& P ¥ o [ N A =2 ¥ i ¥ o N o N
wnanstuenansianubidmiunslsnuiionsfnviniu lweygslniluldssloguaiunise

lunnsallag Msdu nvamudlndaudasilont uagnetedatuavetenarsynasminisiluly



[y} v = Y U =) Y
msdSudyamsmauminzasiiganuungueymalaslFmsiseuuuy

Q' Jd o 1 d'dd'
INNUASIABHNIDYAUVINUHUINANT A

IMPROVING PARTICLE SWARM OPTIMIZATION BY USING
INCREMENTAL ATTRIBUTE LEARNING AND CENTROID OF

PARTICLE'S BEST POSITIONS

d
AIUIIAN AN

SORNNARONG SRIMAKHAM

a2 U A

%mﬁwuﬁﬁzﬂudmﬁﬁwmmsﬁnmmuﬁé’ngmﬂ%@nyamnﬁumamuﬂmmm
MAINININITIUABNN AN
AuZIAINIINMENS
amDunalulagnszoeunauNgUNIsaIAN sz 13
N.f1.2561

KMITL-2018-EN-M-070-017



IMPROVING PARTICLE SWARM OPTIMIZATION BY USING
INCREMENTAL ATTRIBUTE LEARNING AND CENTROID OF

PARTICLE'S BEST POSITIONS

SORNNARONG SRIMAKHAM

A THESIS SUBMITTED IN PARTIAL FULFILLMENT
OF THE REQUIREMENT FOR THE DEGREE OF
MASTER OF ENGINEERING IN COMPUTER ENGINEERING
FACULTY OF ENGINEERING
KING MONGKUT’S INSTITUTE OF TECHNOLOGY LADKRABANG
2018

KMITL-2018-EN-M-070-017



COPYRIGHT 2018
FACULTY OF ENGINEERING

KING MONGKUT’S INSTITUTE OF TECHNOLOGY LADKRABANG



& P ¥ o [ N A =2 ¥ i ¥ o N o N
wnanstuenansianubidmiunslsnuiionsfnviniu lweygslniluldssloguaiunise

lunnsallag Msdu nvamudlndaudasilont uagnetedatuavetenarsynasminisiluly



Y a a d [ 1 ~ [ 9
VD INENUNUS Msdivlgamamaumnzannganuunguoyma laglsms

~ 9 = 4 ° T AA A
Liﬂuglluutwullﬁzﬂﬂlmucﬂﬁﬂﬂﬂmﬂ\iﬂ“!’ﬁuqcﬂﬂﬂqﬂ

AN WIBATUTIA ATHIAY
stiadsz1 59601090

USyan IINTTUAAATUNTUNN
GARPLA JenssuneuIme

N.el. 2561

A (= a a J = a ~ @ a
01%1§ﬂﬂﬂiﬂﬁ13ﬂﬂ]uwuﬁ Ifl. AT.LNYIANA IRYITUITUSNY

UNAAEID

ms‘nm'uwmzﬁmﬁqmmummumﬂ (Particle Swarm Optimization, PSO) Ao

q q

] ]
aAaA

[ AR A 9 o ] du = 9 aa
aaﬂai‘wwmmﬁaﬂummgmuwwmﬁmEN171%ﬂsvumﬂizﬂaullﬂmmmﬂmqmawwm

aQ

D.

]
A

] < o o o
(Local Optima) 8613'159m1% PSO danatlszanilamn fe PSO azvinulfeniuiionandull

Re

Py v
[ =X o

o 9 A o aa A =1 a A o ’q 9
ANV UFOUMASUITUIUNANUUINYU ITUIVYUIIUT PSO N1wwu11ﬂ6ﬂ15ﬂ3$Qﬂﬁ1%ﬂﬂ
J 2 ) o . . 1
qmmsﬁﬂuigmmwu (Incremental Attribute Learning Strategy) FusuaTanilaves nguy
4 { { [ 4
PUNIA HAZNITHIFAIFUNTOHA (Centroid) 31NYANANGAVOIDUNIANNAD (GBest) 1D

= = A ~ . =< ] Y o AA ~ Y a
NanNgIYIAANTARNNIEN (Local Optima) %QNﬂWUllﬂiuﬂQﬂsﬁu%Ni]ﬂﬂ‘ﬂﬁﬂlmﬁliﬂ (Global

J o o Jo y
Optima) 11AN31 1 9@ (Multimodal Function) 39 l8vh1msnaaseniilanduinasgiunsvua 14
do o A A 4 v & a 1 { '
Wandunay 3 Wendwnnay wenlSeufounadansanisnsiA g auAgaLuUNgy
oyMALNA (Conventional PSO) 11AZIUITIMTMIAINMANT TUNFALUDNGUOUNARIINTS
i3 Eluj’: SINTAREY (Incremental Attribute Based Particle Swarm Optimization, IAPSO) WaN1INAADA
Y I Y a SR o 1 [} ) ~ ELY [
paaslimundanesnuans o ludruvesnnuuiud wazanuades lulansudin
Tvig) ienfFeumeunumsinuvuzauigauuungueyn AU ulna (Conventional PSO)

Hag WITIMIHIMNHIZANNFALUDNGUOYNIARINTITOUSUUUINY (Incremental

Attribute Based Particle Swarm Optimization, IAPSO)



