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Collision Particle Swarm Optimizer and its Application to

Multi-solution Problems

Abstract

The particle swarm optimizers (PSO) is a population-based paradigm for solving optimiza-
tion problems inspired by flocking behavior of living beings. The particles communicate
each other in the swarm. The PSO is simple in concept, is easy to implement and has been
applied to optimization problems in various systems. Various applications of the PSO have
been proposed. However, we focus on the search of multiple periodic points of discrete dy-
namical systems”. We regard this problem as multi-solution problems (MSP), and propose
several algorithms.

First, we consider including the “inter-particle collision” and “insensitivity”. This method
delays the convergence of the particles by the insensitivity, and spreads the particle swarm by
“inter-particle collision”. The collision and insensitivity can be effective to make a variety
of swarm diversity for the MSP, if the control parameters are selected suitably.

Second, we consider the collision particle swarm optimizer with a concept of vicinity area
of particle. Particles have “vicinity” area for inter-particle collision. It is effective to enlarge
the particle diversity.

Finally, we consider the new CPSO that is effective both multi-objective problem (MOP)
and MSP. The CPSO can solve MSP and can optimize MOP.

These PSOs are discrete and deterministic. They search solutions on a discrete search
space and do not contain stochastic parameters. It is different from the conventional PSOs.

Such deterministic systems are useful from viewpoints of reproducibility and simplicity.
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0 1.1: Conceptual diagram of the position determination of particle.
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(a) Star structure

(b) Ring structure

O 2.1: Social network structures.
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V&@

0 2.2: Collision of particles 7, and F,.

(b)

(d)

kvt

(a) and (b): If local best of P, is larger than that of P, (lbest,, > lbest,) then P, jumps
(Eq. (2.7)). (c) and (d): Inverse case (lbest,, > lbest,,) (Eq. (2.8)).
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(a)t=0
y4: Sol1
2 Sol2
0- Sol3 ¥
X
7 Sol4
—21.
] Sol5
_4_
AR P
(b)t=14
4_
y _
2_
0 ’-0::..
2L X
T “AST
_4_
4 2 0 244
(c)t=16
4 '*
y _
2_
7 . x« AS2
0 Fany
1 AS3 " . -,
= .
_4_ )
-4 -2 0 244

d)t=19

x
AS4

T

2 0 2x4

O 2.3: Search process for C; = 0.25, k = 16, ¢ = 0.2 and N = 50.

In (a), 5 red crosses Soll to Sol5 are the solutions each of which is the closest lattice point

to each solution. Red points are candidates of approximate solutions. The black crosses are
5 approximate solutions (AS1 to ASS5) for 5 solutions (Soll to Sol5): AS1 at? = 14, AS2
and AS3 at ¢ = 16, AS4 at¢ = 19 and AS5 at¢ = 47. Light blue points are particle

positions at time ¢.
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Fitness

(a) Positions of N = 50 particles are overwritten for 0 < ¢ < ¢,,4-
5 approximate solutions are found.

—e-ASl
-=-AS2
AS3

2 B B - AS4
ASS5

:
SRSERRENGEES

aw,
TAAAAAATATA A ATATA AA A A A A A AA A ATA

0
0 10 20 30 40 50

#Iterations
(b) Search process of 5 particles for 5 approximate solutions.

0 2.4: Search for C; = 0.25, k = 16, € = 0.2, t;0: = 50.
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O 2.1: Setting of parameters.

parameter Type A Type B Type C
oboooboog (godg ao ao
N 50 50 100
lmag 50 50 50
€ 0.2 0.2 0.2
k 16 16 16

trial number

4000 4000 4000

0 2.2: SR of DDPSO.

