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Full-information Particle Swarm Optimizer Based on
Event-triggering Strategy and Its Applications
WANG Chuang”? HAN Fei*? SHEN Yu-Xuan"? LI Xue-Gui*® DONG Hong-Li"*

Abstract In this paper, an event-triggering-based full-information particle swarm optimization algorithm (EFPSO)
is proposed with the purpose of decreasing the possibility of premature convergence and local optimization. First of
all, an event-triggering strategy is employed to achieve the mode switching of the particle swarm optimization
(PSO) algorithms in terms of the spatial properties of the particles, which better maintains a dynamic balance
between the convergence and population diversity. Next, a full-information strategy is introduced to overcome the
defect, i.e., the poor exploration ability of the PSO algorithm, where the historical information is considered to re-
duce the possibility of falling into the local optimum. Experiment results demonstrate the superiority of the pro-
posed EFPSO algorithm over existing popular PSO algorithms in terms of population diversity, convergence rate,
and success ratio. Finally, an EFPSO-optimized variational mode decomposition (VMD) denoising algorithm is de-
signed and applied successfully in the field pipeline signal denoising.

Key words Particle swarm optimizer (PSO), event-triggering strategy, full-information strategy, denoising al-
gorithm, variational mode decomposition (VMD)
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FEANVEER N T — RIS R LA (4%
SVE WOREBLE KL R AL SREAE). o, K7
etk 532 (Particle swarm optimization, PSO) A
AZHE R B PATER A, WECE BNk
A R A 2 T RN, PSO HikC & ZNH T
V2 SERR i) e, S8, WA M1k, 22K
M A AL, SR, PSO Hiks HA# & se 5
R RSO 5 B N 5 0 fee A 1 11
BT RRIE— I, 2T R ERE T
LM PSO Fik, REATLL NBAE 436 1)
SHAER; 2) FINHTHIRN; 3) BURF R TN
4) fib A HoAth 5%

PAERE (w) Z5m PSO Bk R IERE M —
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ANEFESH, aor R s R A E o o PSO B
ER—AEETT . Shi 58 B IR TR E
X MERE R, $8 HAECK AL E A A1) T
17 R R, ME/NRIERCE A R T 5 R
PRl Shi S5 42 H 1 — A2tk IR 1 otk PSO
k. BRI T SRR A B AR (4 Bk EL dE
LR R ) RIS AR PR 03 R -1 mT LS N
FMEKIR T PSO BLIEITHRAE ), 14n: A2 57 HEng 1,
TR SRMET &5 ] DLAFR AN S5 K A 2R PSO B
VAT, Bl FESIR AN, s th R
. o, SRAMRH EAMGEAR, S HAREIERCA
Tt PSO BIRMIBE FL R, Bl LR TR
AL, BADLAR K=K LA SR 4

I —5E P S5 B (RURLF 8T & — 1 I Z i) 47
BAE L (1), z(2), -, zi(k—1)} ) BEA B TR
TR EEA A AT W RAE R, SO TR TR
B H M, PR 1R Bk H R 0 s LR 0 TT RE .
SCHR [14-16] @ 3d 5] AR R$EF PSO HEMPE
AE. SR, X AT RE S G LA R PSSR : 1) IR ST
R AN R 28 IS Z0 1 Py s A5 R, R IX A5 Bk
IAE 24, AT Re 2 SRR TN R m A, 2) Wi
) R A I 22 BE ALY, 31X W] R 3 0K B N = 38
AR AR R IR A R, ARSI T A E RS
A fih A g . 42 {5 B AR R L L ZI T 15
ST ME, X R ] DU R SR IS T 42 )R
AR, MO 7R R 1) S i S B AR R R 1
TR s (R P (EDRDRE 2 BRI ) SRsh &SRBy s (=
BRRASE, ik 7R 2).

AICEF RS PSO B 5 B N J #8 e AL A0 - 2
W SA ), 42 T — MR TS R A BORE
FHMAFE (Event-triggering-based full-inform-
ation particle swarm optimization, EFPSO). A3
) ZEDTHR S S W R 1) FH Ak SR 1 51 N PRAIE
T PSO BEAEFHE 2 AR PRI S 2 TR B B 45T
i, B AR WL 1 7 (R R M e R A fid O R B, A
R CRAE T AR R B B, WL i 43 B RE I 1Y) G AR
FEA 7], R EWC S B, P R i el
K r# s, AW+ RRAiE; 2) R 1k
FEHHE A, 8 T i 2 A (5 B 2w A E )
WA, ST AN E B, (R SRR
HSE TEZRD G, WG 7R Bk R
AL 3) ik Xt — 224 i PSO Bk,
MFPHEZ FEVE L ISl D 35 2 AN M FEESE T
EFPSO Hykrees s ; 4) 25 8 2y H & 18 it s kS
I 2 G 21 A B vh A7 A2 R N S 7 5 3 B0
R AR S HE T A% B S, AR SCER T — M T
EFPSO ALK AR 73 B35 7 i (Variational mode

decomposition, VMD)!'"" LB ETL S I fE e T4
TEEHR g ), 3 — 2RI UE 7 AR H RVE
AN S A

1 NFEBUHCEE

¥R PSO B3k

PR AL B (PSO)M & —Fh 5 A= 15 &
AR R, R R B S B AR R
170, 81T H 5 5 S RUE B A ek A B 5 48 2% 5
W, AL T &AL E . 7E PSO Bk,
R SR BRI B — Mk fii. B E—A~D
P R AR m AR, 2B SRR B AR B
A BLRIR N v (k) = (vir(k), via(k), -, vin(k))
oz (k) = (zi1(k), zi2(k), -, x;p(k)). TEIERTFE
o RSB BRSO T B &5 B HAG S, B

1.1

pi=(Pi1, Pi2, -+, PiD) ot Py =(Pg1; Pg2, -+ PgD)-
HARH, B RSB 5N
vi(k+ 1) = wvi(k) + c1r (pi (k) — (k) +
{ cara(py(k) — (k) (1)
xi(k+1)=ax;(k) +vi(k+1)

X, b RRIERREL, o RRBHERE, o ey Ny
IR T, o0 AR R REL vy ALy
S BIAIATALE [0, 1] Z I8 FIBEHLEL.