Thesis Improving Particle Swarm Optimization by Using Incremental

Attribute Learning and Centroid of Particle's Best Positions

Student Mr.Sornnarong Srimakham

Student ID. 59601090

Degree Master of Engineering

Program Computer Engineering

Year 2018

Thesis Advisor Assoc.Prof.Dr.Kietikul Jearanaitanakij
ABSTRACT

Particle Swarm Optimization (PSO) is a powerful algorithm that can search a solution for
a function which contains a large number of peaks and valleys. However, PSO might encounter a
difficulty when the function gets more complex or the number of attributes (dimensions) grows
larger. This thesis proposes a modification of PSO by using the incremental attribute learning
strategy for half of swarm along with the centroid of particle’s best positions to avoid the local
minima which can easily occur in a multimodal problem. The experimental results from 14 standard
benchmark functions and 3 extra functions show that the proposed method can improve PSO in
terms of optimality and stability when compared with the conventional PSO and another

incremental attribute-based PSO from a most function.
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®  Inertia Weight: w = 0.72984
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- Function Evaluation Times AUMNNIHUA
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5.3.7 W4 ﬂa“ﬁju Generalized Modified Rosenbrock's Function No.01
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Wan¥1 Michalewicz 300g111/521AN Steep Ridges/Drops Inslianbazadenuniimiay

Y o A J Y LAY 4 ) 2 DR} an {
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5.3.9 WaA%U De Jong N. 5

x2

%1

51 5.11 WanHu De Jong N. 5 [9]

a o
M3199 5.9 WN%U De Jong N. 5

Dimen Global | Proper
Function Equation Range
sion minima ties
De Jong
Fx) = (0.002 +
N.5 ) _1
25 .
izli+(x1—a1i)6+(x2—a2i)6) » where 9 [-65.536, 0.998 multi
65.536]" mode
ﬂ_(—sz -16 0 16 32 -32 .. 0 16 52}
“\-32 -32 -32 -32 -32 -16 .. 32 32 32
|

v [ [}
Wan%U De Jong N. 5 990glutlszinn Steep Ridges/Drops 1agazznoua189a Local
. dy LY dy = s )=\ aa 1 3’1 A
Optima ¥a1839 UenaInUManFutvz UosAlsznouiiied 2 Tamiy 310 5.11 azuaaanIn 3

UAUINaATY De Jong N. 5 516a288AMINABINIATU De Jong N. 5 A9A13199 5.9




5.3.10 W4 ﬂi];"u Easom

514 5.12 Wari%u Easom [9]

A19319M 5.10 WINFU Easom

Dimen Global | Proper
Function Equation Range
sion minima ties
Easom
f@) multi
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5.3.11 MaA%U Trid

1 .22]
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sif 5.3 Wanyu Trid [9]

919N 5.11 Wanau Trid

4 4
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Dimen Global Proper
Function Equation Range
sion minima ties
Trid
4 < D(D+4)(D 1ti
- - | multi
f&) = Z(xi -1)? - Z XiXi-1 | 50/100 | [-D’,D’]”
i=1 i=2 1)/6 mode

Jo o ' o ] 1 <
Wandu Trid 3n0glulszian Bowl-Shaped Tagdnumzazadonutienoududeuaniios

Jo f o 1 1 o o an ! aa J v
Wansutivz Nvouwanazaigaviuegnusiuiuiia Jia 5.13 szudaanin 3 dnveslandu

Trid 51982B0ANMINAADININTY Trid AIN1T19N 5.11
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M3199 5.12 ﬁﬂﬂiﬁ! Sum of Different Powers
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Global | Proper
Function Equation Dimension | Range
minima ties
Sum of
d ] b multi
Different f(x)=2|xi|”'1 50/100 | [-1,1] 0
— mode
i=1
Powers

LY @ 1 @ o
WIA%YU Sum of Different Powers %ﬂ’e)g”luﬂizmw Bowl-Shaped TasdnyazazAaIenUSIY

9 1
HUUAININ qﬁj‘ﬂ‘ﬁ 5.14 BSUTAININ 3 M@]"U’ENﬁQﬂJGIfu Sum of Different Powers 51802108AN13
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5.3.13 WanTU Sum Squares
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3197 5.13 WINFU Sum Squares

Global | Proper
Function Equation Dimension Range
minima | ties
S d
um .
flo) = Z ixiz 5 multi
S ¢ 50/100 [-10,10] 0
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Wan%1 Sum Squares 3904 111/5219N Bowl-Shaped Taganymzazad1onlDI1oMUAIAT
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5.3.14 W9A%U Zakharov
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M1519N 5.14 WINY¥U Zakharov

Dimen Global | Proper
Function Equation Range
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Zakharov
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Y o aa
3199 5.15 #aNSNAABIVININFUL521AN Many Local Minima 11 50 3@

Function
Best 32 21 0
Noncontinuous Median 120 64.05 0
Rastrigin Worst 204 134 12
Mean 112.64 65.42 0.64
Best 1.47E-14 1.47E-14 2.22E-14
Median 1.16E+00 2.18E-14 2.93E-14
Ackley
Worst 1.50E+01 4.31E-14 3.29E-14
Mean 2.58E+00 2.38E-14 3.04E-14
Best 0 0 0
Median 0.0074 0.007396 0
Griewank
Worst 90.747 0.066072 0
Mean 3.6298 0.008999 0
Best 9.42E-33 9.42E-33 9.42E-33
Generalized Median 6.22E-02 3.89E-32 9.42E-33
Penalized Worst 1.75E+00 6.22E-02 9.42E-33
Mean 2.12E-01 1.24E-03 9.42E-33

