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Abstract

A new particle swarm optimization algorithm (PSO) with distributed adaptively weighted delays
(PSO-DW) has been proposed to overcome the defects of the PSO algorithm, such as falling into local
optimal value, low convergence accuracy. Based on the RODDPSO algorithm, the improved algorithm
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further considers the time-varying delays and the evolutionary states of the population, so that it can
balance the global search and local search ability of the algorithm, reduce the possibility of premature
convergence, and improve the convergence speed and accuracy of the algorithm. The main ideas are:
1) each delay is equipped with adaptive weight in the velocity update formula; 2) prediction mechan-
ism of the next evolutionary state has been introduced by the current state and probability transfer
matrix; 3) intensity factor of the distributed delay is determined by the prediction state. The experi-
mental results show that the improved algorithm has more advantages in optimizing quality, stability
and convergence speed by comparing with four algorithms on nine benchmark functions.
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1. 518

HLFBESL L (particle swarm optimization, PSO)/&—Fli T HEA R RERIFENL 4 R AL L[], BTt
Eberhart £ Kennedy (1995) [2]%Z S B AT A R R4, LI A R R el i A o A 2 1) (1) i A
HRSLER FREMMA. BT REIER S, 5Tl Yol tE, PSO Bika M H 2 Hiktm 22
IRZZHNEBE. IR PSO BT BIHK L IR R T4 )2 N 21 S s A5 (1 Ak 1) i o o RO -
SR IRAFAE RS T BN S 3 d 0 AT 3 B0 e SRR B, T Sl e B 48 R 2 TR 4B B8 ) 38 K AR W o
N B NIRL T () 22 AR DA BN R 3RS S  mT e, 238 TR T & BSodt SR ok g iy PSO B3 Ak
fhtEfg. HETZH0H% M PSO 5354 PSO-LDIW (Shi, 1998, 1999) [3] [4] [5]. PSO-CK (Clerc 1 Kennedy,
2002) [6]. PSO-TVAC (Ratnaweera, 2004) [7]. NCPSO (2017) [8]. AWPSO (Liu and Wang, 2019) [9]%%.
BT RN TN 27 S S ms i e E 504 APSO (Zhan 48 A\, 2009) [10]. SPSO (Tang £ A, 2011) [11].
SDPSO (Zeng £ A\, 2016) [12]. MDPSO (Song % A\, 2017, 2018) [13] [14]%%. iXUeHkiE % &k 15
49 DO T E ARCER A RIS A 520 5 R 38 KR HE 1 1 PSO Bk RIPERE. 2019 4, Liu 28 N[O T —FpJE T-Bt
Mo A7 2 ZE 1) PSO £735(RODDPSO), KoK#E s T BIE M R AL ), (H2 X FhEEZHE T AR B
SAF B ARSI R A E ). 8L b, B AR AR (4 Py S A5 B M RS BB, Tk
I8 3 S A BT A BRAS B s ma A R/

ASCHAE RODDPSO Sk LAl b, 7870 7% JEAN R 7 5015 B 4 AR i semd,  $2 H— ety 40 A 20
I 3 2 N A PR R B B35 (PSO-DW) o it B35 N A8 72 HAG NP AR PR (9, 43 A XIS 4 1) 588 B2 R - E TR
BETHE . FAEEREEE— D P A R R e AR R ae 7y, PR RIS mTRE, 42 s B B
HERREE . 7 B RIRTE 150 448 2R 2 M 0 AR R B 5 PUANEEEXT L . 45 RR I, Sudh a5
FAEF R R e, WSO R A T BE B

2. &% PSO B3%

16 PSO SLikrin, Br KL TR s RE, I B — KL n] Be e Pt FU AL i R S e KL -1
28 8] PR A ) S DU, B AR A e DAy B S W BE AN L, AT R AR [15] . AP S SHi
TR, iCEA1={123S} . BHREMANR", Hh D 4K, H X, eR®iecl £7RE i MRT
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MALE, HIEEEAV, eR° . i ANKITES k YGRS 38 BE AR B 4352«
Vi(k) = (Vigk)'vi(zk)l""vilgk))l

X<(k) :(Xi(lk)’ Xi(zk)l"" Xi(é))-

4P = (P Py, Py ) FH I MR MR AL, Py = (Pay, Payuer, Pay ) 2 Rh B4 S AR (0 B [16].
FEARZR R, P R T EE  R s RTS8 565 T ASRLTE K+ 120 0 5g FE AN B 1 58 5
7ASWAR
VY=o e (RO =X )4 cr, (RE - x(9),

i i 1)
X.(k+l) _ Xl(k) +Vi(k+l).

