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Abstract

Traditional Particle Swarm Optimization (PSO) algorithms tend to fall into local optima when solv-
ing complex optimization problems, which hampers their global search capability. To enhance global
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optimization performance, this paper proposes population-center-guided PSO framework and in-
troduces two improved variants: Particle Swarm Optimization with Social Influence (PSOSI), which
incorporates the population center as an additional guiding factor, and Particle Swarm Optimiza-
tion with Local Perturbation (PSOLP), which introduces a disturbance strategy based on population
aggregation. The proposed algorithms are systematically evaluated on the CEC-2022 benchmark
suite and eight real-world engineering design problems. Experimental results demonstrate that
both PSOSI and PSOLP achieve superior optimization accuracy and convergence stability compared
to standard PSO and several state-of-the-art algorithms, validating the effectiveness and generality
of the proposed approaches. These methods offer practical tools for addressing global and engi-
neering optimization tasks.
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1. 5|8

IR AL EIESE, R F AL B (Particle Swarm Optimization, PSO) [1]H T3 FEEfE v . SeEl
5, SERZNAREPRE]Z N iR B AR TS, & REHERM 75, PSO
HRREME A NN AR B ARGtk R, SR TARSR AL AT AT B AR AL T E (2]

SR, PSO WAFEREAR, NHESBANRE UM, MERLHAS R TRERER. —
BN R X, PSO MELABkH Uaf# RIGH, BRI LET T . HX X —m @, A
SCNFREE AL E A K, PR T PR SO PSO Sk kPR AL-t & R VL (Particle Swarm
Optimization-Social Influence, PSOST)FRLFHEAL AL - )= H5h 52 (Particle Swarm Optimization-Local Per-
turbation, PSOLP), & fEMY s FEBk R AIBE /7, $&TExT 4 R s e e 1 48 2= 3R

2. xIE

FII PSO A EMELER T ¢ SHEEEIART ¢, , MLGREIE RRR S5 REIT AR, BHRNE
MU . NBRTHERYERE, Shi 88 N[315IN TR w, DAPEHIDRL 738 B SR MR AL, T4 58 55005
MR RAE ST WA, Shi 8 A[4]30ERH 1 BIVE RS RIS, 15 SR s AR H % B s i & R IR R g
73, TAE & BN SE AR ) - SR Ui X ety PSO BETEYERE LR TEBEE T 5Lt BT RLT 2T
W)z R I HIFRE PSO A7

BE, KEWTTESE PSO ITHHE ST . 1XiE 48 PSO 78R fif 2 FEas il REIN 55 T A S s »
Liang % A[S#&H T =FMZ A% Z:: ELPSO. MLPSO # CLPSO. =& 4T ik Guki+[F i MAMA i At
phest AR ghest “#AMINEN, BSOS HERLA L ARNMNER—TRmBIF>], B BEAELER R . 5
X AEGE PSO EAL B BLAL A I I 44 B il 248 P22 _F 7 10 N By 1m0, Li 55 N [6]32H T CCPSO2, 4T T
e G i) P SEHT ANARIEE SO 2K, IR 7Y 5 e U A R 5 ELREAT R R, S AN M
SCRERARIER: RN, SR BhA 7 2 AEmE B A 2 2 2R AN, B T pbest M1 gbest BV HFALE o« 9 Rixt 5k
B 1) @ R B AN - MBI R 1 S RAS . Wang S8 A [7]8R A DUFHAS IR PSO 42 S
SRR, SR T E N SR R AL S (SLPSO), HA SR & N R 7o BEXE AT A R TR A
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FHIFIHE 22 SRS &) 5 SR S IR R, Zhang 258 AN [S14& H T K S A RS R T #EIR AL HIE(EAPSO), HEH
WIRASNSH, AUE T PSRN 2 1k 2% A R AT = 808 A AT 55 . Ibah, Rt - sz R #EiA
H1L(GBWPSO) [91456 1 PSO 5 Jaya Hik, HARIHIIHATHE ) I E R H0k 73 57%(QPSOL)
[LOVUIE S HG 0k B 2 FEVE i ALIR R - P, BTt TRk