A A A an Y Y 1 .
A1519% 5.15 vzuaaIMIfFouifioun 5o 4A IAC-PSO @1m50AUN1IAANTI1 Conventional
Id 1 1 v 1 v & g [
PSO uag 1APSO Wuaiulva uaoniuludiuves Ackley Function 1@ ail IAC-PSO nl
9
IAPSO @1m30Aun1 18 IndiAeani ez Generalized Penalized Function WU IAC-PSO AUMIAY

Y9 ' . ~ 3 v 7
Best hlﬂuf)ﬂﬂﬂ Conventional PSO (WANUDUNTIUU
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Y o aa
M99 5.16 WaNsnaaesveslansulsenan Many Local Minima 14 100 WA

Function IAC-PSO
Best 140 133 11
Noncontinuous Median 288 249.01 32
Rastrigin Worst 603 455 48
Mean 298.62 262.55 31.6
Best 1.73E+00 5.10E-11 5.77E-14
Median 1.30E+01 4.30E-10 6.84E-14
Ackley
Worst 1.82E+01 1.42E+00 7.90E-14
Mean 1.12E+01 7.78E-02 6.85E-14
Best 0 0 0
Median 90.9803 0 0
Griewank
Worst 360.9793 0.0706 0
Mean 126.47 0.0091 0
Best 4.71E-33 4.89E-22 4.71E-33
Generalized Median 3.11E-02 1.32E-19 4.71E-33
Penalized Worst 7.89E-01 9.33E-02 4.71E-33
Mean 1.28E-01 1.06E-02 4.71E-33

A a A
A15197 5.16 vzudaIMsfTouneun 100

aa X

U ¥

YA 4 a A @ a KR 1
UlﬂWﬁﬁ]uﬂigﬁﬂ‘ﬁﬂWWﬂlﬂﬂﬂaﬂ’é]i‘l/lll’ﬂ

&I d' L} 1 1
ansafun luiuf (Search Space) vinalva)1d wamsnaaeuaasliifiuin 1ac-pso i

Jo 1 ) { ' aa
A1MNT0AUNIA Global Optima 1@ luraneiansu uaamnso lameevangalunnamiadaain

nalandu

3 Jo aa
M519N 5.17 HAMINAOIUVOITINTUL5ZAN Valley-Shaped Tu 50 U@

Function

Rosenbrock

Best 2.45E+01 0.0606 4.91E-04
Median 1.03E+02 27.3077 7.9362
Worst 2.25E+02 83.9991 74.3372
Mean 1.16E+02 32.4621 10.5793
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M35199 5.17 (99)

Function i IAC-PSO

Best 6.67E-01 0.6667 0.6667

Median 3.68E+00 0.667 0.6667

Dixon-Price

Worst 1.35E+01 0.6791 0.6667

Mean 3.85E+00 0.668 0.6667
Generalized Best 1.31E+03 290.3119 137.5576
Modified Median 5.47E+03 2.56E+03 623.3544
Rosenbrock's Worst 1.69E+05 1.08E+04 2.12E+03
Function No.01 Mean 1.51E+04 3.27E+03 810.0134

15199 5.17 zuaaamsnfSeufieunilansudszian Valley-Shaped 71 50 3@ IAC-PSO
a1nsaaun1 1dan1 Conventional PSO way 1APSO Wuaaulna) ugdomiulugiuves Dixon-
Price Function 1H84917 IAC-PSO, IAPSO 1122 Conventional PSO @11159AUH 1A Best 18

(MAUAT Global Optima

M319N 5.18 HAMINAABIVOINIATUY5LIAN Valley-Shaped 11 100 T

Function i TIAPSO TIAC-PSO
Best 7.00E+02 2.66E+01 2.27E-08
Median 1.21E+03 151.6514 0.4483
Rosenbrock
Worst 2.86E+03 1.01E+03 98.195
Mean 1.38E+03 190.8011 23.4284
Best 1.35E+02 0.6667 0.6667
Median 4.87E+02 0.6678 0.6667
Dixon-Price
Worst 5675.3 34.2394 0.6667
Mean 7.85E+02 4.83E+00 0.6667
Generalized Best 2.43E+06 681.802 465.4799
Modified Median 2.14E+07 3.54F+03 693.7022
Rosenbrock's Worst 1.02E+08 1.74E+04 1.09E+03
Function No.01 Mean 2.71E+07 4.89E+03 696.6161
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{ { Jo § ana 4 2
A1319% 5.18 vzuaaImsfTouMounWansulszinn Valley-Shaped 11 100 UA Loty

$1uauildA IAC-PSO @1nsasun 14anI1 Conventional PSO tay IAPSO Tunniansu

3 o aa an
M3199 5.19 #AN15NARBIVININTUL521AN Steep Ridges/Drops 1 50 UA uag 2 Ja

Function Point PSO IAPSO IAC-PSO
Best -44.6969 -41.9221 -44.0777
Michalewicz Median -37.7173 -37.7346 -41.6676
(50 dimension) Worst -32.4989 -22.4904 -38.783
Mean -37.9831 -36.1281 -41.5893
Best 0.998 0.998 0.998
De Jong N. 5 Median 0.998 0.998 0.998
(2 dimension) Worst 0.998 0.998 0.998
Mean 0.998 0.998 0.998
Best -1.00E+00 -1.00E+00 -1.00E+00
Easom Median -1.00E+00 -9.95E-01 -1.00E+00
(2 dimension) Worst -1.00E+00 -8.92E-01 -1.00E+00
Mean -1.00E+00 -9.90E-01 -1.00E+00

v 1 9

A13199 5.19 3zuaAIN3113 suM 81N Michalewicz Function 14 TAC-PSO #1115 0A U1

1 I 1 1 1 1 1 3’,
14@n11 Conventional PSO tag 1APSO Hudiulva) uasnriuludiuvesst Best i IAC-PSO

' A < A o aa A 2
a11150nu11A1 1818031 Conventional PSO 1801108 LABI1MINTANNLINTY TAC-PSO

ansonun laaninlunnag

) o J v Y ¥ o Aa R FY . Y Yy ~ 1
d 5y 2 WenFuganiens 3 0anes NUAINITOAUNIYA Global Optima g3 wuiieaua