ER R KR, AR RGO, BEK
RAMESEAES, Hod f() 2 HbR B AR A
B8 p;(k+1) Mp, (k + 1) I EAATE N

_ pi(k), P
pi(k+1) = {$¢(k+1), 0 (2)
p9<k+ 1) = min{pi(j)? .7 = 17 27 T k+ 1}
(3)

Hep, PRIQ HalE N P = {if f(zi(k+1)) >
F@ik)}, Q = {if F(as(k + 1)) < f(ps(k))}.

PSO B A4 R

bRt PSO FVEAFAE R B 5 N R BT i
PEEE L. U, =EA AR T 2R d PSO
S N, Shi SEESCER [19] HPARHE T — R IEAL
LR MBI R (1) PSO 5% (PSO algorithm with
a linearly decreased inertia weigh, PSO-LIDW).
ZEE R VEBCE e PRSI A N AR R E, R
PR BB A BB A 35 Bl bz 9k S JR) B /M A
DA T4 Jm 48 2R i AE IS Sl B, 12 5032 U/
AR P R SRAR AL 7 6] 24 i H s DX SsdE AT A 40 4
R, DME TR SRR A E TR
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Hodr b A ko 70 AARER G BT AR R 5 K %EAR
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max — K
c1 = (c1g — e1q) ]:x + ¢ (5)
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c2 = (cor — Cm)T + coi (6)
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Hodr ) ey (o) Bl ear (cor) 73 0 F2 7 INTE BE R AL H)
UEIE AN B 2.

2 ETEMMERNEERRTENLS

AR T —FhEE T S SR 1) 215 KL
THRELALAS, T ZAPH R T 1) FAF R HE
FIN; 2) 215 BRI R E.

2.1 EfhhL SRR

FE W 28 AL P R gerh P, AR IR P AR 1S S 1%
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e ANAT SA A R 4 B A SO F A Ak O 5k
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0 b 2 o PR 22 R PR ML ST 2 T ) — A B 1
iy, Ry FAIERE T, DS B RS NE B TR R
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N T A e S R AR 1 TSR DR, [R]I th fRAIE
TR AR R — A sh T

FL T ) ST R — B AR R A S A B
B, W7 (KRS B 4 AR e 1] fh 5 S s, il
EE 3 20 P I 2 S ] A ABT AL R sk R ok S B
MR R B BRI S B e . SR, XA 2 T e
PUR i AL 1) e 38 2 B B S S Be U e F) i 18] 5
R BRI, X2 3PSO BIERITERE T %,
FL BT BN R IR A ; 2) B 18] fil 2 SRR A 7T e 2
& — A EREEAGS S, 80 T AR A
AT TA). BRI, ASSOMRL 725 T A PR A R A, S
TR Al SR ) PSO S

Tl 2 FEVE R M5 PSO HEVERE M — AN H 2
fabs, SHABRER REUAL L, AR,
FLORUE R e IRV RE 2 AR, SR 90 A1 72 B 5[]

SR B G PR R 4 R B DU T AE TSR B, U 5 22
—ANEAR AR 2 B, DLORIERL 79155 & Rt
S (AR IR KNS, K 2 MOk IE I S iR 5
A5 A AN A T DA SR 4 A 1 ) R BOREJRE, RD,
AT RN R 7R AR S L SR, XA R
BERTREIZ I ANGE, PRI, ARG T R TR T
225 TRV R 1 B0 S P fih A SRS SR SR T 1A 9 41 5 44
e PSO BVAMIFIRE ZAENE, LUIZAR 7 2l 8
MIAS . Horp, K — b R Bt — DSk
PR3, MEERRHIGE P T BB RIFTA Proes M ghest
MO IEVA- NI A

MR SCHR (5], € SORLTFEER k& JIEARHIRREE 2
BV

D
&®:$§)%®—%%W (7)

3 (7) & — NS R F I JR RS, R
FASRLF e B A RS (RPRLF AR BUE). DN
PR GEEL. @5 (k) R H j 4EA A a4
Wiy, @, (k) ARRLESE k UOEA R 5 j 4k 7% 8]
B KL P A

F R R f (1) E XN

f(Si(k)) = Hi(Si(k)) — (k) (8)
o, (k) A2 BRME, Hy() BRECE SN

S’L(k) - Smin(k)
Smax(k) - Smin(k) (9)

SR S () Fl S (k) 4 B BB S, 00) BT
AR M.
FAIRAGER s (k) 7 SN
L, Si(k) & xx
“*“:{a 5.(k) € xa
R, e = {Si(k) € R| £(Si(k)) < 0}.