R TR B AR R G RE RARE RS T . ARSCNRR RO B AR,
T PSO (R EEZRENE, ARG T RSN %, MITHET T B2 AE 8 44 [ b (AR AL R

3. 5%

A AN BhrvE PSO, B S IR L TR o067 B 51 S R DUAL R 5 JR 5B 5 SEms ) B AR S E
vk, EIE A I R B R PSOSI 5 PSOLP P A sk 503 1 S I A AR

3.1. ¥0fE PSO

7E PSO t, FAMEKL ) BAPMZ LB AL BRI 1 1 B T 2R FLAE 2 A 1
a7 e SOREE, AL B R — A BRI . S TR S 2R R TR iE B

Vit =wl +en (pbest,.—Xf)+czr2(gbest—X,.’) (D)
Horp, § FOREE i ANME, ¢ FORAENERREL Al RI0, TINIIBENLEL . o Rlc, —MIUE N 2, wk
T P 328 SRS«
w= wmax _(Wmax - Wmin )(t/T) (2)
Hrw, —MEUE 0.9, w,,, —MIUE 0.4, THlEKIERKEL.
AT SR T/AS W/
XI‘HI — Xit +Vit+l (3)

3.2. RIFHIRH-HSHREX
3.2.1. FEFRO IR

MR OO E G DILR 7 MG E S BB ES, AR TR S AT R DR 205 1A .
LA R TR SRR O AL B A S, WU SRR RS B A XA AL
A TSI RS RES, R MEIRREEIRIFEN, $ETt R AR RIS 4 R R fE

REPOE .
é "%,

Figure 1. Schematic representation of the location of the population center
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FEEL AL E AR F
LA (4)
o, N RN

3.2.2. PSOSI £F
PSOSI fEf5ifE PSO HUSERl EHEAT 1 e, (ERRFORL T BRI, B 75280 3 S, A4 st
MUALE pbest FIFNHRES R AL E gbest (IFZMAL, I T M OALE 5 SIEH . MR
GIPANE A TS S At A D ES R R e Ren TS et Sk Tl M DL (R PNANE
Vi =wl +en (pbestl. —Xl.’)+c2r2 (gbest—Xl.’)+z()? —Xl.’) (5)

Hodr, AR R, ASCEUE A 0.1, PSOSI [ E ARSIl A8 W 1.

H 1. PSOSI (ALY

N FREERURE N, BORERIRE T , BHREw, MEFEIRF ¢, HeFIWFc,, tHmET
1: MIAEWAMENE X, MEEE Y, EREEF, MEEM pbest %Fjﬂiﬁu ghest ;

2: ERIREL: =05

3:while r<T do

-1
4: X:Nz;&;

5 for i=1:N do

6: V,”]=WK’+clr1(pbestl.—X,’)+czrz(gbest—Xl.’)+z()?—Xi’);
7 X=X+

8

end for
9: for i=1: N do

10: R ELAR AL [ R H A B Bt 5 4 (K& N AE F

11: SEH pbest, Al gbest
12:  end for
13: t=t+1;

14:end while
Hith:  gbest

3.3. RITFEi - BEmaEE
3.3.1. FHEpah
£ PSOLP W, R T 5MEEPOA B SHIAR T, BITHEREE MRS MO B R E
B, YREETEEE DN, NT BEREIRENRERRATE, BRI REIE), MTIE R R
ZREMERIE R A AR R .
i AR E RO B IR BN
d,=|X,-X|.i=1,2,-.N. (6)
B A B8 PP e o Co 67 B 3 BE B9
Z”, )

MR REN] 0 o, ASCHUE N 1, MATLEDRIE B 30R, ASCHUA 0.5, RERsr 2
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ARl F:

if d,, <0 then P=p-(2r,-1),

X'=X!+P,

Her, o N[0, 1IN IGBEHLEL

‘ BRI E

Figure 2. Schematic of population aggregation

E 2 MRRETEE

3.3.2. PSOLP 3CIf

PSOLP Sk ERHAIA A #R i SRR SRR L, AR SRR Ll

HAEREASRE 2 Fs .