1% a R d' . 9 9 d' YA % . 1 gl.r
8ane391u IAPSO 91 Easom Function a@13139AaU1 laa17 1naiReany Global Optima N1UY



M319N 5.20 HaMINAADIVBININTUTZAN Steep Ridges/Drops 11 100 A

Function IAC-PSO
Best -76.2456 -74.0175 -87.63
Median -68.3292 -36.8022 -81.9545
Michalewicz
Worst -61.0464 -23.1208 -76.4755
Mean -68.1044 -38.1932 -82.1025

f13199 5.20 20 AAIN51TeUN8UN Michalewicz Function (NDIWUI11IULA IAC-PSO

I~ ' ' aa a A 1 oA <} 7
ansodun laanilugnamiada snauidumia Best laugniniieuaniooningiu

M319N 5.21 WamMINAaoavealan¥uszinn Bowl-Shaped 11 50 1@

Function Point PSO IAPSO ‘ IAC-PSO
Best -2.63E+03 -2.18E+04 -2.20E+04
Median 7.76E+04 -1.59E+04 -1.96E+04
Trid
Worst 2.45E+05 1.34E+04 4.68E+03
Mean 9.05E+04 -1.25E+04 -1.82E+04
Best 1.29E-248 4.83E-25 3.36E-40
Sum of Different Median 1.66E-104 1.39E-23 1.44E-35
Powers Worst 2.88E-41 4.22E-22 1.80E-33
Mean 5.77E-43 3.78E-23 1.40E-34
Best 1.47E-08 5.57E-09 9.90E-44
Median 1.19E-05 1.39E-04 4.03E-43
Sum Squares
Worst 0.0145 0.0034 1.60E-42
Mean 0.0011 4.16E-04 4.49E-43

A ~ A Jo A aa
ATT NN 5.21 ﬂ%LLﬁﬂQﬂ1illﬁﬂﬂlﬂﬂﬂﬂﬁﬂﬂ%uﬂimﬂﬂ Bowl-Shaped 1 50 U IAC-PSO
Y Y~ 1 . I 1 ] 1 1 9 [
ﬁuﬂiﬂﬂu“ﬁflﬂﬂﬂ'ﬂ Conventional PSO i1ag TAPSO Lﬂumuclwmﬂuuﬂc]m LL@]EJﬂL’JuGluﬁ’Ju
U4 Sum of Different Powers Function A8 Conventional PSO a13159A UH 1?hul@2|jaﬂ’jﬂunﬂc]

A1



M319N 5.22 WamMInAaeavealanyuszinn Bowl-Shaped 11 100 HA

Function IAC-PSO
Best 6.16E+06 -9.31E+04 -1.58E+05

Median 1.76E+07 2.05E+05 2.62E+03

Trid

Worst 4.01E+07 5.18E+05 5.18E+05

Mean 1.83E+07 2.52E+06 4.06E+04

Best 8.56E-195 8.93E-25 2.83E-35

Sum of Different Median 2.24E-43 1.21E-21 2.84E-33
Powers Worst 3.45E-26 4.79E-20 3.65E-29
Mean 6.92E-28 4.03E-21 1.13E-30

Best 19.3265 2.12E-09 7.44E-41

Median 89.0816 9.13E-05 1.40E-40

Sum Squares

Worst 408.1147 3.20E-03 3.41E-40

Mean 125.3078 4.28E-04 1.56E-40

~ =\ = LY ~ Aaa A o
ATTNN 5.22 ﬂZLLﬁﬂ\‘iﬂTﬁL‘lﬁEl‘lJWIEJ‘]JVIﬁQﬂ‘BHﬂi%!ﬂT] Bowl-Shaped 11 100 4§ 1B 1UIY

Aaa A 49! I an 9y 1 Y 1 1
Uy 100 Us IAC-PSO ﬁ13J15ﬂﬂUﬂ1ﬂ1vlﬂﬂﬂ'J']Gluﬂ'l Worst Li01g Mean

M319N 5.23 #aMINAaeIVeININTUYIZAN Plate-Shaped

Function IAPSO IAC-PSO
Best 4.52E-234 9.83E+00 1.45E-17

Zakharov Median 6.74E-222 1.80E+01 6.38E-16
(50 dimension) Worst 1.66E-209 2.75E+01 3.37E-15
Mean 3.51E-211 1.83E+01 7.52E-16

Best 1.19E-46 7.09E+01 3.86E-10

Zakharov Median 1.02E-37 8.64E+01 2.69E-08
(100 dimension) Worst 3.65E-29 1.08E+02 1.11E-07
Mean 7.30E-30 8.66E+01 3.03E-08
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v 1 Y
A15199 5.23 azuandns1fseuNeu Zakharov Function 44 Conventional PSO 813150
9 1 Y~ 1 1 = g’/ £ = ~ U .
Aumeat ldanilunngar uadanszuu IAC-PSO §3A9TiadesnIWNINNI1 Conventional PSO
1 o Aaa A 1 o . < .
NUANUINMINTIUIUTANUINATUDATIUIUNIG TAC-PSO NILAINTD¥UL Conventional
PSO ¢