S BRI L TR T2 L 1 3
A R AT LA A 1) T L5 DL 5
o EE T, (AR BE S R A et 2 03]
ST 2) AR T H pr s F py v B,
MRS T i,

BT 70 e R — e b AR A ol ok
AR, 7EHE AN, BT A R P R B £
BEbE, F-70 M2 ] A 2 4 R A TR I
SURASI, BRI RE 2 R, DL (R T
¥ e R AR AR e, R HAR 25 3 P 1
S WL I I 6 2 B AT IR, AT 52 R
Mt AR 25 B SO A Y. (LT PR SR 7

Hy(Si(k)) =

(10)
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8 ZRES B SICIRAS (0 Ui 2052 TE VA A HEJE 42
(K1, AT AT fE 2 S EORL T BN R i i . 9 ik
IR 1A, A SR FH A i A SR R A R 1 B
FEFE, AR 7T LA E & B AE 18 ZAR S A ek
U, Wi PRAERNEE 22 B AT 2 TR K3
T

SRR

3 5245 B 5N B0 B A i (] S AT R
PR, AR B N\ R # s A i T REE ). Zeng
SELESCHR [15] Rt T ) s kL B U0 S
(Switching delayed PSO, SDPSO), %5k K
W 51 N2 PSO SHik il B /R BB SL kL
TREP DI, 5 gl PSO HikHLL,
SDPSO FEMERERR ] 1 K RHIIRTE. Z )5, Song
U SR T ZIEER T PSO Hi% (Multimodal
delayed PSO, MDPSO), %ttt SDPSO #ik, Mhg
R T BTt 7R, SOk [14]) FISCHER [22]
I3 AL T 0 A SR PSO S A A5 AN R
AP PSO Hik. R, Bkl PSO &, (Y
& T ER o P LA B, W RE S S BN AT
OB RCRAEE (W SR 5245 B A £ 47). BRI,
ASCHEH — AL T 4215 B SRIE 1Y PSO B2,

KILHIANME C, AR Oy 4215 2R 73 3l 7 L
wr:

1
Cp2637"3 (k—l

1
092047“4 <k—

/E:EP, C37ﬁ] Cq %bﬂﬁ‘jr, r3 *DM % [0, 1] ZIETIEI’J
BERLEL. AR, Bk cs = c1, ca = o, THF—
SRR, W (0S5 8) BI5I AT By KRR A
], AT B AERE 7 B N R S B AL R PT e . 5 LAt
SCHRAS A 2, FAt SCRRE B R 3 25 i 820 D o
FR, BA—ERREILYE, A (k) 5%
k— 1N % p; Mpy P IMEREAT 1 HUEL, XA Bl
TB7 LE ST AR A T R P R

EFPSO &%

G5 B (VA 2 & — 1206 p; M py
F ) IS Bl A ) A a] REAT AR 4%
R, REN R R AL, BGRB8 S e i w] RE k.
FAF i HWE 5 FESEIL T ZCIRSASICIR A 22
(8] ) — A B T) 3, XA T DA G 5 2SO AN
ERRUE. BTk, ARSCER T R 1 T FH A

2.2

k-1
> pi(k—n) - ﬁci(k)) (11)
n=1

k—1

DI AEOE :ciuc)) (12)

=1

2.3

filh 2 B 4158 EORL T AR AL B0,
£ EFPSO Sk, 55 i AR 1 B A4 B
HHIHHE RN
v;(k + 1) = wv;(k) + c1r1 (pi (k)
cara(py(k) — i(k))
;i (k)(Cp + Cy)
xi(k+1)=a;(k) +vi(k+1)
KA, (k) 25k B ZRF 0 FEL R 8%, C,
1 C, Bl RAME A4 R 415 B0
EAFERNE, (k) BFIAS R BUEZ)E 7R F i
TE kI %0 48 R R A S0 o (k) WTEURAME. 24
a;(k) = 1, R T RRES, A HiE D%
TR R I A R U 24 ou (k) = O B, RL -4
FISCRAS, AR 4 R b 752 3).
1) AR A B o ATl P 22 R
FRAN R PR3 R SO T RN
v(k +1) = wv(k) + ciri(p(k) — z(k)) +
cora(g(k) — (k) +
oz(k:)(Cp + Cg)
zk+1)=z(k)+vk+1)
v, €, = cyrs((1/(k = 1)) X021 plk — n) — (k)
M Cy = cara((1/(k = 1)) 021 gk —n) —a(k)).
RIER (10) 740, 2 a(k) =0 B, X (14) Atx
HEFE b R AL S5, |/
{v(k +1) = wu(k) + crri(p(k) — z(k)) +

(k) +

" (13)

(14)

corz(g(k) — (k)
zk+1)=zk)+vk+1)
Ma(k) =18, 0 (14) A
v(k+1) =wv(k) + 1 (p(k) — x(k)) +
cara(g(k) — (k) +
(Cp +Cy)
x(k+1)=x(k)+vk+1)

e (16) T, BRE TRk — 1AL MR (Bpast/vest)
FA R (Gt vest) FIFMELXS 20T & B 21 9 500
M1 ATLUE W AR dERL T AR A S 1 4 R
KE (v(k+1)) /& H B S B (wo(k)) FIAE
AL E (prest) AKX BRI E (ghes) =K E
E R, TIA SN A5 B0, EERE (v(k+1)) H
H SR (wo (k) ~ MERIRMRALE (pres) ~ A
i 2 AL B A (Dpast pest) ~ EJIRMALE. (gnest)
DL A Jeyiek e A B (Gpast oest) TN RES
J, 7E TSR R Al BRI T A E R, kI
TRTFIEsh 7 M 2 R, nT DAY IR R A ]
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V(k+1)

1 PSO HEIFhidts
Fig.1  Optimization process of the PSO algorithm

2) MEEASKL - BE A FE 5 B e 2 FE 1
v;(k+1) = wv;(k) + 1 (pi(k) — (k) +
cora(py(k) — i(k)) +
a;(k)(Cp + Cy)
xi(k+1)=a;(k) +vi(k+1)

M4 (7) ~ (10) mI%n, AS[E HORLT BT AL RS 2
ANE, BERTREAL T ZORA (B (16) Fiik),
Al REAL TUSCIRAS (FBaR (15) i), 1o Eoki 7 R
A SRR (1) R 2 18] M 1R AT S B2 T
EREAIG I 7R WM 2 FE v, T B AR RIE T
BT 1R R AASCRES Z B — B34, AT LA
S5 3B G TN SR R R A
EFPSO SyEmfEEwE 2 Fros.