®)
)

BXRASRREAT SR LS,

£ 2. PSOLP fhfthy

BN: RO N, OB RIRELT

MAI B B

1o WAL E X, MEEE Y,

2: ERREL: =0
3: while t<T do

FRIERE w, MEEIR T ¢, ¥R T,

ERNEEAE F, MR pbest , & JREA gbest ;

TR EME 0

4: 211 .
S: for i=1:N do
6: d, =|x, - X|;
7: end for
8: =— le i
9: for z—l.N do
10: if d,, <0 then
11: P=f-(2r,-1);
12 X' =X'+P;
13: end if
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Bk
14: Vit =wl +en (pbestl. —X'i')4—czr2 (gbest—Xf) ;
15: X=X+
16: end for

17: for i=1: N do

18: HRA B AR AL ) R AR R o AN § SRR F,
19: SHT pbest, Fl gbest

20: end for

21: t=t+1;

22:end while

Hi

4. XI§

R — RFISLIRT L, PG T AR H ) PSOSI #1 PSOLP HVETE 2 ML I & 1R, IF
5 FE PSO S HAB S BESVEBEAT 1 4TI K0T EE 23 H7 o

4.1. WA HHE

ALK T ATH R AR CEC2022 [11], ZBRBERE S 7 2 M BA S, SR
UEEVETE MRS A [ R R R, BRI PE . JRZRIE. PTG BR AL, X SUREPE AR A OIS
PTG SRR A R AR AT R B R e ) BRI

BEAh, GEHUT 8 ANTAEUHE, VR 1, XL ERA BRI R E R R RS
& BEFRRREERN S X TR IR RIS, RS S PR AL BT eSOk SVE TR SERR AL ALAT 55 Hh Y
EHMES R

Table 1. Summary of engineering design problems

= 1. IR EEL

MR TRt 1) v A 5
En-F1 P Ao/ R AR R EE W ) [ 12] 3
En-F2 JE 18R v e [ 13] 4
En-F3 AT AR ) [ 14] 2
En-F4 SRR T ) I 15] 4
En-F5 PIENL BT ) [ 16] 7
En-F6 BB AR A8 17] 10
En-F7 BT ) 18] 5
En-F8 B BhHE R T R T T ) 19] 5

4.2. TR E

A SCHE H ) PSOSI A1 PSOLP 545 PSO PA K At Fbp S 3k S92 (HHO [20]+ FLO [21]+ HOA [22].
SCA [23]. WOA [24])i47 T SZB& %t Eb o £F%F CEC-2022 MR R ¥E, Seb e 1 fe 4k 20, FhfERN
BN 100, S RKIEARIREEN 10000 & TRERAL AR, H T 10 85000 48 BE ARG ALK, FREisi s &
950, HREARKEBEE Y 500.

IR, ASCIE S T RN SR S BB ST IAT 30 RIMEE PR . ARdEZE . BRI
SR (RSP S RO bR v 22 S I SR TE R A% LU 7 bR i . tb4h, ASOEHEAT T Wilcoxon 46[25]
(EE WAL, p < 0.05)F1 Friedman 536[26], FEEHxaE—HNRE#IT T R4, HF, Wilcoxon
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IR LLE H 5% PSOSL SR £75 “+7 3R PSOSI 7EX MR iR 4 - R T e, “-7 &
NEFEL TR, ‘=" WFRIRME A IZN o BRI R Te B2 2 5+

4.3. MR ER R 4T

2 R TAE 20 4E CEC-2022 M4 FgsEn g iR, PSOSI M PSOLP 737l 7E 3 /NIt ek £ b i As
BRI, 5 HHO TEAHFEECER) 3 A5l s BRI —5. SR1f1, Wilcoxon i35 AT I6 45 K B, PSOSI
15 7 AR A E BT HHO, 1MXAE 3 AN eRdL BT PSOLP. 4R PSOLP K H#%ES HHO s ik
AT Wilcoxon £556, {HiE IS L5 PSOSI Xy b T LA #4EWT, PSOLP 7E 2 E MR 5 PSOSI i
NI . Friedman #5603 — 25 7R, PSOSI 1 PSOLP ) HIFE4Z % 1 M55 2, 6T HHO KI5 3 4 FlbriE
PSO % 4 %0
Table 2. Numerical comparison of optimization results on the 20-dimensional CEC-2022
Fz 2. 20 4 CEC-2022 LRI AR BERTLL

BRI AL Tabr PSOSI PSOLP PSO HHO FLO HOA SCA WOA
SFHME 1.15E+04  1.45E+04  1.91E+04 3.96E+02 4.69E+04 2.10E+04 1.00E+04 5.98E+03