H 1 R o
11ntlyn19198uh Conventional PSO @13nsadunilaanTunisianduniu niedsam

VDO TUIEAMINAaeunaY luuni 5.5

M990 5.24 agwanInaaedn 2 uag 50 44

Function TAPSO TIAC-PSO
Noncontinuous Best 32 21 0
Rastrigin .
(50 dimension) Median 120 64.05 0
Ackley Best 1.47E-14 1.47E-14 2.22E-14
(50 dimension) Median 1.16E+00 2.18E-14 2.93E-14
Griewank Best 0 0 0
(50 dimension) Median 0.0074 0.007396 0
Generalized Best 9.42E-33 9.42E-33 9.42E-33
Penalized
Median 6.22E-02 3.89E-32 9.42E-33
(50 dimension)
Rosenbrock Best 2.45E+01 0.0606 4.91E-04
(50 dimension) Median 1.03E+02 27.3077 7.9362
Dixon-Price Best 6.67E-01 0.6667 0.6667
(50 dimension) Median 3.68E+00 0.667 0.6667
Generalized
Modified Best 1.31E+03 290.3119 137.5576

Rosenbrock's

Function No.01 Median 5 47E+03 2 56E+03 623.3544

(50 dimension)

Michalewicz Best -44.6969 -41.9221 -44.0777

(50 dimension) Median -37.7173 -37.7346 -41.6676
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M35199 5.24 (519)

Function i TIAC-PSO
De Jong N. 5 Best 0.998 0.998 0.998
(2 dimension) Median 0.998 0.998 0.998
Easom Best -1.00E+00 -1.00E+00 -1.00E+00
(2 dimension) Median -1.00E+00 -9.95E-01 -1.00E+00
Trid Best -2.63E+03 -2.18E+04 -2.20E+04
(50 dimension) Median 7.76E+04 -1.59E+04 -1.96E+04
Sum of Different Best 1.29E-248 4.83E-25 3.36E-40
Powers .
D ) Median 1.66E-104 1.39E-23 1.44E-35
Sum Squares Best 1.47E-08 5.57E-09 9.90E-44
(50 dimension) Median 1.19E-05 1.39E-04 4.03E-43
Zakharov Best 4.52E-234 9.83E+00 1.45E-17
(50 dimension) Median 6.74E-222 1.80E+01 6.38E-16

I 9
1NA5 NN 5.24 agdwanianaassnanuananaglensuly 2 wag 50 daaAnnngu
= ' . v g = Y I '
TasazifTouNoumnIzal Best 182 Median 114U wamsifFoueuuaaeiifiugi 1AC-
1 (Y a 4 LY 3’, Jo 2 a I
PSO ansaAurIm laanidanesnuduq 181y 10 Hansunnnaviva 14 Handu Fenadu
[ 1 LY g}; 1 []
818IUAD 71.43% IaeWandU Ackley 1iag Michalewicz WU IAC-PSO @13130AaUNIA1 IALLE

[ <3 Y '
NIUNSANUDIINTIUU

mM319h 5.25 a3ilwansnaasaii 100 UA

Function i TAC-PSO
Noncontinuous Best 140 133 11
Rastrigin
Median 288 249.01 32

(100 dimension)

Ackley Best 1.73E+00 5.10E-11 5.77E-14

(100 dimension) Median 1.30E+01 4.30E-10 6.84E-14




M35199 5.25 (710)

48

Function TIAC-PSO
Griewank Best 0 0 0
(100 dimension) Median 90.9803 0 0
Generalized Best 4.71E-33 4.89E-22 4.71E-33
Penalized
Median 3.11E-02 1.32E-19 4.71E-33
(100 dimension)
Rosenbrock Best 7.00E+02 2.66E+01 2.27E-08
(100 dimension) Median 1.21E+03 151.6514 0.4483
Dixon-Price Best 1.35E+02 0.6667 0.6667
(100 dimension) Median 4.87E+02 0.6678 0.6667
Generalized
Modified Best 2.43E+06 681.802 465.4799
Rosenbrock's
Function No.01 Median 2.14E+07 3.54E+03 693.7022
(100 dimension)
Michalewicz Best -76.2456 -74.0175 -87.63
(100 dimension) Median -68.3292 -36.8022 -81.9545
Trid Best 6.16E+06 -9.31E+04 -1.58E+05
(100 dimension) Median 1.76E+07 2.05E+05 2.62E+03
Sum of Different Best 8.56E-195 8.93E-25 2.83E-35
Powers
Median 2.24E-43 1.21E-21 2.84E-33
(100 dimension)
Sum Squares Best 19.3265 2.12E-09 7.44E-41
(100 dimension) Median 89.0816 9.13E-05 1.40E-40
Zakharov Best 1.19E-46 7.09E+01 3.86E-10
(100 dimension) Median 1.02E-37 8.64E+01 2.69E-08

~ A Aaa 1 = Y I3
ATT NN 5.25 ﬂ$ﬁ§ﬂwaﬂ1ﬁ‘ﬂﬂaﬂﬂ1ﬂ 100 U 1NNNNYN Waﬂ1ilﬂd§ﬂﬂﬁﬂﬂﬂllﬁﬂ\31‘ﬁlﬁu
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Y ' Y 1w as A Jo g du R a
IAC-PSO E‘ﬁll"liﬂﬂuﬂ"lﬂﬁllﬂﬂﬂ’ﬂﬂﬁﬂﬂiﬂJJ?)MG”]llf’ﬂu 10 WINFUINNIKXNA 12 WINTU TeAa
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I @ [ A = Y 1 Y Y 1w ak A A
Wuonsigiune 83.33% G]f\‘lllﬁﬂﬁslﬂl‘ﬂu'ﬂ IAC-PSO ﬁlgﬂuﬁ'lulﬂﬂﬂﬂ]'l@ﬁﬂﬁliﬂllﬂu“]UJ’E]

