= RS (B RBFARR) ,2024,33(1) .79 - 86 CN 53 -1192/N ISSN 1672 -8513
doi:10.3969/]. issn. 1672 — 8513.2024.01. 010 http ;//ynmz. cbpt. cnki. net

ETEZMBEZRBNEFATHER

BRI, FXH, HEE

(REIC R FAF£BE, LT KIE 116028)

W AT AR R AL T B SE kB 2] ) S FA N By 30k DS E R AR A FIAL 3k T S 443 5
KT F BT BRI B R — R T ARIRE B R, 36 %1 4 R R o) T 402, o
B NE Sl Logistic SAMAALE i B T Ao A0 - 79 46,30 AU B 2471 8 F AR f
AR R kT B A7 XA T Sk SA B 00 2By Ao By 36T AL ), o e T B R
B SRS S T BRI B AR T B A S AL £ 11 ANl
LA G, 2 RA I, F I S R AR A FARM LS @ R F A TAR AT Bk, B
AR B E R . EFAR AL ) o S AR R KR8 B TR E e Sk

KR AP BER 5 DRk RA T F R e gt

RESET TP KEIFER A XEES 1672 -8513(2024)01 ~0079 08

KRR — ML TR RE R DL AT , B J e DU BRI b A MR RO AT S R Ak R AR A )
B R AR TAR R i TR AR S LSE Y S0 SCHRL 1] T e R R 4R 3
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TASERE 1 4 R 48 R B8 ) AR R IR e 0 7R U0 A rp s 316
1 FRENFEEE
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GC=aG+(l-a)C,0<a<l. (5)
G = Gaussion(0,1) =rand(0,1) ~N(0,1). (6)

€ = Cauchy(0,1) :tan((rand(O,l) -%) -w). (7

P FRERL T B A
xi(t+1) =x3(t) « (1+GC) - n,. (8)
n, =tt 3 (9) E1 FRENAHR

Hor 2 FOR LS FREP AR T © 7658 j 46 ERIAIE. GCONEMT - MIVEAE R H T, G BRI A (6) P2
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r(t+1) =4r(t) (1 -r(t)),r(0) =rand(0,1) H r(0) % {0,0.25,0.75,1}. (13)

(W = Wi )

w, (1) =r(1)w,;, + . (14)

il TR SR A
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2 PR EEA D R B S0 AE R L 3.

s O BERICP H{E

F 111 AR
Name Function Formulation Range f.,p.
A Shpere fhi=Ya [ -100,100]" 0
i=1
b Schwefel’s 2. 22 ﬁ:z‘xiHH | x; | [ -10,10]" 0
i=1 i=1
n i 2
fs Schwefel’s 1.2 fi= Z ( Zx/) [ -100,100]" 0
S\ E
fi Schwefel’s 2. 21 fo =max; ||, [,I<i<n] [ ~100,100]" 0
n-1
S Rosenbrock’s f=Y [10()<x,.+l -2+ (% - 1)2] [ -30,30]" 0
i=1
fs Step o= Clx, +0.5]D° [ -100,100]" 0
i=1
n 1 n

£ Ackley’s f7=—206Xp( ~0.2 szz)—eXp(chos%xi% 20 +e [ -32,32]" 0

n ~" no=
s Rastrigin’s fs = 2 [4? - 10cos(2mx) + 10] [ -5.12,5.12]" 0

i=1
f Griewank’s frm S 2 [Teos( )+ 1 [ ~600,600]" 0
9 riewank’s 9_40005:1 i 11 > (ﬁ) - s
n-1
0= L{ IOSinZ('n'yi)+z (y; = D21 + 10sin® (my; + 1) 1+ (y, - 1)? } +
n =

Y u(x;,10,100,4)