F FRUEZ  9.06E+03  9.77E+03  9.14E+03 1.06E+02 1.76E+04 6.60E+03 2.50E+03  2.42E+03
- SEE S 5.09E+02  4.91E+02  6.09E+02  4.74E+02  1.86E+03 9.37E+02  6.53E+02  5.15E+02
PR 5.85E+01 5.75E+01 1.41E+02 3.34E+01 3.89E+02 1.27E+02 5.35E+01  5.49E+01
- FHME 6.12E+02  6.16E+02  6.17E+02  6.53E+02  6.73E+02 6.44E+02 6.41E+02 6.61E+02
FrE%  6.56E+00 9.13E+00 1.04E+01 8.18E+00 6.11E+00 7.87E+00 5.20E+00  8.47E+00
Fa SF¥{E 8.78E+02  8.85E+02 8.81E+02 8.81E+02 9.61E+02 8.98E+02 9.37E+02  9.10E-+02
FrdEZ  2.55E+01  2.76E+01 2.87E+01 1.52E+01 1.56E+01 1.45E+01 1.38E+01  3.05E+01
Es FE S 1.96E+03  1.85E+03  2.04E+03  2.55E+03  3.13E+03 2.08E+03 2.07E+03  2.97E+03
FREZ  1.17E+03  8.06E+02 9.10E+02 2.67E+02 4.01E+02 3.77E+02 4.43E+02 8.38E+02
6 SEE S 1.90E+06  1.46E+06  1.23E+07  6.67E+04 1.04E+09 1.05E+08 1.17E+08 1.78E+04
R 7.17E+06  7.88E+06 1.61E+07 3.96E+04 6.14E+08 1.01E+08 6.89E+07 1.33E+04
- SEHME 2.07E+03  2.07E+03  2.06E+03  2.14E+03  2.19E+03 2.13E+03  2.13E+03  2.20E+03
PR 332E+01 3.73E+01  3.24E+01 4.82E+01 3.62E+01 3.48E+01 1.59E+01  6.82E+01
- SEJE 2.26E+03  2.26E+03  2.26E+03  2.24E+03 2.38E+03 2.27E+03 2.26E+03  2.28E+03
FREZ  4.92E+01  6.00E+01  5.80E+01 2.24E+01 1.25E+02 6.02E+01 1.30E+01 6.70E+01
Fo FHE 2.48E+03  2.48E+03  2.60E+03  2.48E+03  3.10E+03 2.79E+03  2.56E+03  2.51E+03
FRUEZ  8.48E+00 3.65E-02 8.93E+01 2.75E+00 2.12E+02 8.20E+01 2.97E+01 2.25E+01
F10 SEE 3.45E+03  3.99E+03  3.84E+03  3.26E+03  5.74E+03 3.24E+03 2.77E+03  3.84E+03
PRz 8.78E+02  8.53E+02 1.09E+03 6.17E+02 1.70E+03 1.11E+03 9.13E+02 1.20E+03
11 SEHME 2.90E+03  2.91E+03  5.89E+03  3.00E+03  8.32E+03 5.67E+03  5.67E+03  2.98E+03
FR#E%  1.03E-01 1.45E+01 9.12E+03 1.28E+02 7.90E+02 8.91E+02 4.69E+02 4.05E+01
o S 3.00E+03  2.98E+03 3.00E+03 3.03E+03  3.74E+03 3.43E+03  3.03E+03  3.04E+03
FREZ  4.82E+01  3.67E+01 3.59E+01 4.37E+01 1.99E+02 1.07E+02 1.84E+01 9.47E-+01
+/-/= 3/1/8 4/1/7 7/2/3 12/0/0 10/0/2 10/0/2 712/3
FHHE4 2.58 2.83 4.17 3.42 7.92 5.67 433 5.08
A4 1 2 4 3 8 7 5 6

%3 BOR TAE 8 AN LREW T I A B siih g R . PSOSI7E 3 ANl @i RS i i, PSOLP Flkx
#E PSO 73 AIAE 2 ANl EHUAS i, HHO & 1 AN RS el . s i E 5, PSOSI R,
FUR & PSOLP H1 PSO. M Wilcoxon 3 A 56 25 K&, PSOSI £EFR PSO A AT A Sk 3 e I 5
REI; (HE PSO #iLtk, PSOSI7E 2 AN TAE BT A A b A R B3 2% o aX AT e T IR A ) /8
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YRR, O E 51 SHLR ] 7 ISIOEE . 5 PSOLP 4f HLEf, PSOSI7E 6 ANl F R A 310
% I ERERARE /). Friedman #3045 R 7R, PSOSIiHE& % 1, PSO JF25 2 fir, PSOLP
UBEESE K A