' Y
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51 5.17 n51M3gis1vee IAC-PSO ¥09arF 1 Noncontinuous Rastrigin # 100 71

]
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v
o ' v o 1
uaﬂmﬂﬁﬁﬂﬁ’mmuaﬂﬁwmigﬁ’ﬁ (Convergence Graph) NUFAAIANTUTUNUTUDIAT

1 aAaAa

Fitness 1% Function Evaluation Times 1131l 5.17 yaddifeafiafiga (f1untsvesgade
1 A A A . = vy Bldd' '
vzuansluresdmasuu1iio) 109 Generation NAUM laaNga duATIMMLLILAY Y HAAE
' A A A 9 ' . o & . =
unaluga 5.17 AemsEuAuINNYDY Generation Tag IAC-PSO 32¥1MIMNA 7 Generation &4
o A= ) v oA Y1 = . vy A o
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Global
Function Equation Dimension | Range Properties
minima
D
Sum Squares filx) = Z[lxlz] 50 [-1,11° 0 multimode
i=1
D
Quartic folx) = Z[ixf] 50 [-1,11° 0 multimode
i=1
D
Sextic fa(x) = Z[ixf] 50 [-1,11° 0 multimode
i=1
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M35199 5.27 WANMITNADAUNUIAY

Function IAC-PSO
Best 3.96E-09 2.48E-08 9.50E-46

Sum Squares Median 1.50E-07 9.25E-07 1.67E-45
(50 dimension) Worst 1.15E-05 2.15E-05 2.66E-45
Mean 2.58E-06 5.58E-06 1.61E-45

Best 1.49E-39 3.72E-18 7.90E-77

Quartic Median 6.98E-20 1.52E-13 3.79E-75

(50 dimension) Worst 3.32E-19 3.23E-10 5.70E-75
Mean 9.61E-20 6.64E-11 3.04E-75

Best 0.00E+00 1.16E-22 8.15E-93

Sextic Median 3.00E-188 7.66E-20 1.65E-91

(50 dimension) Worst 9.78E-86 4.76E-15 4.91E-90
Mean 1.96E-86 9.51E-16 1.44E-90
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Function Point IAC-PSO %
Best 205.00 0.39
Noncontinuous
Median 335.50 0.64
Rastrigin
Worst 434.00 0.83
(50 dimension)
Mean 326.00 0.62
Best 566.00 0.53
Noncontinuous
Median 787.50 0.75
Rastrigin
Worst 1134.00 1.08
(100 dimension)
Mean 798.62 0.76
Best 259.00 0.49
Rosenbrock Median 303.00 0.58
(50 dimension) Worst 384.00 0.73
Mean 300.68 0.57
Best 540.00 0.51
Rosenbrock Median 640.50 0.61
(100 dimension) Worst 742.00 0.71
Mean 641.10 0.61
Best 146 0.28
Michalewicz Median 212 0.40
(50 dimension) Worst 279 0.53
Mean 209.08 0.40
Best 436.00 0.42
Michalewicz Median 547.00 0.52
(100 dimension) Worst 645.00 0.61
Mean 547.54 0.52
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M35199 5.28 (710)

Function Point TIAC-PSO
Best 27.00 0.05
Sum of Different
Median 51.00 0.097
Powers
Worst 86.00 0.16
(50 dimension)
Mean 51.92 0.099
Best 50.00 0.095
Sum of Different
Median 90.50 0.086
Powers
Worst 167.00 0.16
(100 dimension)
Mean 93.92 0.089
Best 100.00 0.19
Zakharov Median 165.00 0.31
(50 dimension) Worst 258.00 0.49
Mean 164.66 0.31
Best 205.00 0.20
Zakharov Median 281.00 0.27
(100 dimension) Worst 377.00 0.36
Mean 285.18 0.27
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M3197 5.29 MINAaoUUTLANTMNNAITIUIOUMINIAIUTN 50 1A