#Solutions

Type A Type B Type C

sgonod
4000
3gog

17% 20% 38%
100% 99% 99%
100%  100%  100%
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Fp(x):Sp — R,
Sp=Ax|(v;— X)) e{d,--- ,Md},i=1,--- ,D} (3.1

wE(l'l,"',l'D)
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goobSROOOOOO
A ={x |Fp(x) < Ca, ||z — .|| < p,x € Sp} (3.2)
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cODSRODOO0OOpOC 000000000 AN:O00 DSROOOODSOLOO
O000ODSOLOOO0OOO0O C,000000DSROODO 0000 p00000O0
gboobooooooboob@3nobMSpOoooooDbDSoLOdoooooood
OO DSROODOOODOOOOO.obgccpsounooood

DMSPU 40000000 MuODOHODOEOOMOC,(ODOOOO)HOpDSRODO)
gboooobooboboboMMOObO  phOoobuooooboooboon (brute
force)UO0O0O0ODOOOOODOOOOOOODDODOODDOOOOODOODODODOD
gbgoboobbobdbooboobuoobboobooboobuoooboad
gcpSonuonooonoooodg

gbooobMSpOOOOODOAMSPLOODOOODODOOOAMSPOODOODODOOO

gobooboogod

Fa:S4— Ry, (3.3)
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0 3.1: Discrete solution regions (DSRs).

DSR consisting of discrete solutions (blue dots). Dotted circles denote hyper spheres
centered at ¢ (red crosses) with radius p.
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(a) 0-neighbor (b) 4-neighbor

x,sz~ 4 /x S
xeo X

XX

X
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KX

(c) 8-neighbor (d) 12-neighbor

O 3.2: Definition of [-neighbors.

The blue circle denotes position of a particle and the red crosses construct its neighbor.
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-1 0 1
x1

(a) The objective function F'4 for fixed points and 2-periodic
points of the Hénon map. In this contour map, colder color
denotes lower height of F'4. The red crosses denote the multi-

solution.
128d
Ag Ag
- ’
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d T
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(b) Discrete solution regions of Fpp. AL, A2, A and A? contain
6, 14,23 and 14 DSOLs, respectively. M = 128, C4 = 0.1.

O 3.3: Discrete multi-solution problem based on the Hénon map.
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O 3.4: An exploring process of LPSO for the DMSP.

Snapshots of an exploring process of LPSO for the DMSP based on the Hénon map. The
second to fourth DSRs are found as shown in arrows at t = 11, 2, and 6, respectively. The
1st DSR cannot be found until ¢t = ¢,,,42.
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0 3.5: An exploring process of CPSO for the DMSP.
The first to fourth DSRs are found at ¢ = 20, 8, 2 and 8§, respectively.
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0 3.6: Evolution of particles to DSRs of the DMSP.

Graphs of AS1 to AS4 denote Fp(lbest) of particles to the first to fourth DSRs,
respectively. (a) LPSO in failure case. The first DSR (AS1) cannot be found. (b) CPSO in
successful case. (¢c) The number of collisions.
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O 3.1: The average success rate (SR) of the DMSP based on the Hénon map.
LPSO CPSO

N | wlocol. =0 I[I=4 1[=8 [=12

40 38.1% 393% 42.5% 454% 46.2%

50 51.0% 522% 54.5% 58.8% 59.0%

60 60.3% 61.8% 651% 68.4% 68.7%

70 67.5% 693% T724% T49% 74.4%

80 743% 754% 78.6% 81.0% 79.2%

90 794% 80.9% 83.6% 849% 83.7%

100 | 823% 84.8% 869% 89.5% 85.8%

O 3.2: The average number of iterations (#ITE) of the DMSP.

LPSO CPSO
N |wlocol. [=0 [=4 [=8 [=12
40 17.8 182 199 229 25.3
50 17.2 17.6 194 225 24.8
60 16.7 17.1 189 222 25.6
70 16.3 16.8 18.7 222 25.5
80 16.0 16.3 18.6 225 26.3
90 15.6 16.1 183 22.1 25.8
100 15.2 158 17.9 225 26.0

