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Cloud model particle swarm optimization algorithm based on pattern
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Abstract: In order to overcome the shortcomings of particle swarm optimization(PSO) in solving multimodal function
optimization problems which includes easily falling into local minimum, low accuracy and difficultly searching extreme
points as many as possible, a novel cloud model particle swarm optimization algorithm based on the pattern search
method(PCPSO) is proposed. The cloud model particle swarm optimization(CPSO) algorithm is used to do global
searching in the feasible zone, and then the pattern search method(PSM) is used to improve the accuracy of the sub-
optimal solution. The simulation tests demonstrate that the proposed method can ensure the convergence speed, meanwhile

the convergence accuracy and the number of extreme points are strikingly improved.
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Fz1 MR
Function Range Dim Globe/All
f1 =900 — (z1 — 5)% 4+ 10cos[(27t(xz1 — 5)] + (x2 — 5)? + 10 cos[27t(z2 — 5)] 1.8< @1, zp <82 2 2/49
f2 =204 22 + 22 — 10(cos 27tx; + cos 2mz2) —2.5 < 21, w2 <2.5 2 125
z —0.08\2y |
f3 = exp ( - 210g2< ¥ ) ) sin® (57t(z®/4 — 0.05)) 0< = <1 1 15
fa =200 — (22 4+ x2 — 11)% — (z1 + 22 — 7)? —6 < x1,x0 <6 2 4/4
d 5
fs==T1 D dcosl(G + Vi + ] —10 < z; <10 3 d x 3% /many
i=1j5=1
(sin /27 + 23)%> — 0.5
=0.5— —10 € z1, 22 <10 2 1
o 1+ 0.001(22 + 23) ST /many
fr=200— (y7 +y2—11)>  —(y1 +v3 -7’ y=Mx =z —6 <z, 0 <6 2 4/4
3 2 2\2
v -0.5
fo = 0.5~ VYT +45) y=Mxx ~10 < w1, 22 <10 2 1/many
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HEZHOA B W R KRR A R BT
2 F WM AE 23 EAS [\, By EAXT PCPSO 1) 2 80k B
A HT 5, BTN 30 ~ 100, 5K 8 5 1 R A
M AN2~10,¢; = 149445, wgart = 0.9,Wenq =
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BRI 50 7B S5 45 2. P Niching - Genetic
Algorithm(NGA). autounning NGA(ANGA).Big Bang-
Big Crunch(BB-BC) ] 52 56 % $i 24 Hi H SCiik [4]; SP
(number of searched peaks) A 1] 4 28 21| [¥] I {E %4 &
FC(number of function calls) AN¥F4 o8 £ H R EL;
CR(convergence rate) NS, & A F- 211y
R {0 5 Ve S BT B AL

%2 PCPSO 5BB-BC% 3 FEEAIELEE (50 M)

Function Alg SP CR/% FC
NGA 49 927 9848
f ANGA 49 983 6792

! BB-BC 49 992 487
PCPSO(N =60, M =9) 49 999 27500
NGA 25 925 8112

f ANGA 25 984 5011

2 BB-BC 25 994 329

PCPSO(N =30, M =4) 25 100 14000

FH % 2 7] %1, PCPSO B R AR E 1 2% B B & AR
FLUSICR Y Re ik 2 s bein 1, fa e vk SRt & T
HoAth 3 Fp Bk, BARTEVEAN pR E0JA A U7 1 /5 T BB-BC

S5, EH PSO IS B BR, it LA PCPSO 7 i i J7
TR 5%,

RINEISREL fs ~  f5,PCPSO 5 HoAth 35
VEIBAT 50 IR 1) 556 45 2. H A crowding differential
evolution(CDE), ring topology PSO(r3PSO), composite
DE with queueing selection(CoDE-QS) ] 5236 £ 45 1
oK SCHR [2]; success rate(SR) LTI R, 5E XA RN
BT 4 R AE R RIS AT IS B s AT IRt
{8; peak ratio(PR) YU L3, 58 94k B H)~F 1 42 R
W AE 5 H 5 A 4 R A B RS S0 LR B PCPSO 1Y
ZHN M 5353 ¥ B 930230 10012, 2. 10.
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3PSO CDE CoDE-QS PCPSO

Function

PR/SR PR/SR PR/SR PR/SR

fs 1.000/1.000 1.000/1.000 1.000/1.000 1.000/1.000
fa 0.995/0.980 0.965/0.860 0.745/0.140 1.000/1.000
fs 0.118/0.000 0.541,/0.000 1.000/1.000 0.975/0.260

