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Adaptive particle swarm optimization with perception of swarm activity

SUN Bei, WANG Ya-linf, GUI Wei-hua, YANG Chun-hua, HE Ming-fang

(School of Information Science and Engineering, Central South University, Changsha Hunan 410083, China)

Abstract: For an optimization algorithm, the algorithm structure and the ability of utilizing information obtained in
the optimization process are critically important to its performance. Standard particle swarm optimization is conceptually
concise and easy to be implemented. However, for every single particle, it can only learn from the best historical experience
of itself and the swarm. The experience of the rest particles and state information of optimization process have not been
effectively utilized. In addition, the simple iteration mode based on a second order difference equation raises the structural
risk of trapping in a local optimum. In order to avoid trapping in a local optimum and the premature phenomenon, we
propose an adaptive particle swarm optimization algorithm with perception of swarm activity. Here, the swarm activity is
defined as the current searching state of the algorithm. According to the swarm activity, typologies and searching modes
of particles are adaptively changed, enhancing the ability of global convergence of the particle swarm in some extent.

Simulation of some Benchmark functions demonstrate the effectiveness and features of the proposed algorithm.

Key words: particle swarm optimization; swarm activity; information utilization; control strategy; adaptation

1 5] (Introduction)

WOk B 5 15 (particle swarm optimization, PSO) A&
KennedyfllEberhart T- 19954 £1& H i) —Fh 2 T- A4 R
REMIIFAT AL VRN ORI SRR M 2 TR 1S
SILEE & TR e B4R, BA RS, 5
TSR A FEEARAZHE . AR oM it
FEF AR 32 7T 2 M.

MILHEA G, ORI VLR R T2 251
RYE. Shi%e NERCRIRERE S 5N T B+, B9
T AN BB PRl 2 BB R ORI PR R
11822 OzcanfIMohantff 7T 7 N EI R 1 #E 4>

Wk E39: 2015—05—08; 53¢ H #: 2015—11-30.

Ti@{E/E% . E-mail: ylwang@csu.edu.cn.
AT KA.

T MRS B LA A R s B E RS LT
i BEE L, H4EH T HIE R R B E A S
) AR, Clerc flKennedy 2 37, 1 fCkE #5295 1) L
YeiR, M TEARINSEE BB, R H
TR USSR FRL T I8 B R ;v g 5 s it o
BT 4B O RN SR, SR T — FhioR SR )
G —A R G 2R VE R GRS AT T HURSUEDT; 1%
&2 N A3 AT 1 Aok B SR B 3 ok AR Y r)as Bl R,
S H T RS B TR E K IE R 7S E), DLA Ok
TEESHOR U — S rE 7] Bergh®E NIERH T 45
WAL BE AN BE PRAIE 2 RS, EEARRIRUEIR

X QT SO AR ST (61321003), [FZK B ARl £ 40 EIH (61273187, 61273186), HH Mm-S R L2 R L IR BTG e K

AT H (20110162130011) %5 B).

Supported by Foundation for Innovative Research Groups of the National Natural Science Foundation of China (61321003), National Natural Scien-
ce Foundation of China (61273187, 61273186) and Specialized Research Fund for the Doctoral Program of Higher Education (20110162130011).



Fam

et B RS VRN E & NAROR A S0 423

SHBNHE— SR E A A, AR B AL B2 s S
o5 T R BE RV S BN B IR e YU B Trelealz
HEIES RGER AT 1 ORI S S H0E BURFS
TEPESI T, 15 3] T ok B R PR XA AR X
358, IO AN ] X 38 A kLT 1R 38 sh AT T A,
Fernandez-Martinez 5 A0 B0k #5501 1) S 40 X
WaAT 17—y, 193] 7SN BA A FRHMEN S
FOE X IR0 B R TS N R iz s i g o —
AR REHEFF IR TR, K A Lyapunovis g P e £
PO SRV (AR VA T IR AT, 4531 1 5ok:
TR SR B P AN EE AN B ML S SR 2 1Y,
SR A N BEATLIERE (0 £ B2 H R, FE s BEATLIR (1)
LA AR RGAEMEZE B ST e 2 e i R G
PLA AT I, 25 T fokhi i Sk S — A 7
I3 2642 Zhan®E NFEH T —Fh & R ROR BES I,
SE ST IRER R WS H4FeR A, FRE S
FEH LRGSR ZORES, BE R BRE S
(B3, (M S AR T — i b v lohor 3 B
VRIS LA % A F W S0 ) — i 4 v 2 TR )
15, ARG SRR B EE R, 2 T — M
(Aofs FEE Aok e ARy L4 IR AR iy 4 5 T e ik B AR
WA G BN R SR AR AR, $2 T PR ORI
A SRR ISY, B RS NS T —Fhd R ok i A
1, TSR] R 7 AR, B R E ok
B RO FH =, a8 I ks T3 o AL 7T B2 e Sk []
YERII 51 5 R0, A Aok 78 BT ok o) e 7= A8 1 5
JFHIE 7175 1 L BEN LA 3 SR SR, e m T
BRI A R BRI BR1S R AR B A N
S RS R AL, B2 R T
MLER PR FREREUT, m S )R ok B SRR AR
FIRRFIEMGE S, Y2 T —Fh B IENAE RS
RERIS,