Function Normal Reset IAC-PSO
Best 32 54.00 0.00
Noncontinuous
Median 120 89.00 0.00
Rastrigin
Worst 204 107.00 12.00
(50 dimension)
Mean 112.64 86.74 0.64
Best 1.4655E-14 2.3165E+00 2.2204E-14
Ackley Median 1.1551E+00 3.1068E+00 2.9310E-14
(50 dimension) Worst 1.4990E+01 4.3994E+00 3.2863E-14
Mean 2.5777E+00 3.1676E+00 3.0376E-14
Best 0 0.00000019148 0
Griewank Median 0.0074 0.00032633000 0
(50 dimension) Worst 90.7470 0.0688 0
Mean 3.6298 0.0096 0
Best 9.4226E-33 6.7589E-05 9.4233E-33
Generalized
Median 6.2201E-02 5.6250E-01 9.4233E-33
Penalized
Worst 1.7501E+00 2.1212E+00 9.4233E-33
(50 dimension)
Mean 2.1196E-01 6.8830E-01 9.4233E-33
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Function Normal Reset IAC-PSO
Best 2.4468E+01 1.2168E+01 4.9146E-04
Rosenbrock Median 1.0267E+02 4.8453E+01 7.9362
(50 dimension) Worst 2.2455E+02 9.6623E+01 74.3372
Mean 1.1620E+02 5.8930E+01 10.5793
Best 6.6670E-01 6.6680E-01 6.6670E-01
Dixon-Price Median 3.6847E+00 6.7570E-01 6.6670E-01
(50 dimension) Worst 1.3470E+01 7.6817E+00 6.6670E-01
Mean 3.8479E+00 9.5930E-01 6.6670E-01
Generalized Best 1.31E+03 7.20E+02 137.5576
Modified Median 5.47E+03 1.23E+03 623.3544
Rosenbrock's Worst 1.69E+05 3.01E+03 2.12E+03
Function No.01
(50 dimension) Mean 1.51E+04 1.38E+03 810.0134
Best -44.6969 -43.4282 -44.0777
Michalewicz Median -37.7173 -40.7972 -41.6676
(50 dimension) Worst -32.4989 -37.9733 -38.783
Mean -37.9831 -40.79 -41.5893
Best 0.998 0.998 0.998
De Jong N. 5 Median 0.998 0.998 0.998
(2 dimension) Worst 0.998 0.998 0.998
Mean 0.998 0.998 0.998
Best -1.00E+00 -1.00E+00 -1.00E+00
Easom Median -1.00E+00 -1.00E+00 -1.00E+00
(2 dimension) Worst -1.00E+00 -1.00E-+00 -1.00E+00
Mean -1.00E+00 -1.00E+00 -1.00E+00
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Function TIAC-PSO
Best -2.63E+03 -1.44E+04 -2.20E+04

Trid Median 7.76E+04 1.02E+04 -1.96E+04

(50 dimension) Worst 2.45E+05 6.29E+04 4.68E+03
Mean 9.05E+04 1.34E+04 -1.82E+04
Best 1.2913E-248 2.1859E-319 3.3612E-40

Sum of Different
Median 1.6573E-104 2.3974E-184 1.4374E-35
Powers
Worst 2.8845E-41 2.8301E-78 1.7962E-33
(50 dimension)

Mean 5.7690E-43 5.6603E-80 1.3987E-34
Best 1.4651E-08 1.4449E-10 9.9038E-44
Sum Squares Median 1.1907E-05 5.9002E-08 4.0329E-43
(50 dimension) Worst 0.0145 2.67E-05 1.5986E-42
Mean 0.0011 1.27E-06 4.4916E-43
Best 4.5178E-234 3.7675E-37 1.4540E-17
Zakharov Median 6.7427E-222 3.7990E-35 6.3781E-16
(50 dimension) Worst 1.6644E-209 5.2057E-34 3.3713E-15
Mean 3.5116E-211 8.4609E-35 7.5245E-16

A A Y3 ' Y ' Yy 1
ATTNN 5.29 waﬂmﬂ‘%ﬂumﬂmmm‘lwmmwmi reset 11 GBest ff"liJﬁflﬂuﬁ'IﬂTIlﬂﬂﬂ’J”l

[ A A Y Jo ZIJ LY = A Id ] 1 A =
@aﬂ@ﬁﬂuﬂuﬂklﬂ‘lu 11 WaNTUNNNIHLA 14 WINFY 3R UOAI1dIUAD 78.57% BILAAY

< J 1 ] A VoA 1 o
TR UM reset A1 GBest vz ein Tomalumsaumarnanindogiiu

M3199 5.30 MINAAVUTLANTMINATIUIOUMININUNA 100 UA

Function

Noncontinuous
Rastrigin

(100 dimension)

Best 140.00 208.000 11.00
Median 288.00 262.125 32.00
Worst 603.00 308.000 48.00
Mean 298.62 261.275 31.60
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Function Normal Reset TIAC-PSO
Best 1.72662E+00 8.08150E+00 5.77320E-14
Ackley Median 1.29718E+01 9.45280E+00 6.83900E-14
(100 dimension) Worst 1.81503E+01 1.08396E+01 7.90480E-14
Mean 1.12111E+01 9.43760E+00 6.85319E-14
Best 0 1.1585 0
Griewank Median 90.9803 1.5970 0
(100 dimension) Worst 360.9793 2.4372 0
Mean 126.4700 1.6115 0
Best 4.7116E-33 5.2712E+00 4.7116E-33
Generalized
Median 3.1101E-02 9.5427E+00 4.7116E-33
Penalized
Worst 7.8900E-01 1.1923E+01 4.7116E-33
(100 dimension)
Mean 1.2770E-01 9.3360E+00 4.7116E-33
Best 6.9956E+02 6.7589E-05 2.2717E-08
Rosenbrock Median 1.2088E+03 5.6250E-01 0.4483
(100 dimension) Worst 2.8613E+03 2.1212E+00 98.195
Mean 1.3817E+03 6.8830E-01 23.4284
Best 1.3510E+02 7.6937E+01 0.6667
Dixon-Price Median 4.8720E+02 1.9437E+02 0.6667
(100 dimension) Worst 5675.30 600.79 0.6667
Mean 7.8467E+02 2.1468E+02 0.6667
Generalized Best 2. 43E+06 1.96E+06 465.4799
Modified Median 2.14E+07 6.07E+06 693.7022
Rosenbrock's Worst 1.02E+08 1 736407 1.09E+03
Function No.01 696.6161
Mean 2.71E+07 7.18E+06 )

(100 dimension)
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Function
Best -76.2456 -77.3886 -87.63

