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Two sub-swarms particle swarm optimization algorithm

and its application
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Abstract: In order to improve optimization performance of particle swarm optimization algorithm(PSO), a new two sub-
swarms particle swarm optimization algorithm(TSPSO) is proposed in this paper. Then, both TSPSO and PSO are used
to resolve five well-known and widely used test functions’ optimization problems. Results show that TSPSO has greater
efficiency and better performance than PSO. TSPSO is also applied to train artificial neural network(NN)to construct a
practical soft-sensor for the 95%-point light diesel oil in a main fractionator of fluid catalytic cracking unit(FCCU). The
obtained results and comparison with actual industrial data indicate that the proposed method is feasible and effective in
soft-sensor for the 95%-point light diesel oil.
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1 5|3 (Introduction)

ok BE AL AL B 7% (particle swarm optimization al-
gorithm, PSO)7#ZKennedyEberhart™"2 19954 $%
B RE A T BB, e AT B HLON R 2 A4k i) AR 4k
PR R4F, o] T KR IR A AT A 2 g
ESE A 1) 8, FF OB H N TR 2 T
TR, (H 2 PSOFAEHEAL 5 HHW Sl BE 18 . X = %
Ak 190 725 5 B8 N S B AR AL I 5t B (5, A SR foker
53 B 7 AN B AT O I 43 B, 38 PR TOR A
A BB (two sub-swarms PSO, TSPSO), -4 W
TR ECCU) £ 3 1BIE R 5495 % ri I & .
2 PN BE TR BE L AL B P (Two sub-swarms

particle swarm optimization algorithm)

WehE H #8: 2005—01—18; W teka H 3#8: 2006—07—17.
HEEWH: bilgh#Z ARRAREH (05vz01).

2.1 FEABOR B AL L Basic particle swarm
optimization algorithm)

B W AEDYE 38 R 2 18 b, A 0K 4 i —
ORLHE, 2 0 NN A B X (1) =
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S e Aok, RYE 40 F TR EAR
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Horr: x AW BT, w A BRAEAUE, o) Fley b N 2
5, vy Firy R FEANE]O, 1)38 B IR0 IR BEATLEL.
2.2 PRI ER AL B L (Two sub-swarms parti-
cle swarm optimization algorithm)

2.2.1 H¥:JFEF (Principle of TSPSO)

I SR AOREAE 73 B 2R 55 (R A [RMEL AT 7 1) A
R KT 20 B, — 20 RE R B AORE R T, S — 2 e
A RTT 10 AT, RAT I, R T — 8 /AT
LA B A S R A 5 SR R AT LI A4 7y
BE D S B AR TIORL AL B A K, 52 I R
KA B A K. HR I, QR AR P s Ao (1) 3&
AR S T AR B 15 2 s T & AR IR %
NANBET R ZER, 0K P 70 BEIORIBEAT AT e, BV iiE
WA REGORL S0 3R RAT 7 ). A T SEZE 73 g s et
TIOR3 R, STHAORL 7 FE I, O BE A< 70 BE 20
T 5t B AL oKL IR A A H A 1) B 22 KL LA 45 20T
ORI B R FE AN, IXARFE RN ORI A P8 R A2
h, BRI T e B TR AT T ), T HLAS
WORLIG, 1T 20 BE D S s L AORL A B 284k, BN JR)
R AE T 2% 253 7 B TORE 2% AT LA R G 3R 45 4
J7; R T EEAN ORISR UL, A2 B A 18 3] )= AR AR A
M — B LA, MR MR IR S A R
AR DR R MHITHR, K32 RRIE
IR 232 .
2.2.2 P (Equations of TSPSO)
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B
UZiH =x(wvjy+eciri(piy—Tig) +Hicars (pZd—
Tiy) + #2037”3(192(1 - Zi)), 3)
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2.2.3 HEFFEE (Algorithm flow of TSPSO)
PARERORE R DA VAR B an ] 1T s

3 TERBAAL B M FH (Application in opti-
mizing test functions)

3.1 JUK PR B (Test functions)
Fy, =21.5 4+ zysin(47z ) + x28in(20mz3).  (5)

R, P, —3.0< 2, <12.1,4.1 < 25 <5.8.
sin 21—50)2+(25—50)2+e
V(21 =50)2+ (25— 50)% + e
R, 1, —100.0 < x4, 22 < 100.0.
(sinv/z,2 + 2,2)2 — 0.5
14 0.001(x2 + 292)
@ﬁ}% EP, —10 < I, T2 < 10.
F, =

F;=0.5— @)

i icos[(i41)xq +1] i icos[(i+1)ze+i] +

i=1 i=1

0.5[(xy + 1.42513) + (x5 + 0.80032)%].  (8)

BREF, W, —10 < x4, 72 < 10.

F=3 - IT cos(2) +1. )

PRELF; H, —600 < z; < 600.

DL b 0 R T 2 1R 1) 22 D (RN Ak BR B, 4K
IRFRF1 BRI 1 . F2pR 41 . Schaffer F6RK 41 . Shubert &
FGriewangk PR%L.

32 AR B BARORLIE N AR E S A
WKEN K518 (Discussion about V)
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fiK. XJT-Schaffer FORRI%L, 75N A20LAHY, XL 4
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Fig. 1 Algorithm
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Fig. 2 Relationships between N and success rates

with different test functions

flow of TSPSO
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Fig. 3 Relationships between N and success rates

with different sizes of sub-swarms
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Fig. 4 Relationships between N and success rates

100

with different largest iteration steps

3.3 Ptk g B Kt 8 (Results and discussion)
2 3 [ B FITSPSORIPSOXT BL b 55 #4741

b, LI B R A VFEAR IR ER 2000, w AAT.875/)
£0.02, c¢1.,co.c3%F K2, TSPSOMIXAO0.5, oy il o
40.5, PSOMIx A 1, TSPSO%EEZ> BEMOBIAN B 430, N
H15, PSORIBHCRL AN H0A60. B FTSPSOFIPSO#R
FEBENLIE R B, A ST MR A B RN B P 5502
DL RE, D0 A I FH A — S92 0 4 — T o K
HREATS00 ML IR, FEFATHITIC S, &R W
x1.