3 (MESSBSHEITR

AL — RO IR I, FERHORE
EFPSO BiEMYERE. fEXS Lhaeiar ) EHL T 5 Fh
2 st PSO Hi%k (PSO-LDIWY, PSO-TVACH,
SDPSO™!, MDPSO"! | 45 K+ ki1 # Hi% (PSO
algorithm with the constriction factor, PSO-
CK)PY), 1E 8 A Bl A1 25 U 1 0] ik o 2Bk AT
SHBEWT: RS = 20, BEALEE D = 20,
I KIEA naxe = 20000, FEASSEEG L H IRE T = 50.
RHE X (4), BPERLE (W) R ZPEBIT. B, 157
PERCE W YEMEE KB T v =09,
w = 0.4; I (5), MEKE T (1 = c3) R LMD
W, R, IR T (er = c3) MIWIE RN ZAE 53 51
WEMT: cy=cs =25, cr=czyx=0.5; R#FA
(6), MK T (cp = cq) RLNEIBIGHY. BB, DiiE
BT (c2 = ca) IWME M AN 2 D BT e =
csi = 0.5, cop = cgp = 2.5, EFRFARCHHE S 0 HL A
% (PSO-LDIW!®) PSO-TVAC!", SDPSO!",
MDPSO"!, PSO-CK™), B fy 844 M i 3Lk 4
5E. 3\ (18) ~ (25) 7zt 1 8 Al pai 4, Horr Sp-
here PRHEUZ — > LRI BLIE R K, HISRIER] PSO
FHIEISIGHE  ; Rastrigin B EUA Griewank BR%L
AR B 1) Jey B B A e, AR HE R 304 =) e AL Al Sch-

(17)

()

A
VIiEk EFPSO Sk 25

>
)

A
THSAEARL T IRE R

A
MRAEF (10) LS

2 EFPSO HiLiifER
Fig.2  The flowchart of the EFPSO algorithm

wefe 2.22 pR#{. Schwefe 1.2 B{ %I Penalized 1 &
o S 2 W R AL, R RV B TR
K1HEH T ENMK R B4R, RIEH .
{ELFAAR B 5540 1Y

1) Sphere FR%{

filz) =Y af (18)

2) Ackley &%

70.2,/an2
fo(z) = — 20e PET 42046 —

1 D
5 2 cos2mx;
i=1

(19)
3) Rastrigin PRI

D
fa(z) = Z(zf — 10 cos 2mx; + 10) (20)

i=1
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Table 1  The benchmark function configuration (Feweg Q M e E e e e S
. o SR o
B ey RV g% B EOE 50 o s i g
Es g mmmnm [ E B E E
fi(z) Sphere [~100 100] 20 0.01 0 = 00tk - "
& .
fa(x) Ackley [-32 32] 20 0.01 0 = 150l B
f3(x) Rastrigin [-5.12 5.12] 20 50 0 E’i) * L
- —200 |
fa(z)  Schwefe 2.22  [10 10] 20 0.0l 0 B + PSO-LDIW
fs(z)  Schwefe 1.2 [~100 100] 20 0.01 0 “250F| " 7 'EESZEXAC
. <« -SDPSO
fo(x) Griewank [-600 600] 20 0.01 0 =300 F| - « ~MDPSO
. ~ = -EFPSO
fr(x) Penalized 1 [~100 100] 20 0.01 0 -350 T L L
0 5 000 10 000 15000 20 000
fs(x) Step [-100 100] 20 0.01 0 AR YOk

4) Schwefe 2.22 K%

6) Griewank PR%

1 D D .
folz) = 1000 ;ﬁ +1-— Zl;[lcos(%) (23)

7) Penalized 1 ER%L

Z u(z (i), 10, 100, 4)+

) <10 sin?(rz(1))+

(x(D) = 1)* + _XD;(:C(Z) —1)*x
(1 + sin® (1072 (i + 1)))) (24)
8) Step B %L
fs(x) = _XD;(IM +0.5)? (25)