O 3.3: The average number of collisions (#COL) of the DMSP.
LPSO CPSO

N |wlocol. [=0 =4 =8 [=12

40 N/A 16 58 116 163

50 N/A 22 79 155 216

60 N/A 27 98 193 291

70 N/A 34 121 241 362

80 N/A 39 151 300 459

90 N/A 47 173 342 517

100 N/A 54 196 417 617
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(discrete solution regions DSR)U D 0O OO ODSROOOOOOOOOOON (analog
multi-solution problems[] AMSP) D O OO O ODMSPO O OOOO0OOOOOOOOO
U0000000 (multi-objective problemsIMOP) D0 D OO DO DOOOODOOOOO0O
gbobogooobpSROobooooboooobooobooboobobobbooboood
goocpsou pMSpO oo nooooooooooon

000000000000 0DOO00CO00O0000OHHénonmapdOOOOOO
gobooobobooboouoobobbuobobuooodon (0O Newton-Raphson
Hhooobobooobooooboboobobgoooooceesoobooouoobooobood
oooooobobobooboobooboboboooobooobobobobooDoo
gbooogbMSpO MOPUDOODODOOODOOODOODLOODLOODOODOO

CpSOL DMSPL OO OODOOOOOOAMSPOODOO PSOODOODOOOOO
oooooooooog

AMSPO O OOOOOOOOOOOOPSOUUOODOOODODDOOODDO Uniching
pSOUD OO PSOUete. [16]-22]00 0000000 0OOOOOOOOOOOOO DMSP
gboooobooboooobpMSpOOoboooboobobooAMSPUOODOODOO
gboobooboobooboboobuoobooobMSpODogoboOobDObOOO
goooooooooooboooboooooboboobobobobobUuboo
gbooboobuoobuoobuoobuoobuobbo 3j4joooogoooog

O cCpSOLO DMSPO O OODOOOoOUObOO0ObLOO0bDOoobDogoDog
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421 UO0OOOOOO

ceSoobogpooobpMspOOoooobpMSPODOOOOODODOODLOODOO

gboboboboooobbuoooobboboooobbooon

x(n+1) = F(xz(n)), = (r1,29,--,2p) € NP
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Jdddn000000:O0DDO0O0O0O0O0O0O0O0O0O0O0OO0O0OOOOOO0oOOooOoOn
00000 pdd00d0mOO0O0O0o0ooon

p=F"(p)and p # F!(p) for0 <l <m

oo F"Omi00oo0 FOODO 1000000000 ooooo
0o0dooouooboooooonooooooooooodoooooooon

ooooooboooogoobpMSspOOOOoooooooooo G,0000000

O0000G(x) = [|[F™(x) — x| >0, x € Su,
4.1)
Sa=A{z | z; € [X1;, Xgj]}

ooooj=1,---,D05,0000000000C|-(|00000oooooon

m=100000000000000000000 0
Gi(x) =0, x €Sy 4.2)

gboboboboboooobbobooobboboood

m>2000000000000m000000 @3)d00o0ooooaad
Gm(x)=0,G; #0, ¢ € Su 4.3)

m>20000000000000000000000m=m{*x--xmi 000
O0m,>20k000000k=1,---, K0

OO0mOOodooo d@sHiooooooon
Gm(w):Q Gm/mk(w)%()? T € 54 (4.4)

r, 00 @¢4HobooboboooboboooboomodbmObbOoLo O

Od4)iib00zq-zsn, UOOODODOOONOODOOO

HEN

00 120000000012=22x30m =120m; =20n; =20 my = 30 ny = 10

obooooboo @gs)goooog

Glg(w) =0, Gﬁ(w) 7é 0, G4($) 7é 0, x € Sy 4.5)
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O0o0o0ooo sS,0o MDDDDDDDDDDDDDDDDDDD(4.4)D DMSP O
gdoogdd
Gm(:zz) STm, Gm/mk(w) ZTm/mk, ZIZESD,
(4.6)
Sp =A{x | x; € {doj, - ,du;}}, dny = Xpj +n(Xp; — Xz5)/M
Ood0On=0,---,MOMOOOOOOOOOOOOTZ,, 0DMSPOOOOOOOOO

OO0O0DSR, e Sp0d0d0d00OOOOOODMSPOOOODODOOO 600000

O000i=1,--- ,NOk=1,--- K.