AR P, o RBHERE: r,r, &2 D 4, KA 0= [01] LEENEG o.c, a Rl
RN B R S A RN R
N T HREEZGEEE, Clerc Al Kennedy (2002)F2 H! T PSO-CK HLE[6]: F M5 A il i K & 1 S2I6iE
B¢, =c, =1.49,0=0.729 IS TEREf A . T P 4 RTERE . INEIRIAE S5 5 T I PERE, Shi A1 Eberhart
45 J5 7E 1998 4E A1 1999 EHEH T PSO-LDIW 5i:[3] [4] [5], %L 1721 BRI R & .
iter
X - 1
maxiter

@

0= Wy — (wmax ~ Opyin )

EH @, (@, JITEREA T Z SRR A E 1SR (BN IE ;s iter  (maxiter )37 410 (5 K) 1)
ERIRE B2 AR PEALE 15 &, Ratnaweera 55 A 7E 2004 S5 H T PSO-TVAC 5Hi%[7], K o B A

Tl A
maxiter —iter
= . — X— 3
& =(oi=6 Jx— @3)
maxiter — iter
Cz=(C2i_C2f)XW+C2f 4)

Erey (e )Aiey, (cyf ) Al MRS IINE E 2 BRI 2RI IE BE AR PIE (1), X2

U BUE A -
¢, =2.5¢; =0.5,c,, =05,c,; =25.

3. BUHRIRITFEEEE

AR — AN E 4 A6 2 E 3 N ZE AN TR S BT R S B 5 B IR T R T BEAE AL (PSO-DW) S
.
3.1, RSB ZIIE 5 T

BEACREIX — #2555 H1 Zhan [10]. Tang [11]58 NRGEFEE A5 e th . B MR R IR 65 D0 A
A& sk, TPk BIRAEEE, 2 £ =12,3,4%R. id

1 S D 2 .
dizaj;‘;j IZ:l:(xi,—xj,) el 5)

FoRE VAR P REARLF A PP, dy,, O RS {d [T e |} PR/ MERBORE, FH G %
AR . E X
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dG _dmin
dmax _dmin ’ (6)
AR E, €[0,1] HAEWSCIRA TR TR S ST & R iR R T G IR ig, Shi E, 2558818
T AEBR HARAS T 2 5 S UKL 7] 1328 B AP, L) B, AHRHEROK . IR G B, BEtE A 2 M i AR AS
FRE, N T R4 E, IHUE, HE:

E, =

0.00<E, <0.25,
0.25<E, <0.50,
050<E, <0.75,
0.75<E, <1.

FERREEALERE P, R — AR AN T8 4 1) 32 2 2 DR AS (520, A SCHIN—Fr Pl A
MR PR S0 MBI A AT HEAR A0 T RS HEAT TR 32 &™) %8 K OISR AU RIS, &)
FH T — R . DR ARy

()

ENEEEN

o 1l-¢ O 0
Ly, e |
KN _| 2 2
M = L . (®)
o —2 , =£
2 2
L0 0 1-9 ¢

=

1]

M = P{®) = jlg® =i} vi, j=1,2,3,4

FORFBEARYE AT RS T 200000 F R | O, WY MY =10 XL AR
S NEBERFEM BRI BIE, I mELZRErE, A% Zeng [12], 1LEHL @ =0.9 . X FIRE FE
AARK TP BEAERF Z AT APIRES, 10 DU/ BER 8682 21 53 — LIRS