AT HAE EFPSO Skttt AR 3
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Table 2 Six PSO algorithms test results statistics
PSO-LDIW PSO-TVAC PSO-CK SDPSO MDPSO EFPSO
T/ ME 2.44 x 107202 8.44 x 107152 0 6.85 x 10713 7.57 x 10798 1.60 x 107139
) YA 1.90 x 107188 3.49 x 107°8 0 4.26 x 1077 2.99 x 10746 1.63 x 10~7°
fi(z .
b2 0 2.47 x 107°7 0 9.72 x 107° 1.89 x 10745 7.32 x 1077°
FRINZE (%) 100 100 100 100 100 100
f5/ME 2.66 x 1071° 2.66 x 1071° 2.66 x 107 1° 4.09 x 10~7 2.66 x 107 1° 2.66 x 107 1°
o) YA 5.15 x 1071 5.50 x 10715 2.72 7.14 x 1076 8.06 x 1071° 5.50 x 1071°
2(x — v 5
FrifE 2 1.64 x 1012 1.43 x 10715 4.00 5.89 x 1076 3.22 x 10715 1.45 x 10~ 1°
MIE (%) 100 100 20 100 100 100
/M 3.97 2.98 20.8 3.99 5.96 4.97
BIE 17.1 10.2 56.3 19.5 21.1 9.50
fa(z s
2@ P2 15.3 4.10 22.6 12.7 12.3 2.44
IR (%) 96 100 50 94 98 100
5/ ME 5.09 x 107119 1.07 x 10737 6.60 x 10765 2.46 x 1078 4.37 x 10734 1.99 x 10732
=) YA 12.6 6.00 x 1071 3.11 x 1073 3.00 1.40 2.96 x 10718
fa(z .
* bR 2 11.9 2.39 8.40 5.05 3.50 1.32 x 1017
FRINZE (%) 28 94 44 72 86 100
T/ ME 4.31 x 10~27 4.15 x 10733 2.70 x 107104 9.40 x 1072 1.92 x 1021 6.56 x 10726
P BIE 2.56 x 10° 133 1.33 x 10° 204 533 3.32 x 1071
5(% —
PRz 3.91 x 103 942 2.49 x 103 988 1.63 x 10° 1.12 x 10~
MIE (%) 64 98 76 0 90 100
w/ME 0 0 0 2.98 x 1071 0 0
) ¥iE 1.84 3.69 x 1072 1.82 2.43 x 1072 2.82 x 1072 2.03 x 1072
fe(x s .
FrifE 2 12.7 2.92 x 1072 12.7 2.08 x 1072 2.80 x 1072 2.35 x 1072
RN (%) 12 14 28 34 36 40
f/ME 2.35 x 10732 2.35 x 10732 2.35 x 10732 3.77 x 10716 2.35 x 10732 2.35 x 10732
=) YA 2.35 x 10732 2.43 x 10732 2.60 x 1071 3.46 x 107° 2.37 x 10732 2.35 x 10732
fr(z o
bR 2 2.73 x 10734 4.49 x 10733 5.17 x 1071 1.70 x 108 1.09 x 10733 2.80 x 10748
FRINZE (%) 100 100 52 100 100 100
w/ME 0 0 0 0 0 0
IE 200 0 401 0 0 0
fs(x) o
PRz 1.41 x 103 0 1.97 x 103 0 0 0
RN (%) 98 100 62 100 100 100

HAh S, WTRLR B EFPSO S ik H = 38/
fHEE SR T HARL it PSO 5341,

FEWIT IR T ~i(k) X EFPSO Sk fE A5 .
R4 (9) AT, Hy (Si(k)) &2—A [0, 1] Z T8
#, B, (k) 75 [0, 1] Z[AIHUA. Y4 ~,;(k) = 0 i,
AMZI kAo, B —BEATHZRRE. M vik) =1
B, —BEAE, b — B TIRESCRE, FLTH 5
BN R, B, (k) FEEEA R, BA
BN ARSCEE G BRI R, 530 AN ] ; (k) X
BN B0 B 45 SRR AT 0 bl AR B A U X R
PIE RN 3 Px.