4.2.2 Hénon map

0000000000 0DOO0O00O00DODO0O Hénonmapd OO OO [15]0
r1(n+1) = Fi(z1(n), 12(n)) = 1 — ax? + o
4.7
za(n + 1) = Fy(z1(n), z2(n)) = bay
00000 (¢,0) 000000000000 2000000000000000000

ooogfs.ooob G, 0ooboobooooo

Go(@) = \J(F{" (21, 22) — 21)2 + (F§* (21, 72) — 22)?
Sa=A{zx | 1 € [Xr1, Xr1], x2 € [X12, Xpol}

0o0ooooooooooboooo4000000000 (m=4)0
Gy(x) =0, Go(x) # 0,2 € Sy (4.8)

0410 G,0G,00000000000D0000DO00O0@U0DLO0Oo4000000
O0O0o0bO0o0oboooooobpMSepO oo

Gy(x;) < Ty, Ga(x) > Tz, ¢ € Sp

Sp={z | x1 € {do1, -~ ,du1}, 72 € {doa, -+ ,dm2}}

ogood dnj :XL]' +n(XRj —XLj)/M,j = 1,2|:|

4.9

DMSPU DO 490000 boobOoobOobnd DSRy,---,DSR, 00000000

gboobooboboo 440000000
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43 CcCpSoUdogogn

CPSOO0O00000000000000O0O00000000¢+000000000
0000000000¢00000000 Pt=(P,---,P,)000000NDOOO
D0000P =(2,0)0:0000000000000000000000000C
wl = (s, - ,2,)) 0000000000000 = (vY, - ,0,,) 000000000
0O0i=1,--,NOOO £ 0000000000000000000000000C0
0000 (pbesth) 00000000 (Ibesth 10 0000000000000000
00000000000 “000”0000000“000”0000CPSO00000
0000000 G,00000000000000000 PPO“00000”000
000000000000000“00000”0000000000000000C0
02100000043 000000000000000000 ROOOOOOO

“dboorooboooobobOobOobDOoOo@oLOobDOobDbobOobOoD)0DbOoo

gboobgoo(@oboobooboobooboobobo)obooo

Step1(000): 0000000000 PPOO0OO0O000t=00000022000
00 S, 0000000000000 Sy ={v]|—dy;/2<v; <dy;/2} 00000
0000000000

Step2 (000000000 @1000000000O0OO0OOOOOOODOODO
Gm(xzt) < T, AND Gm/mk(wﬁ) > Tomys k=1,-- | K. (4.10)

Step3 (pbest 100 ): 0000000000000 Opbest: 0000 OCasel O Case2
goooooooooo
Case 1: Gy, (pbest!) < T,, AND ( G,/ (Pbestl) < T,,/,, forsome k)

x! if Gy (2) > Gy, (PbeSEY)

pbest! = { !

4.11
pbest! otherwise ¢11)

Case 2: G, (pbest!) > T,, OR ( Gpy/m, (pbestl) > T,,/m, forall k)

x! if G, (x!) < G (pbest?)

pbest! = { !

. (4.12)
pbest! otherwise
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042@0 G —Gpym, 000000000Case 1000 100000Case2000
O0000nNumulivoOoOOOOCasel 00 G, 0000G,, 00000000
O00000Case200 G,,0G,, 0000000000000 O00O0O0O0O0O00OO
00000 G,.0G,, 000 @10)0000000000000000000000
000440000000000000m=40m/m,=200000
Stepd(lbest 10 0): D00 O00OO0OOOOODOO

Case 1: G, (pbest!) < T,, AND ( G,/ (Pbestl) < T,,/,, forsome k)

pbest! if G/, (pbest!) is the maximum value in N;
lbest! = and Gy, jm, (Pbest}) > Gy, (Ibest)) (4.13)
lbest!  otherwise