=1
fio Penalizedl [ -50,50]" 0

y; =1 +%(xt+]),

k(x; —a)™,x; > a
u(x;,a,k,m) = {0, —a<uy; <a

kE(-x —a)",x;, <-a
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Name Function Formulation Range Sopt
n-1
fio= %{IOSinz(wyi)+2(yi —1)2[1 + 10sin®(my; + 1) ]+ (y"—1)2} +
i=1
Y u(x;,5,100,4),
i=1
i Penalized2 yo=1+ %("Ci +1), [ -50,50]" 0
E(x; —a)™,x; > a
u(x;,a,k,m) = {0, —a<x; <a
E(-x, —a)",x;, <-a
2 BEESEER
Algorithm Parameters
SPSO w=0.65,¢c, =¢c, =2
MMCPSO w,,=0.4,0,,=0.9,c =¢c,=2,¢;=1
F3 2HMEERSE I MRENKEEENENTEEMREES
SPSO MMCPSO
Name
Mean SD Mean SD
A 1.776 0.814 1 1.827 x10°° 9.542x10°°
ja 38. 86 33.82 1.399 x10~° 2.258 x10°°
f 48.27 17.90 8.529 x 107" 2.305 x107"
fa 2.675 0.654 8 3.710 x10~° 1.381 x10°®
fs 444.2 291.7 28.76 0.1215
fs 1. 687 0.929 0 0.861 1 0.759 9
5 4.530 0.8209 2.546 x10°° 1.521 x10~*
Sy 172. 1 41.30 3.117 x10°° 1.227 x10°°
fo 0. 106 7 0.036 0 3.479 x10~° 1.197 x10°®
Sio 1.136 0.840 9 0.076 6 0.056 3
fu 1.073 0.465 1 0.089 5 0.0550

221t FPSO I MMCPSO e fiff 11 A o Il X o 20T A5 107 38 i 2, LA S UL 0T PRS2 b0k
AR ARG E RCBCR S , An ] 3 P 4 18] 5 iR,
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Iteration
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10" $es 22= 10¢ e
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2 10 %
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107 “ 10
10 10
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Iteration Iteration
(e)fy (d)fs
B4 BEESf~f BBIFRNEREMLE
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1 00 \_’_\"M"—:M:A;P—s() ’ 07 =t MMCPSO 108 == MMCPSO
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BSs JREES ~fuBBIHENEHL

N 3 AT, EARUEDR BR B £, ~f, o fy ~f, | MMCPSO 3 1 -0 4 B2 4 FPSO B kA 45 W R 1o B0 R:
A, AL A I X pR BB A SR A L P - Rt B 42 00 R A B A e (L. ANIET 3 P 4 8T 5 v
A1 R R PR T O JBE K T LR RO M S R SN T, A5 4 TS SR AL AR S B A, Bk
H SRy Er LAk P BE A B 5

3.3 XfEERI

o THER] MMCPSO B (i Mtk 4 H 5 3 Al i) PSO ASAHEAT L, (358 F1 i W B A TR 1 2 )
PSO(GPSO — AW) ') ZhZ&s4E % {151 PSO(DDAPSO) 7 Fl R a4 PSO(LC - PSO) '™ BRI S5k &
N2 4 R AR FIAS RV HEA T 5200 LU A (0 28 T, D BR B 206 138 D %58 30, AP BE IR N 8
90, Fe K ARVER t_max BB 150, B4 05T 3BT 50 K.

25 45T MMCPSO B35 H124 57 3 Fif PSO 76 11 SJErED it o6 KL LBl Ho s

x4 HESHE

Algorithm Parameters
GPSO - AW Wiy =0.4,0,,,=0.9,¢, =¢, =2,¢, =1
DDAPSO w=0.65,¢, =¢, =2,¢;, =1
LC = PSO W =0.4,w,. =0.9,¢, =¢, =2,¢; =1
MMCPSO W =0.4,w,, =0.9,¢, =¢, =2,¢;, =1
SR AR

DSk Tae

B MMCPSO 8455 GPSO - AW . DDAPSO \LC - PSO 3 NELAIE S IE XU BT
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AU, MMCPSO B3k R BURAE. JCIE R AE IR B, Sy S s, B R 2R AL, f; ~fo bR
714 Mean {E b H B 033 SR I e B doe DL ML XU %3932 5D BE T Hh A
2) kAR E M. AEPEREPEUT R R i SD (it /b FHE L, X U] MMCPSO SR TERERR E. R A
ERJETE fo Ff, b MMCPSO Sk R BUARAN I GPSO - AW S50k,
RS TREEMRELE