3.2. FHEEMME

& G AL RE SRV T 24 0 (5 B0 SHRER U RS2 i i 208 1 il R 05 B . (HAESER SRS RS
B AR RROEACHEEE . B MERI LA e R RIS R R AL, RoEaXSEE
AR TR R R0, 2019 4 Liu 55 A\ 5| ABEHL A U SE 75, 32t RODDPSO $iK[9], BL&HIEA
BB SR U RTRS MR 2 RRGEE, R0 FEHE BRI REEE, E22
W& T AN [EIB B ) 0SS B U ADIRAS s R AN F . F82 b, B YRR 6 7 5245 B S BRRAS 1)
SEMRLR, BRI I D) SEAS B S ADIRAS R ma A N e BT IX — 35, AR —Ma A oA
T& I SE (R TR SR (PSO-DW),  HEET A A :
VD =V e (RE =X )+ eon, (R - X )

+m, (gr(k) )C3r3ia)1a(r) (Pi(k—r) B Xi(k))
r=1

+ Mg (gf(k) )C4r4ZN:w1a(,) (Pe(kfr) _ Xi(k))’
=1

(D) _ (k) ()

)
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REHER(L), BHLB1E T 56T A IARI: 2RI S AT AT Jof 7 IR 4, AL
120N o N A IITE S M0 ERRE oy A S AE RAEITI) EDERIBUR, YT T8N IR M
K ey MO0} FHINUEHL, DMK FIOEFEE: o0 RAVEIERSEG o 2 [0,1] IS5
AR m, (&) Al mg (£00) RAATRMERIGIIER T, B0 IR £ Fst, 2T
ORAEET LI A DRI PRSURIE . T ERIINR S « = kIFL5E R =RY, R =Pl

33 SWEE

FHR PR EE A MANE S o Mo . HPEHERE o HRQ)FE: HIENAE o R
I AL TGO T BE 2, BRI AR, AT ¢ AR, AR ST
_N-7
N
IEE 24 e, ¢, HEB). @HiE, c,,c,5c¢,c, FrlRfEAZEML, A3CHic, =c, ¢, =c,. WERHT
nﬂﬂﬂﬁm%ﬂﬂi%ﬁ%%%ﬁ%%ﬁ%%ﬁ,mmﬁﬁmﬁﬂﬁﬁ,%ﬁ%mﬁo,ﬁﬁ%ﬁﬁ
W, HOR/N TR AS BT e (WA 1) 4RSS K YRR G RPIRAS TN S T — RS R ISICIRES I, i
TH R IRA R R AR T POEBE B AR, A ORFRX R, I T I m (1) =mg (1)=0: 4
TR BT —IRE R T RARESES, RLFREAE MR I AL BATAIIE 2R, R AMAR ) 7 s B A B 5 2L
ZHZ I, W (2)=0.01, ms(2)=0. HLFMHFRELETAIREE, RFR—7ERAE R 23 7L a]
REMIRR AR R, L TR H R R L RMEE, Bm(3)=0, my(3)=0.01; Xz F—
RERBRHURASES, AMARIA = P s B AL B 5 EL A58, Hm (4)=001, mg(4)=0.01. Figh
(1225 0.01 —ANEKAE.

' (10)

Table 1. Intensity factor selection strategy

1 BEREFIEEFRR

W& R m, (&™) m, (&)
sk &0 =1 0 0
bia &M =2 0.01 0
LIEA & =3 0 0.01
Bkt £ =4 0.01 0.01

4, FRIBEER 9
4.1, SCIRIREE

RUGAEF SRR TERE, ASCHI NN FEE R B AT IR, A R Bg sR B ZIGRRL, FEUER
B BAARE BILEE 2, ASCRIGAE S R A EH T, B4 D =150, R T3S =20, HAIEQREN
20,000 7%, NWEIEFENLE Z=Rsm, IR EE 40 IR, & BCEYIME . BRI 2 WIRENLYIME R
FIEREV, AL E X, i e |, SRJG TS A — AR 038 N AR, AR oL (B 0 MR B LR T O AL B P
R4 R BT I E P, .
4.2. EBR1E N B93EEL

7£ PSO-DW By, A7 R 1501 EIRME N & — R EEASEL AR N R EE Rk
SIOH A B S . A S8, T N EC 75, 100, 125. 150, 175. 200 i), AR#EEEAE 150
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o= ) e L L R LA, AR P AR N SRS SR 1 B, 7ER 1 b, G0
FR P 403E M LA, b R AR UKL