DDDDNiE{i—l,i,i+1}D Jodoodoooooono @ 4.3)0
Case 2: G, (pbest!) > T,, OR ( Gy /m, (pbestl) > T,,/m, forall k)

pbest! if G,,(pbest') is the minimum value in N;
lbest! = and G, (pbest’;) < G,,(lbest;) (4.14)
lbest!  otherwise

Step5(0O0000O0O0OO):0000000O00O0OO0O0OO
vl «— wv! + c(lbest! — x!) (4.15)

x; — x; + v (4.16)

Ub0df0wlh cOO0DOOO0ODOODOOODOOODOODDODODOODDOODO PSOO
000000000000 100 1541600 00000000000 000
ooog sSpbobboonoonoonboonDn

Step6(DDDD):DDDDDDDDDP;DDDDDD P;DDDDDDDDDDDD

O0o0ooOoooon

t

?’é: 9P 4.17)
v} ‘

oooo«roogbobodded P;;D P;DDDDDDDDDDDDDDDDDDDDD

gboobob43gooboobooboboooboooboosoooood
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Oo00ooooooooooooooodoooooogoon
T, — x, + v, X, — X, + v, (4.18)

gboooboboboodb20b0boboobboobbobboobbooobon
000000000000 000000D0000C00D0004=t4+ N (mod N)OO
gobooboooboboobooboooobooboooo uuoubo spoooo

00 PPO0000O0O0OD0O0O0O0O0O0O0O0O0O0OO0

j — l’l;j — 2(1,'1;] — d(]j) if Tij hits XL]'
Q(xfj —dwmj), xfj — xfj — Z(xfj —dyj)  if @y hits Xp;

ij ij
t t
Vij <= Vij —

{ vl vl = 2(at, — doy), (4.19)

oooooobooooooobooboboboon Spgbobooobooooooo
Step7 (0 0000O0OO):000000¢t=tn, 0000000000 0OO00OOOOO

OO0000t—t+100000Step20000

m=40m/m;, =2000 CPSOOOODOCOOO Algorithm1 00 0O0OmO m/my O
OO0O0O0000ob0ooobO0 A3d0000O0ODbOObObO0oObDOobDoDoOOStep2O
gbobooodboooobooobobuoooobsSrRUboboobobooboood

gooobpMSpOOonoogno

44 000U

CpSOO DSMOUOODOOOODODOO 49000000400 DSRO Hénon map O
4000000000000D00000 (a,b)(0 @H)OOOODODODUODODOODODODOO

gbobobooogboboooobbobbooooooo
N =30, tmee =50, M =128, T, =15 =0.05, w=0.7, c = 1.4. (4.20)

00000000000 (bruteforce) 00 MP =1282 =24 000000000000
OOCPSOODOOO N Xt =150000000000000000002%000

gboooboogpSROUboDboooboooooboooobooobpSRUoDbooooood
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Algorithm 1 The pseudo code of the generalized CPSO algorithm (m = 40 m/m; = 2).

Create and initialize a particle swarm P?
while (¢ < ,,,4.) do
for each particle 1 =1,--- , N do
Evaluate fitness function Gy (xt)
end for
// set the personal best position pbest!
for each particle 1 =1,--- , N do
if G4(pbest!) < T, AND Gq(pbest!) < Ty (k=1,--- , K) then
update personal best using Eq. (4.11)
else
update personal best using Eq. (4.12)
end if
end for
// set the neighborhood best position lbest!
for each particle 1 =1,--- , N do
if G4(pbest!) < T, AND Gy(pbest!) < Ty (k=1,--- , K) then
update local best using Eq. (4.13)
else
update local best using Eq. (4.14)
end if
end for
for each particle i =1,--- , N do
update the velocity using Eq. (4.15)
update the position using Eq. (4.16)
end for
// collision detection
for each particle v =t,--- ,t + N mod N do
update the velocity using Eq. (4.17)
update the position using Eq. (4.18)
end for
update the time stept — ¢ + 1
end while
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(a) Contour map of G4. Red x-mark, green +-mark and orange *-mark
denote periodic point with period 4, period 2 and period 1, respectively.
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(b) Contour map of GG3. Green +-mark and orange *-mark denote periodic
point with period 2 and period 1, respectively.