% 34 T AR (k) X EFPSO Sk fe
s, R 3 ATLLE Y, ST REL f1(2), fa(z), fa(2),
fo(x), fr(z), fs(z), 1€ vi(k) = 0.5 B BUAF T Fefl g
B T ful(w), 76 (k) = 0.4 BB T e gh 3 5t
T f5(x), 1E (k) = 0.3 BT EUAF T Il as K. AHER
L, (k) BUESA 0.2 ~ 0.7 B3N 45 5850 89 5
/N, ISR EE AT, 5 (k) = 0.4 B EFPSO HiEH)
PEREERAR, BRI A SOEIL ~; (k) = 0.4.
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Table 3  The statistical results of the EFPSO algorithm with different ~;(k) are compared
vi(k) = 0.2 vi(k) = 0.3 vi(k) = 0.4 vi(k) =0.5 vi(k) = 0.6 vi(k) = 0.7
/ME 1.42 x 10725 2.31 x 107101 1.69 x 107139 6.03 x 1079 7.91 x 107°8 5.14 x 10730
BIE 5.14 x 1073° 3.34 x 10790 1.63 x 1077° 4.32 x 10795 2.24 x 10732 7.98 x 1077
fi(®) PR 22 3.21 x 10735 3.95 x 1076 7.32 x 1077 3.98 x 10765 3.41 x 10732 5.31 x 1077
FRINZE (%) 100 100 100 100 100 100
B/MA 2.60 x 1071° 2.66 x 107 1° 2.66 x 107 1° 2.66 x 107 1° 3.45 x 10712 2.97 x 1077
¥IME 3.91 x 1071 6.29 x 1071 5.50 x 1071 7.14 x 1071 3.63 x 10710 5.48 x 1077
fa() PR 2 4.32 x 10714 8.91 x 1071 1.45 x 107 1® 8.93 x 10714 2.97 x 10710 6.92 x 1077
JRINE (%) 100 100 100 100 100 100
e/MA 9.01 12.6 4.97 9.12 13.1 11.1
1E 18.3 17.2 9.50 12.9 20.0 13.8
Jol) P2 6.59 3.33 2.44 3.39 8.18 2.23
FRIIZE (%) 100 100 100 100 100 100
/ME 1.69 x 1024 1.59 x 1024 1.99 x 10732 2.24 x 10740 2.41 x 1073 5.71 x 10720
BIE 5.38 x 10716 1.78 x 10716 2.96 x 10718 2.56 x 10732 7.98 x 10722 6.94 x 1077
fa(®) FrifE 22 7.69 x 10717 0.97 x 10716 1.32 x 1077 1.68 x 10732 6.54 x 10722 3.89 x 1077
FRINZE (%) 100 100 100 100 100 100
/ME 2.31 x 10728 7.34 x 10730 6.56 x 10726 7.19 x 10720 5.34 x 10720 1.53 x 107°
¥IME 5.46 x 1071° 3.84 x 1071 3.32 x 1071 7.34 x 107° 8.91 x 107° 8.72 x 107°
fol) PR 2 2.49 x 10715 2.96 x 1071 1.12 x 10714 1.36 x 1072 6.37 x 107° 6.54 x 107°
JRINE (%) 100 100 100 100 100 100
H5/ME 2.72 x 1077 1.31 x 1077 0 5.18 x 1077 9.07 x 1077 1.01 x 1076
¥iE 1.54 x 1072 1.19 x 10~2 2.03 x 1072 4.45 x 1073 1.03 x 10~ 2 2.40 x 1072
fo) PRt 72 3.04 x 1072 9.57 x 1073 2.35 x 1072 6.16 x 1073 1.05 x 1072 3.15 x 1072
FRIIZE (%) 30 40 40 42 38 36
/ME 2.35 x 10732 2.35 x 10732 2.35 x 10732 2.35 x 10732 4.67 x 10720 2.37 x 10716
BIE 2.43 x 10732 2.35 x 10732 2.35 x 10732 2.35 x 10732 8.96 x 10720 8.91 x 107°
fo(@) FrifE 22 3.71 x 10734 3.69 x 10733 2.80 x 10748 4.96 x 10733 7.69 x 10720 7.34 x 1078
FRINZE (%) 100 100 100 100 100 100
/ME 0 0 0 0 0 0
¥iE 0 0 0 0 0 0
fs(x) o
PRt 2 0 0 0 0 0 0
FRINZE (%) 100 100 100 100 100 100
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a(t) (27) 11 FRHE (10), e Ud B EH A
b=y 12 W (4)~ (6), FHE M@%ﬂbu@l%
;a(t) 13 5 (13), HH EFPSO HIEHKIHEE v, (k) Ml
e e BrB 24 (k):
A, aft) R AF S0 REIME, 630 A K 52 o
BERAKES, H Elﬂt_1 2, -, M, M N 5 ke ka1
]lz/\lﬂ\;[F (In}t{rlnsw mode functlon) FEKE, 16 end while 7
. rory AR BRI I (S B R R

i (26) T, L(N) s RA
L(N) = KL(plpn+1) — KL(plpn) (28)

Kb, p NEEES MR, pv A VMD
SRR R N A IMF 23 105 5 1 ok B,
H,N=1,2,---, K—1. KL (Kullback Leibler) #
e RN

1_
KL(plox) = plg 2=+ (1 p)Ig .
PN -

&R R A (26) H, 51 TASRILE K fla
A 480 R 0, 5 2 TN IMF 2y & 5 R 16 1E S M
BUBE B FE IR 55, PR IE RIS EL V.
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1 ¥tk EFPSO S92 10 2 BUR T 53038 o7 5 bR 40

2 ¥ VMD T EMMIISH {o, K, N} 1EA EFPSO 1

P E zi(k);

3 while k£ < kpax do

4 for i=1 to m do

5 VIS EL (o}, {01}, A AT, 64 n A5G
{E5E SUH 05

(29)

Ni

6 TEATFE n =n + 1;
7 SRAZ ISR (k) HIR/IME

fw) = X an(w) + 262
i#k

n+1 w
W)= 1+ 20(w — wg)? (30)
8 SRAOIRER wy, IR/AME
1 S wlap T (w)Pdw
E T e )2 (31)
9 BER&ILEE A
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Z — = e (32)
A
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Fig.11  Signal of original pipeline
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Table 4 SNR and MSE of test algorithm
405 |
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]
= 395+
410
390
405
385 : : : : :
400 800 1200 1600 2000 ﬁ
KFESIZE /Hz & 400
~
=
¥ 12 EMD HEEREMISEERES 4 395
Fig.12  Pipeline signal denoised by EMD algorithm
390
410
385 : : : : :
400 800 1200 1600 2000
405 KAEHE /Haz
£ 00l Kl 15 EFPSO-VMD 5% 85 L EEE S
S Fig.15 Pipeline signal denoised by
505 EFPSO-VMD algorithm
390 6.8115352
6.8115350 f
38 200 800 1200 1600 2000
TSI THy 6.8115348 |
" ﬁ 6.8115346 |
Kl 13 VMD HikEME RIS EEGE S 3
Fig.13  Pipeline signal denoised by VMD algorithm sy 081153441
6.8115342
ME— PR 7 A SCHE B A R AR ek . 6.8115340 |
4k, B 16 A T EFPSO AL VMD ik 68115338 o0
o . NN . 0 5 10 15 20 25 30 35 40 45 50
ﬁifﬂﬂéﬁ, MK 16 EF’ﬂUw%'L’H, FEANIE AL I FE 2 PR A T EL
s, |
16 EFPSO iAbff) VMD 2 M 5ykid v

5 LRIE

A T — R R RS (EFPSO),
T e SRR A A B SR TR A A 8 it e T R
SR SRORIURE - 5\ S 308 B 10 11 1 A =4 A 5 s
5 NF o R T R 25 AR, CRIE TR (1
RIS RE 2 TR I BN 25T 1T 4215 B SR IS IR 2%