Michalewicz Median -68.3292 -71.8888 -81.9545

(100 dimension) Worst -61.0464 -68.3717 -76.4755

Mean -68.1044 -72.3933 -82.1025

Best 6.16E+06 7.12E+06 -1.58E+05

Trid Median 1.76E+07 1.10E+07 2.62E+03

(100 dimension) Worst 4.01E+07 1.88E+07 5.18E+05
Mean 1.83E+07 1.15E+07 4.06E+04
Best 8.5556E-195 6.1615E-271 2.8320E-35

Sum of Different
Median 2 .2444E-43 3.7551E-117 2.8350E-33
Powers
Worst 3.4485E-26 3.4024E-59 3.6489E-29
(100 dimension)

Mean 6.9171E-28 6.8048E-61 1.1331E-30

Best 19.3265 8.6013 7.44E-41

Sum Squares Median 89.0816 26.5425 1.40E-40

(100 dimension) Worst 408.1147 60.9775 3.41E-40

Mean 125.3078 28.6849 1.56E-40
Best 1.1949E-46 1.2895E-07 3.8603E-10
Zakharov Median 1.0206E-37 5.6216E-06 2.6902E-08
(100 dimension) Worst 3.6519E-29 1.6389E-04 1.1061E-07
Mean 7.3039E-30 1.9333E-05 3.0312E-08
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Absracr—Particle Swarm Optimization (FS0) is a powerful
alzorithm that can search a solution for a fumction which contains
a large number of peals and wvalleys. However, P50 might
encounter a difficalty when the fanction gets more complex or the
mumber of abtributes (dimensions) srows larger. This paper
proposes a modification of PSO by wsing the incremental atiribote
strategy along with the centroid of particle’s best positions to aveid
the local minima which can easily ocour in a omltimodal problem
The experimental results from four standard benchmarks show
that the propesed method can improve P50 in ferms of optimality
and stability when compared with the convemfional FSO and
amother incremental attribute-based PS0.

Eeywords: Parmicle Swarm Opimviigamon, Incremenial armibrite

learming sirategy, Mulimodal fumction
I INTRODUCTION

Function optimization 1s the process of selecting the value
to each vanable to optimize (erther merm=ing or pummrzIng)
the value of the finction However, there are a plenty of
funchons that cannot be optimuzed efficiently by mathematics,
especially, when the number of atnbutes grows larger. One of
the populsr matwe-nspired optmumng algonthms that can
search for the mear optimal solufion 15 Particle Swarm
Optmuzation (PS0.) PSON[1, 2] 15 ongmally developed in order
to simmilate to movement of crezhures in a3 bird flock or fish
school a5 a social behavior. Although PS5O contains stochastic
m the al gorthm 1t carmot guarantee that the optimal seluton 15
aloays found PS5O may be stuck in local optima when it
operztes undar the complex multrmeodal fimeton. Moreowver, a
large mumber of athibutes expands the search space and
obstructs PSO from the optimal posiiion.

In cxder to alleviate the local numma problem. incremental
atmbute learmng stategy was developed by Guan et al [3-3]
by focusing on one atinbute at a tune and other atmbutes are
processed merementally. All attmbutes, inchiding these are not
vet processed, are used to calculate the fimess of each
mdnadual particle. The incrementz] athnbute leamms stratezy
can generate move stable results than the comventionz] PSO.
Thus strategy may be repeated for a certain number of terations
m order to ensure the global optima. Bai et al. developed the
Incremental Athibute based PSO (TAPSO) [6] to solve the local
optima problem and the rise of atmbutes. IAPSO searches each
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athibute by four iterations to guarantee that the best posihon m
an atmbute = found The alponthm then incrementally
processes the next atibute with the same number of terations.
Dhring the searching on the next atinbute, TAPSO assigme all
completed attibutes with the best poatons that have been
found 1 previous steps. The algorithm repeats the whole
process as a new generation when all athibutes are searched.

We propose a modification of PSO by usmg the Incremental
Attnbute strategy and the Cenfroud of particle’s global best
posttions (TAC-PSO.) The propesed algonthm also allows
particles to narowly move withm the slack regron around the
best positions found in atmbutes which have been searched.
Thues slack remon belps the algorithm to reach a locztion which
15 better than the cument best posthon. It 15 helpful when we
ophrmze the complex fimchon wiuch confains meny steep
peaks. In addition, the global optina wsually locate near the
global best posion. Therefore, caleulzting the centroid from
the group of previous global best positions increazes the chance
of explonng the global optima.

This paper 15 categorized into sections as follows. Sechon IT
provides 3 short review of the comventonal PSO alponthm
Section I explams the proposed algonthm [AC-PS0. Section
IV desenbes fowr standard functions and experimental results
along with compansons. Lastly, conclusions and gmdeline for
the fishwe work are given in Section V.

I PARTICLE SWARM OPTIMIZATICN
posthons of all parficles in the swarm with random values m a
certain range. The algomthm then calculates the fimess vahie
for each particle and finds the global best posiion, ghbest, from
a set of local best postbons, pbest(s). Before endmy the
reration, the position and velocity nfe'rerv particle are updated
with respect to its pbest and the swarm’s gbest. The alzonithm
rterates the process unhl the stopping cntenon 15 satisfied In
order to represent the update process of each particle, let us
define w as an mertia weight, viyas the velocity of the #* particle,
Xy a5 the posihon of the ﬂ*parﬁd&,p.;bﬂlpnsiﬁmuftb&ﬁ*
particle's phest , p,u as the position of the swarm (ghest), o and
c; as acceleration constants, and r as a random pumber. The
subscript 4 in vanable stands for the dimension that the
alponthm 1= updating. Velocity and position of a particle are
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