GREST unchanged for Maxl

(&3] meset GEEST
i maset PEEST of 21l F
() randomby partat pmu:ln positions by EQY3] for 20 of ity dimensions

and updass PEEST]] azd GBEST]]

@ Sot CBast]] o randumly phats GBest]] BQ[E] dor 30% of all dimension
Fiz. 1. Psendo Code
x = Hx 2 (0.9 + (0.1 %R @
g = (g = {09+ (0.1 x R)}) )

x; 15 posttion of particle % R is uniform random number
between [0, 1]. g15s GBEST.

There are 4 choices of GBEST:

1: GBEST of the trap posthon of previous run {omit hine 5
execute lne &, 7 and skip line 3). Even though GBEST can be
changed due to line 7, but 1t umually not due to the fact the
random mutztion poaten normally has mfener fitmess m
comparmg to previcous GBEST at the trap position.

2: Muted GBEST of the trap position of previous run {omit
lme 5 execute hne 6, 7 and lime 3). GBEST as of case 1 1=
further muted in line 8.

3: GBEST of the muted parheles posihons (execute line 5,
6, 7 and skip line 8). Since GBEST 15 reset in line 3, the new
GBEST will be from the best muted parbcle posibons of the

previous mun in line 7.

4: Muted GBEST of the muted particles positions (execute
lme 5, 6, 7 and hne B). GBEST as of case 3 is further muted m
lme 8.
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Trap Position After Muted
w GREST[4)
Mute + GBEST(3)
+ + n t
+ XaBEST|) ! !
+ AT . +
Mute !
3 GBEST]Z)

Fig 1. Pamicle and various GBEST at Trap and muted Position.

Figure 2 show all cases of GBEST used in the proposed
algonthm. Fig 2 left side shows a swarm traps in local optima,
all particle positions (+) and GBEST (x) position 15 almost the
same in all dimensions of the search space. There 1z GBEST(1}
of the rap posthon piciure m the center among all particles.
GBEST(2) 15 the mutation of GBEST(1) m 30% of all
dmensions of GBEST(l) posthons. Fig 2 nght side shows
particle position after the mutation of all parficles posibons for
20%% of all 1ts dimensions from Fig 2 left ide. After mmatwn,
each pariicle distnbute wider in the search space in comparing
to Fig 2 left side. GBEST(3) 1= the best position among all
particles after mutation (excluding GBEST(1)). GBEST(4) 1=
the pmtation of GBEST(3) in 30% of all dimensions of
GBEST(3) posifions.

The algorthm performs differently on each case
Mermally GBEST of choice 1 (the previous trap position) is
better than most muted particles positons and will attract all
particles moving toward 1. Dunnz the mowve, if a better
position 15 found. there will be a new GBEST and the swarm
escapes the trapping and move to another local optima. On the
other hand. if no better GBEST found the swarm will end up
trapping o the same posihion before the trap. The rerun
alzonthm keeps reposition GBEST and particles after sach trap
articipating a better position.

GBEST of choice 2 also starts wath GBEST of the trap
pasttion but muted for 30% of 1ts dimensions. Smee number of
dmmension muted (30%) 15 more than those of particle position
[20%), GBEST wall usually bas worst posihon than many of
particles positions. But since it 15 set as GBEST, it wall attract
at least one parhicle to move w1t dwechon. And if the fitmess
of thai particle after updated is less than GBEST, thus GBEST
will also influence another paricle movement untl the new
GBEST 15 found. In any cases, since both the mute GBEST and
GBEST of mute particle position 15 worse than the GBEEST of
the rap posibon; 1t 15 less likely (than case 1) that the swarmm
will trap at the same GBEST before rerun.