[0 4.1: Basic functions of the Hénon map for a = 0.96875, b = 0.3.
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(b) Discrete Solution Regions.

0 4.2: Basic concept in the CPSO algorithm.
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(a) Nlustration of ring topology. Both sides particles (F;_; and
P; ) of the particle P; (red) are the neighbors of P;.

t
Pp
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\JX
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\
NGk

\
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&/

(b) Hlustration of artificial collision. The yellow circle denotes
position of a particle sz and the blue x-mark construct vicinity
area of particle sz. The green circle is particle P, moves on a
vicinity area of particle P, and judged to collision with Py.

0 4.3: Neighbor and vicinity.
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U 4.4: Exploring process on the search space.

(a) to (e): Snapshots. Blue circuits denote particles of the solution candidate and green

circuits denoteother particles. (f) Blue dots denote solution candidates (overlapped

drawing).
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[ 4.5: Personal best on the fitness functions plane in the exploring process.

(a) to (e): snapshots at the same timing as Fig. 4.4. Colored particles denote solution

candidates in each DSRs. The indicated candidates, Ps,FPy,P;5 and Ps, represent the four
DSRs. (f) The color classification of DSRs.
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0 4.6: Time evolution of the pbests of solution candidates Ps,Fy,P;5 and Psg.

The four candidates represent the four DSRs and are indicated in Fig.4.5.

0 4.1: The average success rate (SR) in 100 trials.
10

20 30 40 50 60 70
LPSO | 26.0% 62.0% 80.0% 87.0% 920% 95.0% 98.0%
CPSO | 33.0% 71.0% 86.0% 94.0% 98.0% 98.0% 100%

0 4.2: The average number of iterations (#ITE) in successful runs.
N 10 20 30 40 50 60 70
LPSO | 188 120 106 7.6 70 65 6.0
CPSO | 183 139 106 84 83 63 54

[ 4.3: The average number of collisions (#COL) in successful runs.
N 10 20 30 40 50 60 70
LPSO | NNA N/A N/A N/A N/A N/A N/A
CPSO [ 3.02 2.14 1.57 108 1.61 0.80 0.60

60



[]

(1]

(2]

(3]

(4]

[5]

[6]

[7]

HRERE

J. Kennedy and R. Eberhart, Particle Swarm Optimization, Proc of IEEE/ICNN,

pp-1942-1948, 1995.
A. P. Engelbrecht, Fundamentals of computational swarm intelligence, Willey, 2005.

M. P. Wachowiak, R. Smolikova, Y. Zheng, J. M. Zurada and, A. S. Elmaghraby, An
approach to multimodal biomedical image registration utilizing particle swarm opti-

mization, IEEE Trans. Evol. Comput., 8, 3. pp. 289-301, 2004.

S.-T. Hsieh, T.-Y. Sun, C.-L. Lin, and C.-C. Liu, Effective learning rate adjustment of
blind source separation based on an improved particle swarm optimizer, IEEE Trans.

Evol. Comput., 12, 2. pp. 242-251, 2008.

A. Ghosh, A. Ghosh, A. Chowdhury, A. Konar, E. Kim and A. K. Nagar, Linear phase
low pass FIR filter design using genetic particle swarm optimization with dynamically

varying neighborhood technique, in Proc. IEEE Congress Evol. Comput., pp. 529-535,

2012.

R. A. Vural, T. Yildirim, T. Kadioglu and A. Basargan, Performance evaluation of
evolutionary algorithms for optimal filter design, IEEE Trans. Evol. Comput., 16, 1.

pp. 135-147, 2012.

A. B. van Wyk and A. P. Engelbrecht, Overfitting by PSO trained feedforward neural

networks, in Proc. IEEE Congress Evol. Comput., pp. 2672 — 2679, 2010.