AL, TR B R I S R R — AN A BE
WA B AR, S Tk e 5y i 78 B AE TR
SO SR Re IR, STVES B IUE, R
(RS BNRFE AT, LASCR F has RGBS AR NS A2
BRSO SRR U SO E RN S AT 0 A, 4, X
A S B stk DL R 5 HoAth B0 i 45 A R TR A
FE— A5 7 ).

&4, BORL B EIE R 7L DA S T B KR,
SR, KT A MPLA I3, o 220 2 24 R A5 SR A
I 5L, Ok S 2 4 J e LA P B D AR SR AR K.
AR RHHORL A AR AR AR ORI A B & AFh
FEERAR DT A B G E, Sk X RIS RER]
(ARG S AR Y DRSS BRI, DL FRIE
TR SRR AR A BN R, SRR T
0 ) RN 65 5 B N Jea s e I ) 1l R, &85 3 T LAF L
FE PR b2 TRk AR R 701024, 3 T —Fhdt

TR PRI AN B I B ORE R 572 (adaptive particle

swarm optimization with perception of swarm activity,

PSA—APSO), Jit e 4 .92 B 15 HA R B

TR EG, B T ARSIV BERRS A

2 R AETHORL R 5532 K 4 3 A 23 A (Descrip-
tion and analysis of standard particle swarm
optimization)

SRRSO AL R SR AT B R AR AE SR [P
RIREMAZ ) I Jm B R ESH B IR. 4
S 2 G R I S L G e LR R R ) A A AT
PAE I 27 S RO N oAl A I 22 303500, RIFRE AR SR
] (5 BRI AT R,

T 1X— 48, Kennedy F1Eberhart % i1 1 fHUki i
SR AR BAER B MANAFEN (N > 1, N € Ny )P
R ¥, BEASRLFACR MR 22 18] ) — A, FERE— M,
Wiyt 27 >) B S AR DI S e 2236, AT 5
B & RIsAT R AN B, HESD R S 177 1
sk

PRUERCRE A RIAATH A O

oD = o) ey D () — 2By 1
k k
eI (g — 2 ), (1)
et =) ot @)

o o0 RN T RS ddE EIEUEQ < j
< Naaxs J € Ny Ny HEKARED), o) 2 555 i
ARLTE S5 d4E 134T, w o B AL, pU) R
g I ARBTG5 S A B AR R 0
AR E E S d 4 LI EUE, o Mley 5 51 A S e 7
Rk 22 B, 7O Ry 9 A WANE 0, 1] 6 Bl A 28 1
BEALEL.

BRORARQ), Aoy =28 — 25V
3PSO I = e

xz(_écﬂ) + [(cl,yp()kJrl) + C2,yék+1)) W 1]3:5;) +

= e p + el (3)

Wy =,

HRpL = Cl’Ylng), P2 = Cz’YékH), © =1+ @2, M
QL%

2 4 (p—w = Dl +wali™V = po(k), @)
o

(k) (k)
o(k) = P1Pia ;wzgid . )

124 KB TR H, R 7 RIS Eh S (w, ) RIHL
A%, SCHR (91X 3(4) KA, 132 T PSOSLILI)
SeSIX [h]

Sc={(w,p): |lw| <1,0< p<2w+1)}. (6)
ZWSCEIX T8 T K1) 53 954 BA A [FRFAE R B X



424 B owo#H w5 N

33 4%

U0 G2 PR, X SA X2 ) BT LA L, 2,
3,4, 53R, Ho, XSO B XFRIR G USKIX, X352
NSERFRIRGISIX, X383 LB R s X, X
$RA N SERATIRRIRG X, XIS A AELX .

(k+1)

Lig Lig

k
vy

Fk+1
v

K 1 PSORLEHE HH A~ U851
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Fig. 3 Information interaction between standard PSO
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