B H ST S £
Convergence curve of the EFPSO optimized
VMD denoising algorithm

Fig. 16

JEA R TR R B E R, R TR E N,
AT B R Bk R R AL U SR R WY, MR
HEZFEIE, S R AMS SRR 7 0 H R B EFPSO



902

H Zlj

(8

S 49 %

ST A . e, 4R TR T EFP-
SO MEALH) VMD % M5k, slZh i T8l 58
55 ZMerh, SEG S5 RIGE T4 H 505 f s F A
A3 2. ARRWIWEFTT 13 R BAR JUAN 5 T R T
1) RS2 A A A B, RRTT LA &
82 P 8 2 S ik A S, 3t — 20 1 5 S5 B R RE
2) QAT RE S Hh PR S N A s e AT
7 i I A 4 i 2 W5 g 1] o

10

11

12

13

14

References

Wang C, Han F, Zhang Y, Lu J Y. An SAE-based resampling
SVM ensemble learning paradigm for pipeline leakage detection.
Neurocomputing, 2020, 403: 237246

Wang Dong-Feng, Meng Li. Performance analysis and paramet-
er selection of PSO algorithms. Acta Automatica Sinica, 2016,
42(10): 1552-1561

(RN, il KPR SE MR o i S 8k 3. B 3h i
1}, 2016, 42(10): 1552-1561)

Shi Y H, Eberhart R C. Parameter selection in particle swarm
optimization. In: Proceedings of the 7th International Confer-
ence on Evolutionary Programming. San Diego, USA: ACM,
1998. 591-600

Ratnaweera A, Halgamuge S K, Watson H C. Self-organizing
hierarchical particle swarm optimizer with time-varying acceler-
ation coefficients. IEEE Transactions on Evolutionary Computa-
tion, 2004, 8(3): 240-255

Liu W B, Wang Z D, Yuan Y, Zeng N Y, Hone K, Liu X H. A
novel Sigmoid-function-based adaptive weighted particle swarm
optimizer. IEEE Transactions on Cybernetics, 2021, 51(2):
1085-1093

Jana B, Mitra S, Acharyya S. Repository and mutation based
particle swarm optimization (RMPSO): A new PSO variant ap-
plied to reconstruction of gene regulatory network. Applied Soft
Computing, 2019, 74: 330-355

Liu B, Wang L, Jin Y H, Tang F, Huang D X. Improved
particle swarm optimization combined with Chaos,
Solitons and Fractals, 2005, 25(5): 12611271

chaos.

Kennedy J, Mendes R. Population structure and particle swarm
performance. In: Proceedings of the Congress on Evolutionary
Computation. Honolulu, HI, USA: IEEE, 2002. 1671-1676

Zeng N 'Y, Wang Z D, Liu W B, Zhang H, Hone K, Liu X H. A
dynamic neighborhood-based switching particle swarm optimiza-
tion algorithm. IEEE Transactions on Cybernetics, 2022, 52(9):
9290-9301

Dong H L, Hou N, Wang Z D, Ren W J. Variance-constrained
state estimation for complex networks with randomly varying
topologies. IEEE Transactions on Neural Networks and Learn-
ing Systems, 2018, 29(7): 2757-2768

Dong H L, Hou N, Wang Z D. Fault estimation for complex net-

works with randomly varying topologies and stochastic in-
ner couplings. Automatica, 2020, 112: Article No. 108734
Moslehi F, Haeri A, Martinez-Alvarez F. A novel hybrid GA-
PSO framework for mining quantitative association rules. Soft
Computing, 2020, 24: 4645-4666

Wu Z H, Wu Z C, Zhang J. An improved FCM algorithm with
adaptive weights based on SA-PSO. Neural Computing and Ap-
plications, 2017, 28(10): 3113-3118

Liu W B, Wang Z D, Liu X H, Zeng N Y, Bell D. A novel
particle swarm optimization approach for patient clustering from
emergency departments. IEEE Transactions on FEvolutionary

16

17

18

19

20

21

22

23

24

25

26

Computation, 2018, 23(4): 632—644

Zeng N Y, Wang Z D, Zhang H, Alsaadi F E. A novel switch-
ing delayed PSO algorithm for estimating unknown parameters
of lateral flow immunoassay. Cognitive Computation, 2016, 8(2):
143-152

Song B Y, Wang Z D, Zou L. On global smooth path planning
for mobile robots using a novel multimodal delayed PSO al-
gorithm. Cognitive Computation, 2017, 9(1): 5-17

Dragomiretskiy K, Zosso D. Variational mode decomposition.
IEEE Transactions on Signal Processing, 2013, 62(3): 531-544

Kennedy J, Eberhart R C. Particle swarm optimization. In: Pro-
ceedings of the IEEE International Conference on Neural Net-
works. Perth, Australia: IEEE, 1995. 1942—-1948

Shi Y H, Eberhart R C. Empirical study of particle swarm op-
timization. In: Proceedings of the IEEE Congress on Evolution-
ary Computation. Washington, DC, USA: ACM, 1999. 1945—
1950

Li J H, Dong H L, Wang Z D, Bu X Y. Partial-neurons-based
passivity-guaranteed state estimation for neural networks with
randomly occurring time-delays. IEEE Transactions on Neural
Networks and Learning Systems, 2020, 31(9): 37473753

Dong H L, Wang Z D, Shen B, Ding D R. Variance-constrained
H,, control for a class of nonlinear stochastic discrete time-vary-
ing systems: The event-triggered design. Automatica, 2016, 72:
28-36