Table 3. Numerical comparison of optimization results on the engineering design problems

3. Tigitio @ s R EXTEE

EaRAd Ei=gan PSOSI PSOLP PSO HHO FLO HOA SCA WOA
S 1.30E-02 1.54E-02  1.31E-02  1.36E-02 1.51E+99 1.43E-02 1.31E-02  1.38E-02

En-Fl FrEZ  5.84E-04 3.18E-03 6.05E-04 8.99E-04 5.41E+99 1.34E-03 1.31E-04 8.96E-04
EnE2 fi@ﬁ 6.26E+03 6.24E+03 6.12E+03 6.81E+03 1.14E+05 9.83E+03 7.10E+03  9.79E+03
FREZ  5.46E+02  5.60E+02 4.88E+02 3.66E+02 7.54E+04 2.17E+03 5.70E+02  4.58E+03
En.F3 SEE 2.64E+02  2.64E+02  2.64E+02  2.64E+02  2.65E+02 2.64E+02 2.64E+02  2.65E+02
FrfEZ  5.09E-04 1.84E-01 7.96E-04 2.05E-01 2.086+00 1.16E-01  1.18E-01  1.28E+00
En_F4 SEHME S 1.70E+00  1.76E+00  1.72E+00  1.90E+00 3.27E+00 2.99E+00 1.84E+00 2.36E+00
Fr#EZ  1.45E-02  3.60E-02 3.92E-02 1.74E-01 5.63E-01 5.03E-01 4.78E-02  5.23E-01
EnoES M 3.06E+03  3.05E+03  3.12E+03 3.04E+03 1.12E+98 1.60E+97 3.14E+03  3.32E+03
FrEZ  7.66E+01 1.01E+01 4.59E+02 2.33E+01 1.23E+98 3.93E+97 3.71E+01  5.18E+02
EnF6 fi@ﬁ -2.43E+05 -2.43E+05 -2.39E+05 -2.43E+05 -1.57E+05 -1.55E+05 -2.37E+05 -2.15E+05
FREZ  1.87E+03  1.54E+01 2.27E+04 9.99E+02 1.67E+04 220E+04 4.48E+03 2.41E+04
SEE 1.34E+00  1.34E+00  1.34E+00 1.34E+00 1.50E+00 1.36E+00 1.39E+00  1.53E+00
En-f7 FrUEZ  2.00E-05 3.24E-04 2.42E-05 2.28E-03 4.72E-02 9.75E-03  2.60E-02  1.09E-01
SEHME S 8.24E4+96  6.02E+91  8.83E+96  7.01E+91 3.94E+98 1.45E+97 1.73E+97 8.35E+95
En-Fs FREZ  2.10E+97  9.75E+91 2.09E+97 2.29E+92 5.66E+98 3.62E+97 1.02E+97 2.54E+96
+/-/= 6/0/2 0/2/6 5/0/3 8/0/0 7/0/1 8/0/0 8/0/0
P 2.19 3.56 2.69 3.69 7.31 5.94 4.56 6.06
&4 1 3 2 4 8 6 5 7

ZE L ATIR, PSOSI 7& CEC-2022 AR#EMNREM 8 N TR @ rp B ARIN T HMEE. 5
PSOLP Lk, PSOSI EHLH Eak e, WIHAEXHANMRE L, FETREA DAL E K5 SHLH],
BT R ARI R SR AR R R AT R P sh TR, B AR AR AL R .

4.4. WSEMZRRE AT

PSOSI
——PSOLP
———PSO
HHO

L FLO
‘ ——HOA

T R B3 B A

100 200 300 400 500 600 700 800 900 1000
-100 100 EARRBL

(al) CEC2022-F2 (b1) WeSih £k
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(a2) CEC2022-F3

S B3 8L BEAFL
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TR 3 L BE A

w
S
S
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100
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(a4) CEC2022-F9

SRR K3 R BEAH
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Figure 3. CEC-2022 function visualization and convergence curves
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