W 1 AT LI Y, S A TR EBRAE N L 125 IBEEAE £ (X)s £(x)s fy () fo (X) IS
T N HERETOL, RO (G SR, T ELARAHT 5 P8, W B £, (x), f, (%),
f(X), fo(X), f(X), Sk NI 125 SHBACRIEMEERE, (B UEEN R EARZEAR A, TN =125 i)
R, I AN =125 ,

Table 2. Benchmark function

F 2 EERY

— -~ er
[k ZF R
f.(x) Griewank [-600, 600]
f,(x) Penalized 1 [-50, 50]
f,(x) Schwefel 1.2 [~100, 100]
f,(x) Rastrigin [-5.12,5.12]
f.(x) Schwefel [-500, 500]
f, (%) Penalized 2 [-50, 50]
f, (X) Step [-100, 100]
f,(x) Schwefel2.22 [-10, 10]
f,(x) Schwefel2.21 [-100, 100]
A Griewank - Penalized 1 5 Schwefel 1.2
y PSO-DW-75N PSO-DW-75N PSO-DW-75N
h — % — PSO-DW-100N — % — PSO-DW-100N ) — % — PSO-DW-100N
3 — @ — PSO-DW-125N 8 — @ — PSO-DW-125N 65 — @ — PSODW-125N
L PSO-DW-150N PSO-DW-150N ! PSO-DW-150N
u — & — PSO-DW-175N — & — PSO-DW-175N | — & — PSODW-175N
= "‘.\ — @ — PSO-DW-200N = — @ — PSO-DW-200N > | — @ — PSO.DW-200N
22 L 6 £ 6 l‘
s |38 3 g |
g LR @ g \
R IR w4 25501
o LI RN 8 8
£ ye e £ £ .
H] P = 5
So ATIo e H 2 CRETA 6.5 TN
< e ) s 2 Aol e ¥'S
2 v - "TEee
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Figure 1. Training N by PSO-DW algorithm
1. F PSO-DW EAiNZ N

4.3. EWERE 5

R FE M RRAE M 4R R s ) Lk, A8 S0k PSO-CKL PSO-TVAC. PSO-LDIW. RODDPSO
PURDBLEAERTEL, YR TEbR AR ME . ME. 2. SRR Range 3 M 2 fion. £ 3 £, EHIFEM
SIS, PSO-DW SHVETE L/ EHE R R I H B RALH . B A PG R E R R/, X
KW PSO-DW SVEABUF T M &, HUCSIOR S s HIRBR T 7E f,(x) L, PSO-DW Sy 7 Z
RN, XU PSO-DW Sk A e Ve ir s #i/IMATTT S PSO-DW  HVEINAE fy(x) Rugidh T
PSO-CK ik, #E—PAFALLEL, BykMEseRIMXILEZ RODDPSO ik, 1 PSO-CK. PSO-TVAC.
PSO-LDIW SR i i 72, IX R EATE i 4E48 & 2¥ (A, PSO-CK. PSO-TVAC. PSO-LDIW Hi£E%
GISIT SR RS, 1715 ABRTAET PSO B3k, 7u4r B T M n) ME R P S5 A4 R s B,
AR TSGR (2 FEE, RO B Rk R R s AR e

Table 3. Comparison of performance of five algorithms in 150 D search space
Fz 3. AFEATE 150D MR =IE PR EEELE

BRI RAEELD PSO-CK PSO-LDIW PSO-TVAC RODDPSO PSO-DW
HR/MA 2.71 x 10° 343x107° 2.99 x 10° 232x10™" 8.66 x 107"

f.(x) Bl 5.50 x 107 3.27 x 10° 4.13 x 107 143 %107 2.15x 107
E 1.83 x 107 1.63 x 10° 4.13 x 10° 1.43x 10" 2.15% 1077
R/ME 417 x 107 251x107* 5.71 x 10° 493x10° 1.88x10°%

f,(x) HfE 8.96 x 10 1.92 x 10’ 2.23 x 10 4.42x 10" 7.98 x 1072
JiE 1.79 x 10° 6.83 x 10’ 9.90 x 10° 5.66 x 10 1.51x 10"