Name XJ eAR U GPSO - AW DDAPSO LC - PSO MMCPSO
_ MEAN 0.1523 0.356 0 0.057 9 1.767 x10°°
£ SD 0.008 9 0.285 4 0.142 5 8.827 x10 7
_ MEAN 3.912 4 0.224 1 2.997 2.617 x10°°
£ SD 49.769 0.1220 3.921 2.955 x10°°
_ MEAN 53.10 23.56 0. 6720 4.773 x107"
5 SD 0.693 3 32.20 0.3349 2.467 x 107"
MEAN 5.9125 56.102 3 11.034 1 4.204 x107°
i SD 9.023 4 30.2352 9.001 2 7.912 x10°°
MEAN 122.7 291.0 112.8 34. 44
% SD 76. 84 146. 4 68. 49 0.291 8
MEAN 1. 444 10. 41 1.337 5.580
fe SD 0. 981 8. 476 2.990 1.373
MEAN 9.991 2 0.309 7 5.0353 2.566 x10~°
% SD 8.915 6 0.682 4 6.092 3 2.346 x10~*
MEAN 16. 34 10. 201 2 0.102 4 2.618 x10°°
f SD 9.817 13.276 9 0.081 3 1.343 x10°°
MEAN 1.411 x1077 0. 024 0.037 3.485 x10°°
5 SD 1.997 x 1077 0.014 0.071 1.229 x 107’
MEAN 0.467 6 0.077 4 1.217 0.067 0
fo SD 0.719 3 0.047 8 0.471 0.076 4
MEAN 0.774 9 10. 47 6.020 9 2.137
Fu SD 0.078 0 6.739 12.004 3 1.930
4 Z£5iE

BE T 1 AT DRSS A [5)F R AR OL , 2R A [R] S8 SR W 1) e 61 1 3303 MM — CPSO. MMCPSO )
F3E o T B RS AR DR IR 1 95 211 2 20 T E 5l aed 51 AR5 19728 5 B 1 R P 1 3 oz S A 3
R OEAF T REPRLT R R I & BE T3 A 1 R v foe D O ME 38 F 5 A Logistic R Tl SRS PEA 45 1 1 8
U W38 2 [ SR ) SE I SRS A A5t e R A I A LU | 22 e [ RIS R S8 AL ST JC 16 k) Jms v e DG
AR AR LT AR 1 R R L D8 A 3 B TR AN [R] 1l e AN [] B SR e BE RS A OBRAHR A
TR RE S WA T — 20 9 H PR SRR 5 5 L ABITRBE 7 > v, 3 Bl 22 I 28 A5 R0 8 B 75 O T J AR
1 10 255 ) 4% 45 R AR
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A competitive particle swarm algorithm based on
multiple swarm and strategy

LI Yuan-yuan, Ll Wen-bo,SHANG Zhi-hao
(School of Software Engineering, Dalian Jiaotong University , Dalian 116028 , China)

Abstract ; The author proposes a multi — population and multi — strategy competitive particle swarm optimization
(PSO) algorithm to address the issues faced by the standard PSO,such as falling into local optima, poor conver-
gence ,and low solution accuracy. In the new algorithm,each generation of particles is sorted based on fitness, divid-
ed into different sub — populations, and updated using nonlinear logistic chaotic mapping weights, contraction fac-
tors,and a hybrid Gaussian — Cauchy perturbation mechanism. The use of different particle update strategies bal-
ances the global search and local exploitation capabilities of the algorithm ,thus accelerating the convergence speed.
Finally ,the multi — population and multi — strategy competitive PSO algorithm is compared with the standard PSO
and other optimization algorithms on 11 test functions. The results demonstrate that the new algorithm significantly
outperforms the standard PSO in terms of escaping local optima and solution accuracy,and it has a faster conver-
gence speed. It also exhibits significantly higher optimization capability and algorithm stability compared to other
benchmark algorithms.
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