61



[8] H. Qin, J. W. Kimball and G. K. Venayagamoorthy, Particle swarm optimization of
high-frequency transformer, in Proc. Annual Conf. IEEE Ind. Electron. Soc., pp. 2908—

2913, 2010.

[9] K. Kawamura and T. Saito, Design of switching circuits based on particle swarm opti-
mizer and Hybrid Fitness Function, in Proc. Annu. Conf. IEEE Ind. Electron. Soc., pp.

1099-1103, 2010.

[10] H. Matsushita and T. Saito, Application of particle swarm optimization to parameter

search in dynamical systems, NOLTA, IEICE, E94-N, 10, pp. 458471, 2011.

[11] Z. Sevkli and F. E. Sevilgen, Discrete particle swarm optimization for the orienteering

problem, in Proc. IEEE Congress Evol. Comput., pp. 1937-1944, 2010.

[12] M. Kubota and T. Saito, A discrete particle swarm optimizer for multi-solution prob-

lems, IEICE Trans. Fundamentals, E95-A, 1, pp. 406409, 2012.

[13] K.-B. Lee and J.-H. Kim, Mass-spring-damper motion dynamics-based particle swarm

optimization, in Proc. IEEE Congress Evol. Comput., pp. 2348-2353, 2008.

[14] K. Jin’no and T. Shindo, Analysis of dynamical characteristic of canonical determinis-

tic PSO, in Proc. IEEE Congress Evol. Comput., pp. 1105-1110, 2010.

[15] E. Ott, Chaos in Dynamical Systems, Cambridge Univ. Press, 1993.

[16] K. E. Parsopoulos and M. N. Vrahatis, On the computation of all global minimizers
through particle swarm optimization, IEEE Trans. Evol. Comput., 8, 3, pp. 211-224,

2004.

[17] T. Hendtlass, WoSP: a multi-optima particle swarm algorithm, Proc. IEEE/CEC, pp.

727-734, 2005.

62



[18] D. Parrott and X. Li, Locating and tracking multiple dynamic optima by a particle

swarm model using speciation, IEEE Trans. Evol. Comput., 10, 4. pp. 440—458, 2006

[19] S. Yang and C. Li, A clustering particle swarm optimizer for locating and tracking
multiple optima in dynamic environments, IEEE Trans. Evol. Comput., 14, 6. pp. 959-

974, 2010.

[20] X. Li, Niching without niching parameters: particle swarm optimization using a ring

topology, IEEE Trans. Evol. Comput., 14, 1. pp. 150-169, 2010.

[21] T. Saito and E. Miyagawa, Growing-tree particle swarm optimizer with simple tabu

search function, Proc. of NOLTA, pp. 376379, 2009.

[22] R. Sano, T. Shindo, K. Jin’no, and T. Saito, PSO-based multiple optima search systems

with switched topology, in Proc. IEEE Congress Evol. Comput., pp. 3301-3307, 2012.

[23] K. Maruyama, R. Sano and T. Saito, Deterministic discrete particle swarm optimizers

with collision and insensitivity, Proc. NDES, pp. 245-248, 2012.

[24] K. Maruyama and T. Saito, Deterministic Particle Swarm Optimizers with Collision for

Discrete Multi-solution Problems, Proc. IEEE/SMC, pp. 1335-1340, 2013.

[25] M. Takanashi, H. Torikai and T. Saito, An approach to collaboration of growing self-
organizing maps and adaptive resonance theory maps, IEICE Trans. Fundamentals,

E90-A, 9, pp. 2047-2050, 2007.