R/ME 3.30 x 10° 154 x 10° 212 x10° 1.70 x 10* 8.04 x 10°

f,(x) B 9.21x10* 2.29 x 10° 3.07 x 10° 6.00 x 10°* 1.45 x 10*
U= 5.69 x 10* 6.01 x 10* 4.69 x 10 2.30 x 10* 4,01 x 10°

R/ME 7.26 x 10° 5.49 x 10° 1.23 x 10° 3.69 x 10? 2.71 x 10°

f,(x) ¥iE 9.01 x 107 7.72 x 10 1.40 x 10° 5.24 x 10° 3.80 x 10°
U= 1.20 x 10° 1.14 x 10? 8.44 x 10" 7.11 x 10" 8.17 x 10"
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HR/ME 2.55 x 10* 2.56 x 10* 3.88 x 10* 2.20 x 10° 2.18 x 10*

f,(x) BE 3.09 x 10* 3.07x 10* 4.44 x 10 3.05 x 10°* 2.59 x 10°*
Ji % 2.28 x 10° 2.50 x 10° 452 x 10° 9.51 x 10° 1.98 x 10°

HR/ME 1.59 x 10° 6.42x107" 4,17 x 10 461%x10° 1.40 x 1072

f.(x) HfE 5.33 x 10° 1.33x 10° 9.14 x 10’ 1.81 x 10° 3.51x10™"
J5 % 417 x 108 2.35 x 10° 3.44 x 10 2.31x10° 9.70x 10"

HR/ME 4.13 x 10 1.00 x 10* 242 x 10 2.70 x 10 1.20 x 10

f,(x) BH 7.75x10* 353 x10* 4.18 x 10 2.04 x 10° 4.06 x 10"
T % 1.93 x 10 1.65 x 10 7.92 x 10° 1.05 x 10° 3.03 x 10

HR/ME 9.07 x 10" 1.60 x 10° 3.55 x 10? 2.40x 107" 9.20x10°°

f,(x) HfE 1.89 x 107 2.79 x 10 4.67 x 107 3.41x 10 419x10°°
T5 % 452 x 10 9.75 x 10 3.45 x 10? 213 x 10 1.51x10°°

HR/ME 2.93 x 10" 2.98 x 10! 552 x 10 1.64 x 10 6.34 x 10°

f,(x) HE 3.31x 10" 348 x 10 6.13 x 10 2.36 x 10 8.17 x 10°
T5 % 1.87 x 10° 232 x10° 3.42 x10° 2.77 x 10° 1.42 x 10°

2 R WILE 150 4Ef A (a] rh, TURP SR B 8, {2 PSO-DW ARSI .t 704
K EGIN, T mfifs B 75 %, PSO-DW Fil RODDPSO i 7E S il HH#R 2 I H AL 1 42 )
HWRAES, POEIRALAR T R, ELAE D0 A SRR 3T o R I A 1 Jo B4 2 A = vs e DL 1
REZT, SEBUCSARE JIRIFETT. Xt RODDPSO 5%, —J7 i d1 125 18 T I i i 22k, PSO-DW kR
A SEIAER R R YR RE, KORIRTE TR s ST, PRSI RE E TREIN, fefE
FRE HT 2 DR A PR ) N — IR AL, Itk 7 RARUSIGE L o 25 ERTiR, 7 150 48 R 2 [,
oSt () PSO-DW Sk AE 18 2R A vh Loy 1 17 4 R 3 MR B R I RE 0, BRAR T N R B dme DL ER T
REME, SEIL T ACSIH FE AN SRS FE O3 T

Griewank

Penalized 1

4 10 5 Schwefel 1.2
[ PSO-LOW 5\ PSO-LOW PSO-LOW
'\ — ¥ -~ PSOTVAC | — % — PSO-TVAC — ¥ PSOTVAC
S PSO-CK s Rrvy PSO-CK e PSO-CK
| \.\ . 'v'vvwvvfzissgDDPV?O ¥ Y v""‘v?v_:_igg%ﬁc i ‘n — @ — RODDPSO
Y — & — P8O ! —- — & - PSO-DW
g, L. 26l b\ E “\
= \ \ = | \ 2 9l
| \
AN $ 00 3 ks
] @ 'y [ { i
ol \ ‘\ E“ | \\ 55.5 s YYYyvrrvyrVvvYery
é voo® £ ] £ e .
LU g E ]
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