2 1 7] 501, TSPSO%. % -4 Inf 3R 45 55 D0 A 1Y
MEZ B B 5 TPSOR VA T4t I 3R 45 5 A ik 1) Ak
#, TSPSOLLPSOR %5 5 #% 3|42 JR e e, DAk 2%
I BIRE.

1 HEMLALEFESTICETIL
Table 1 Success rate and fitness of functions found for the five test functions with TSPSO and PSO
TSPSO PSO
ERES % ENARTIME ENEBRRE R % ENEPHE SNERE

F1E % 79.2 38.829 38.8503 0.4 38.677 38.8503

P2 65 1.1459 1.1511 9.8 1.131 1.1511
SchafferF6 100 1 1 56.2 0.99593 1

Shubert 81 -186.08 -186.7309 51.4 -185.60 -186.7309
Griewangk 98.2 8.8753x107° 0 67.2 0.00234 0

4 FEFCCUE 7 1 35 5 58 1195 % = B Bl &
K9 2 FH (Application in soft-sensor of light
diesel oil 95% point of main fractionator of
FCCU)

AT LAFEBO ST Wi/4E I HEAL BN E N 7,
SEH A IS SR 95 % p O B A H Fr ]
BEMIH N TRAZ — A& M & (NN) -5, TSP-
SOFVEAE K —Fh ] B ALk, & —FhE
WHE KL M INGEE, BeHTHEM
LRIV R, H 1 PRI BE ORI P 22 9 4% (TSPSONN).
4.1 ZE TTSPSONNI¥ 8 58 95 % =t K P B B

ﬂ(Soft—sensing model based on TSPSONN)

¥ TSPSONNH] FFCCU 43 18 35 1% %6 W195%
SRR B R AR, # % HY 2 T TSPSONNFCCU 3=
Ir IR R S MO5 %o ) N B A, 2 0d T2 M2
G3HT S FE R 3 AT R 22 AR, A ST A B T
A R BE L BT ] R B L RS vl R
FEVRSEMRE . 18RI . 11EHE. —h iR
W — P ER R AR LN S
5, A B SHOh 16, A5 5 A B SEM95% M
JIT R R G546 R 9—16-1 A28 I 45 4 BT F 1) 8l

LAY, [a] 240 28 01T R A 3 Bk ik A XU IE
VIR 3, o JE AR 2 T0T5 R A% 346 R B0 R X
PRSTYRR %L

BB, TSPSOS- SN : 25 70 BERCRLAN A 100,
B R S VREARIR B 22000, w M1.SHR/NEN0.02,
H0.5, c1, ca, c3 BH2, py B A0.5, N A 15, B
KN 15.

4.2 S5ILAhARAL SR HE 5 4 BT (Comparison
with other learning algorithms)

XF TR [ A 22 W 4% 1T 5, A A P 4 Y 4% 1) 45
¥ 5 AR IR R PR L I | B AT E AR
BRIEANAR, A4, H b bR HAE 2 18] H) R A h e —
(0. FH A [ PR B0 SR 48 28 A 28 I 4% ) e D T 4 A
H AN B AR A, B S T AR 5 EE AN
2% B b B E07E 2 8] 1 A B SR/ ME AL D
S PP EEE RE R B B /IME A T H AR R e
) F e A X R M — e /IME R, B4 & Fh VR
BN HHERAUE R BE B AR, @ &
HIEPT R 20 H AR R E0E N AEAH Y, B4 &M E
VRIS B 1R o 40 0 28 AR 2R 1 R 22 R A 24 1, b
B B AR 2 0 A 28 X S AR TR PRI HUL A G P N 1%
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PLRESEVE RS L ORI . BB KIESETE
WP M LB, WRSHOERES Y, #A KRBT
fil ] Re. AR R &M EENA B O A A
LRk FOURT ISR 2 R e, 5 5 BB AR, ALt
LTI E UMK LE, TR BT A

K T TSPSOFPSOML 44, 14 K& (1) XF B Ji i &
Wik, T/hT H 4 2 T TSPSONNKFCCU Z 43
TR EE 2 95 % pit TR MU E ABE TR ) S 30 45 R K 1.
4.3 21045 R R T8 (Experiment results and dis-

cussion)

M &S s P 3 — 1 Ak 2 5 854
WG Pr @ B AT N AL KRG, &
Gt i, 2 3 FEAR85.88% 1 FE AR Z /N TF £1°C,
98.82%H) £ A % = /N T £2C BT E N
0.72071°C . 4% u= 2 1~ 24 1H 40.5668°C. iX L&
H R W P @ A A (R PAE 5 SE PR AL IR A
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Fig. 5 Comparison between model’s predictive

values and actual values
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5, R 45 R SR A B0 25 SR 6F LG LS. 7240
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975%MI B AR IRE /N TF 22C KR HEN
0.81678°C . 4 % Z K] F-33{H 40.70398C. iX L&
B R S, P A B S R R, AR AL
BB R TIRS L.
5 43R & (Conclusion)

AR SCHR HH R P B ORL AN A B0k 2 — T gk
(R TORE B D0 A Sk, B BRI L R B 2 R &
PR, VoA 25 L B AR ORI LA S B B4R
. K PSR LA B F T 32 595 % sl S
&, RO E AR B SRS B L L PR RE AT
L PR N FH T 5%
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