63



st ood

gbobobbuooooobbbobbooooobbbobbooooobbbbouog
gboboboboboogobogbbbobuoooooobobbbuoooooobooo
goboboboboboouogoobobbbboboogbboouooooooobn
gbobobbuoboogoogbbbboboooooobobbbuoooooobooo
gboboboboboogobobobbbboooooobobobbbuoooobobooo
gooo

000000000000 0DO000000000DDOIkedamap O Hénon map
0000000000000 0 HénonmapDOOOOOOOOODOOODODOOOO
gbobobbobooooogbbobbboooobobboboouoooobobooo
gobbobuooobbouoooobbobod

gboboboooobbobbouoooobboboaobobod
1. 0gooOooooog

2. 00000b00b0ooog
3.00nooooooooodg

4. 00000000

s. dgnbuooboboooboon

64



0 OA 0O0O0O00

Al DDPSOL O ODODO(@20)

Algorithm 2 The pseudo code of the DDPSO algorithm (chapter 2).

Create and initialize a particle swarm P?
while (¢ < ,,42) do
for each particle i =1,--- , N do
Evaluate fitness function F'(x!)
end for
// set the personal best position pbest!
for each particle 1 =1,--- , N do
if F(x!) < F(pbest!) then
update personal best using Eq. (2.4)
end if
end for
// set the neighborhood best position lbest!
for each particle 1 =1,--- , N do
if F'(pbest’) < F(lbest}) — ¢ then
update local best using Eq. (2.5)
end if
end for
for each particle i =1,--- , N do
update the velocity and position using Eq. (2.6)
end for
// inter-particle collision
for each particle i =1,--- , N do
if F(lbest!)) > F(lbest!) then
update the velocity and position using Eq. (2.7)
else
update the velocity and position using Eq. (2.8)
end if
end for
update the time stept — ¢ + 1
end while
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A2 CPSOUOOODO@30)

Algorithm 3 The pseudo code of the CPSO algorithm (chapter 3).

Create and initialize a particle swarm P?
while (¢ < ,,,4.) do
for each particle i =1,--- , N do
Evaluate fitness function Fpp(x)
end for
// set the personal best position pbest!
for each particle 1 =1,--- , N do
if Fp(x!) < Fp(pbest!) then
update personal best using Eq. (3.6)
end if
end for
// set the neighborhood best position lbest!
for each particle 1 =1,--- , N do
if I'p(pbest}) < Fp(lbest;) then
update local best using Eq. (3.7)
end if
end for
for each particle i =1,--- , N do
update the velocity and position using Eq. (3.8)
end for
// collision detection
for each particle i =1,--- , N do
update the velocity using Eq. (3.10)
update the position using Eq. (3.11)
end for
update the time stept — ¢ + 1
end while
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A3 CPSOOOOOD (O40)

Algorithm 4 The pseudo code of the generalized CPSO algorithm (chapter 4).

Create and initialize a particle swarm P?
while (¢ < ,,,4.) do
for each particle i =1,--- , N do
Evaluate fitness function G, (x})
end for
// set the personal best position pbest!
for each particle 1 =1,--- , N do
if G, (pbest!) < T, AND G, (pbestl) < T,/ (k=1,---, K) then
update personal best suing Eq. (4.11)
else
update personal best using Eq. (4.12)
end if
end for
// set the neighborhood best position lbest!
for each particle 1 =1,--- , N do
if G, (pbest!) < T, AND G, (pbestl) < T,/ (k=1,---, K) then
update local best using Eq. (4.13)
else
update local best using Eq. (4.14)
end if
end for
for each particle i =1,--- , N do
update the velocity using Eq. (4.15)
update the position using Eq. (4.16)
end for
// collision detection
for each particle i =t,--- ,t + N mod N do
update the velocity using Eq. (4.17)
update the position using Eq. (4.18)
end for
update the time stept — ¢ + 1
end while
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O B.1: An objective function of Ikeda map for v = 0.9.

Contour map of frxeqq2- Red x-mark denote periodic point with period 2 and period 1.
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0 B.2: Search for C; = 0.25, k =0, ¢ = 0.2, t;,02 = D0.

Positions of N = 50 particles are overwritten for 0 < ¢ < ¢,,,,, 4 approximate solutions are
found.
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0 B.3: Searchfor C; = 0.25, k =0, ¢ = 0, t;qz = 50.

Positions of N = 50 particles are overwritten for 0 < ¢ < ¢,,,,, 2 approximate solutions are
found.
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