GEEST from choice 3 starts with GBEST of the muted
particle position. There 1= no direct influence from previous
GBEST from trap posiﬁun_ Smece number of muted dimensions
of particle position is 20%, the search drversity is lass than casze
2&4

The last case, GBEST from choice 4 15 the GBEST from
choice 3 and muted for 30% of all dimensions, thos will
infroduce more diversity to atiract each particle. It wall only
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influence some particles until the new GBEST is set as in case FUmCTION | BO0 e BES T GBEST GRESTINGREST 4,
o : . ) : NANIE BC EC [d EC 18
2, which 15 quite possible since GBEST start in the worst [RIEY TR {WOCTTLRR] IO
o - WIEWARE 1 N, [N M0 TN -7l
posifion than most pmclﬂ. PR TFoCEN 5,0, [N 1,551,248
A XK | 900, PLAK] &a 23, T 0 4, o] sy
| 0,7, T, I 3
r
XPERIMEN
V. E T 30 R
. e
A Benchmark Test Functions T ;.z%
., T
Thiz proposed algonthm 15 tested wath twenty-six A IWQ
benchmark test functions [6], [7] a5 shewn m Table 1. T 7,
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E. Experiment zetup T 1

The results of proposed algorithm with various GBEST are
compared with PS50, PSORE, MPS0S5SM. GBEST(1),
GBEST(2). GBST(3) and GBEST(4).

The walue of ¢; and ¢ are both 1.496180. co 25 0.729844,
The number of particles 15 30 particles. MPSOSM has 2
swarms with 15 particles mm each swarm. The mammum
mumber of generations 15 3,000,000 generations. The number
of expenments of each funetion 1= 5 mms.

C. Expertiment Results

TABLED  COMPARATIVE RESULTS OF P50, PSORE, MPSOSM.
GBEST(1). GREST(Y). GBEST(3) AND GBEST(4)

b B Beat Fibacas Vilus

From the above TABLE II. PS5O can only find optima
solution in 3 out of 26 test fanetions since PSO trapped m
local optima until it reached max iterations. PSORE that rerun
iz every trap with new random position helps escaping from
local optima for 2 more test functions. Mult-swarm MPSOSM
locates opima m 22726 test fumctons. GBEST(2) and
GBEST(4)} find global optima m all 26 functions and
GBEST(4) locate global optma mmch faster than GBEST(2)
in most test funchions. GBEST(1), GBEST(3) both bas po
further mutation of GBEST. They can’t find local optima in 5
and 3 of 26 test funchions respectively. Ths results suggest the
use of firther mutation of GBEST 15 necessary for locate
optima point. GBEST from trap pesiton has higher number of
evaliation function call and number of optima point miss than
thoze numbers from GBEST of mmte particles positions.



PR
| |
i
i

il

Fiz. 3. Function Rossnbrock

B
T

Fiz. 4. Funciion Rosenbrock with scale Evaluation Call = 5M

Fig. 3 and Fig. 4 show the convergence of GBEST of
Rosenbrock funchon. The M-axis 15 tme express in number of
evaluaton fanchon call m molhon. The Y-axiz 15 the GBEST
m log scale. The abruptly chanze of GBEST express m
vertical line mdicate the point that trapping ocewr and GBEST
at the trap has been modified P50 has no vertical line since
there 15 po rerun. GBEST(1) also has none dus to retaining use
of GBEST at the trap posthion and only mute parbicles. All the
algorthm perform the same untl the first trap in lecal optima
occur since all base on PSO (except MPSOSM that use mmit-
swarm). Onoly GBEST(2) and GBEST(4) reach optima for thus
funchon, but GBEST(4) reach much faster after 11 renums.
This faver the use of GBEST from best mutate particle than
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the GBEST from trap posithon which has more diversity
further away from GBEST at the trap. This 1s shown in the
graph, where mmted GBEST from muted particle has mmuch
less fitness (vertical line taller) whale the muted GBEST from
trap has shorter vertical lime.

V. CONCLUSION

This paper proposes the use of rerun to avoid tapping m
local optima of P50. From the expenment, PSO with random
mrfiahize of particle has very hittle improvement (2 funchons)
over PS0. Mult-swarm with rerun, GBEST(1) and GBEST(3)
perform much better (only 3 to 3 funchons miss). GBEST(4)
and GBESTI(2) with ote GBEST locate global optima i all
test fanctons. Hence, further mutation of GBEST 15 pecessary
along with the particles mmtation for rermn
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