Wang C, Zhang Y, Song J B, Liu Q Q, Dong H L. A novel op-
timized SVM algorithm based on PSO with saturation and
mixed time-delays for classification of oil pipeline leak detection.
Systems Science and Control Engineering, 2019, 7(1): 75-88

Clerc M, Kennedy J. The particle swarm: Explosion, stability,
and convergence in a multi-dimensional complex space. IEEE
Transactions on Evolutionary Computation, 2002, 6(1): 58-73

Liu Jian-Chang, Quan He, Yu Xia, He Kan, Li Zhen-Hua.
Rolling bearing fault diagnosis based on parameter optimization
VMD and sample entropy. Acta Automatica Sinica, 2022, 48(3):
808-819

(RIS, B, T8, i, 2. 2T 28000 VMD FIFEA
HRBN A2 M. B3 FR, 2022, 48(3): 808-819)

He Xiao, Guo Ya-Qi, Zhang Zhao, Jia Fan-Lin, Zhou Dong-Hua.
Active fault diagnosis for dynamic systems. Acta Automatica
Sinica, 2020, 46(8): 1557-1570

(T3, S8, KA, STEM, HRE. B RGN LRIl
K. HELEERR, 2020, 46(8): 1557-1570)

Tang Gui-Ji, Wang Xiao-Long. Parameter optimized variation-
al mode decomposition method with application to incipient
fault diagnosis of rolling bearing. Journal of Xi’an Jiaotong Uni-
versity, 2015, 49(5): 73-81

(o, Ebele. S8 NAL /3 W3S 43 A J5 10 T Sl AR 30
RS R . 78 22 38R 25, 2015, 49(5): 73-81)

S ) I | PR PN L B w0 e o
T FUTT IR L 2] 5 TE E B
PRI HT

E-mail: wangchuang64@126.com
(WANG Chuang Ph.D. candidate
at Northeast Petroleum University.
His research interest covers deep

learning and pipeline integrity analysis.)


https://doi.org/10.1016/j.neucom.2020.04.105
https://doi.org/10.1109/TEVC.2004.826071
https://doi.org/10.1109/TEVC.2004.826071
https://doi.org/10.1109/TEVC.2004.826071
https://doi.org/10.1016/j.asoc.2018.09.027
https://doi.org/10.1016/j.asoc.2018.09.027
https://doi.org/10.1007/s00500-019-04226-6
https://doi.org/10.1007/s00500-019-04226-6
https://doi.org/10.1007/s00521-016-2786-6
https://doi.org/10.1007/s00521-016-2786-6
https://doi.org/10.1007/s00521-016-2786-6
https://doi.org/10.1007/s12559-016-9396-6
https://doi.org/10.1007/s12559-016-9442-4
https://doi.org/10.1109/TNNLS.2019.2944552
https://doi.org/10.1109/TNNLS.2019.2944552
https://doi.org/10.1016/j.automatica.2016.05.012
https://doi.org/10.1109/4235.985692
https://doi.org/10.1109/4235.985692

4 3 A BT AR ) A5 BN RE DAL &% K L 903

2 | N T /NG N I s
BT A%, 2017 43k RilgE Tk
FRG M SRR AL
BT T 0] Ny o3 A DR 5 P, IR
JEE 2 S R AL 2T

E-mail: tomcumt@126.com

(HAN Fei Professor at the Artifi-

cial Intelligence Energy Research Institute, Northeast

Petroleum University. He received his Ph.D. degree in
system analysis and integration from University of
Shanghai for Science and Technology in 2017. His re-
search interest covers distributed filtering and control,
deep learning, and reinforcement learning.)

AR ARAuAhoRe N L REREE
W 7L R #d%. 2020 23115 R ALK
BRI RS TR A, £
LR FTTT I8 N M 254 R G S
.

E-mail: shenyuxuan5973@163.com
(SHEN Yu-Xuan Associate pro-

fessor at the Artificial Intelligence Energy Research In-

stitute, Northeast Petroleum University. He received
his Ph.D. degree in control science and engineering
from Donghua University in 2020. His research in-
terest covers filtering and control of networked sys-
tems.)

FER RIAMKATENSER
HAR BRI BEZ. 2017 FE3RERICH
TIOR3 1 5 B2 - o AR b
AL FEHEFIT ORI 5 R
K o b, o R MR

E-mail: lixg82@163.com

(LI Xue-Gui Associate professor at
the School of Computer and Information Technology,
Northeast Petroleum University. He received his Ph.D.
degree in geological resources and geological engineer-
ing from Northeast Petroleum University in 2017. His
research interest covers deep learning and big data
analysis, and microseismic monitoring technology.)

BRW ARILAMR N TR BRI
WL A%, 2012 FFEIRAFE 7R Tk
= KEPEGRIRL S TR L2 A0

= F BT TT 10 N s A R 5, B
\/ e, R 26135 BRI K

: IS,
. E-mail: shiningdhl@gmail.com

(DONG Hong-Li Professor at the Artificial Intelli-
gence Energy Research Institute, Northeast Petroleum
University. She received her Ph.D. degree in control
science and engineering from Harbin Institute of Tech-
nology in 2012. Her research interest covers networked
control system, intelligent control, and sensor network
information processing. Corresponding author of this
paper.)



	1 粒子群优化算法
	1.1 标准PSO算法
	1.2 PSO算法的发展

	2 基于事件触发的全信息粒子群优化器
	2.1 事件触发策略
	2.2 全信息策略
	2.3 EFPSO算法

	3 仿真实验分析与讨论
	4 EFPSO算法的应用
	5 结束语
	参考文献