FH 3 3 1] A1 00 T B f5 1, PCPSO 1) ek £ i L 22
R 20 T 805 T HAL B L X T f5, PCPSOF
BIRe 20 79 4> 4 R AR AR A5, WA T BRI 811N, R K
BT 2 R S I EED, i DL D 2K
42 MEELLR RS

7 4 JPCPSO 5 PSO 1 CPSO &% M E 1 EL 852,
Horh PSO Jy 4k 4 =X (1) A1 (2) Bk 1 K 1 £ % PSO,
Mean, Std,+ Mean;« NSGO 1 NSLO 43 7l HiZ 17 50
WM ZRBMERRIE. SRWRREZE. R
1L 4 SR AR A B5ORD = 3B A5
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%4 PSO. CPSO#PCPSO M AEELEE (50 i)
Function Alg Mean, Stdg Mean; NSGO/NSLO Time/s
s PSO 0.393 569 314 341 4.021e™ ! 5.839 874 0.1/24 17.2
(N 302M _ 1) CPSO 0.000 000 000 966 2.333¢° 4.145 658 1/24 18.4
T PCPSO 0 0 4.145 658 1/24 19.5
f PSO 0.707 360 552 258 1.735¢ ! 0.268 322 0/4 2.8
8 CPSO 0.806 208 993 234 1.232¢7 ! 0.379 208 0/4 3.6
(N =30,M =2) —-15
PCPSO 0.999 999 828 454 4.252¢ 0.623 691 1/4 5.9
f PSO 199.376 457 652 231 1.171 / 3.4/0 1.6
4 -9
P 199. 4 .832 4 2.
(N = 30, M = 2) CPSO 99.999 999 996 457 9.832¢ / /0 5
PCPSO 200 0 / 4/0 3.4
F PSO 0.996 724 061 348 1.956¢ > 0.964 924 0.2/352.7 34.4
(N = SOGM —9) CPSO 0.999 348 774 376 1.660e 3 0.962 787 0.9/509.5 58.6
’ PCPSO 0.999 837 194 031 8.764e* 0.962 984 0.9/509.4 62.4
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HH ¢ 4 1] %01: CPSO ISR fifk FEE 4 38 i) e /> 4
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A Rtk 5 CPSO # L, B 48 PCPSO & %% I 8] A i 14
ZAHHKRE R Tk — P, BuE 7R 5
AR B I A3 A A7 A BEAR F5 I AN, 1B T PCPSO H
BEHSHC ) & PR, 7T WL PCPSO i M AEAL T CPSO.

K1 N PCPSO S XS BRI fon f5 H fo FITAE - 2111
fige (1) 2% 1) 2 A7 1. B 1 AT LU HE, PCPSO fE % H
R T B RREL fon f HOASTRARAE 2 D £ 1R E AR AE
LU R RIF 2 16 TR
43 RRZERBAEERRESH

Jig e A 8 N fron = f(M x ), M —A
L 1 0 B M RO R A T I, B e 7E
o B b (1043 A A ELBROT (), S e AR ), o 54
FEE 1 1 53 B4 52 A 24 52 7 1) s, S — 4R R Y
AN RS B A — R T Bl A B AR L, T DA e 4 1
% U PR H0EEAT IR 8 B 4 M 36 IE SR 1 TP 1k .

F 5 kR X} e e BB L £ RN fs, PCPSO 5 PSO Al
CPSO [P REXT L. fZR 4RI 5 (1% LL ] 1, 3 ol B
T THI KT J5@ e bR 5T, B6F () 85 30 45 BT 389 0, VEA0 F b
PIH AN AR (0T B, A PSO M fE T B ™ 5, 42 )=
ik Y5 (L N bR 1 22 B e W KR B¢, CPSO 1) 42 Jri il
I FbR #E 2 08 45 R B&, PCPSO 7E 1 50K 5 Al fa i
PETT TAOR PR R B A0 35, H 4 R S5 B A v 22 35
IR B BT B AR, AL T A 2 Fh VA

Function Alg Meang Stdg Mean; NSGO/NSLO Time/s
f PSO 196.291 542 630 768 8.984 / 1.7/0 2.0
! CPSO 199.999 999 971 081 9.433¢~8 / 4/0 2.9
(N =30,M =2)
PCPSO 200 0 / 4/0 3.6
s PSO 0.996 661 237 822 2.050e™? 0.930 270 0.2/399.7 41.7
(N = 808M —9 CPSO 0.999 185 969 955 1.820e 3 0.921 943 0.9/469.4 62.5
o PCPSO 0.999 348 764 221 9.660e™* 0.925 711 0.9/469.0 68.6
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