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New particle swarm optimization based on blast wave model

YAN Tao”*, GU Leye, RUAN Bo
( Chengdu Institute of Compuier Applications, Chinese Academy of Sciences, Chengdu Sichuan 610041, China)

Abstract: A new Particle Swarm Optimization ( PSO) algorithm based on the blast wave model ( referred to as BW-PSO
algorithm) was proposed aiming at the problem that the basic PSO algorithm when solving complex multimodal problems is easy
to fall into local optimal solution. The supervision conditions of population diversity were added to the basic PSO algorithm so
that the process of particle shock was triggered when the population decreased to a given threshold value. Crossover and
mutation occurred between optimal and suboptimal particles so that the particles within the blast radius by the traction were
subjected to accelerate convergence to the current extreme and the particles outside the blast radius were subjected to spread
out, which increased the possibility of finding the global optimum value. BW-PSO algorithm not only improved the accuracy of
the current solution by the mutation between optimal and suboptimal particles, but also increased the population diversity with
the shock wave process of the particles and enhances the ability of the global space development of the particles. Compared
with the mutative PSO and charged PSO, the results indicate that the BW-PSO algorithm has a better performance to solve
multi-modal optimization problem.

Key words: Particle Swarm Optimization ( PSO) algorithm; blast wave; population diversity; crossover and mutation;

multi-modal function

0 3%

¥ F-BE A4k ( Particle Swarm Optimization, PSO) M &3k A
1995 4R 3R LK, i FHIR B S50 Bl St E S
A, RBVERFT ZEA, FFER B, Dol 2
W%k BRI R A LA R A TR SRS B 12 i ™

RAEFA PSO TEMIRZHANAC IR R R &, H o
P8, e MR R 2 V& [ B 5 5 e IR R A R B LA, i
BERIED . FHiis HH A 50 R H TRk PSO Bk G
B MR Z o Qin S 4 REE R ETIA PSO
T BRI B R B I R E R B HZ 2 R AR
A BR s Liu %5 4F PSO Hfinl A T 823U AL, (B8 S 30hb
BETCHE UL Robinson 451 21 T #6585 PSO MBEE A1
REFESE, BERAEEREHHBEREASE I REWBOES
SEURI B FIE; Lovberg %57 I 22 B - F A B ALk

Y75 B #7:2013-12-30; {& = H#{ :2014-02-12,

BERORL T A R AR AR AR AR SRk 1 HY3E B B AR 22 , HoAtu
FEBBT Z— 2 PSO™ BARTEM I e 1]
BA —E RS BHTR R R, SRl RE A —E
Ff,

N 1R PSO TEMR PR Fk 20 V6 R 0L 47 B4 4 JRE LR T
B HETHCR, AR T —FH R 34l PSO #RAY,
BURIBIHTPETE TR 4 A v i B B B S | A BB AU
2, R TE R B MAR B R R R W SR L, 3832 3]
THEEITH LR, B BN T U 6 22 50EH
Pt —E KRR E

I D R & ]
PR it DM M A B R 5 2 0 ol B

x KT, % 2B RSB TR B — I E , B S 32 v i
BE RS IR PG, 2 FIHFEE—E R RS, A JT R T

EEE A EH (1987 - ), B NPT M BB A, EEAPS 7 . EARAL B W AREF (1960 - ), 58, PR BTAE 0, [ AR R0, =
BRI ARAKRGE BB B (1971 - ) 58 BN RIS, TR M BRAL .



2086 H AR A

#34 %

M HEERRE S, E AR TEREF LW ARSE, BARE, «
R TR B U] 5 D S Y vl o ) [RD 1) 8 g BT, R S A TR R
ZEH2,
MM BIBOE WA 1, ZRAE T Bt s & Rl
] T2k PSO Hop 75 e B pl Z (RIBE S, SR A BK IR BE B
s PRHE ) P 2R H PSO &R F T R B whils J1 98 B 7
o1 B[Rl B , AL PR AR MR 32 IR KE bk e ) S0 Bl v
di 15 7E 2 W B AL TR AR R AR T2 B2 5 ),
PUEID

Pl
!

t1 2

B rbd I
2 RMEUE K PSO Bk
2.1 BENRE

$F e vh I PSO(PSO algorithm based on the Blast Wave,
BW-PSO) Bk B4 AR Kok 7 MR B B KE vh i 32
B p it T YR, S AW R 32 i S5 B4 R R AR SR T B
BRERE, BEGRINT:

DFRE B, @47 Rk PSO ik, B E A A I
PRSI T VRO

)RR B, YRAMBEEIFE T EZHERENE
(ERT, A A R AE wd b PSO 5d A2

3) MBI Bt mARLT (Pbest) MIRAUHLT (K Pbest) 3
FIRER ST M H AR A AR AV . SRR THE RO T
B PR T AR R EE D W R AR TR 4 AR SR A 42
PR T2 B LA G D (R T s RN AE) 1725
WL ISR 2 B AR (5 B2 B2 5 SR K2R AR SN KL 132 B P L Y
il (R T i BB ) VR TR F 2R, A
TR s B A 2,

P2 T(HF i)

B2 JRKEud e PSO g
) ERB B, Zok TEfT RlE E AU Ik
2.2 X@dE

22,1 ®BEHEEE
—NETHENIEE D, SR TR EE
HOFEAT , B VB MR PR R B R RO R R 2 )1, ol
ML TEERENBITER. AXEE
SN E RN ER R R, XN THESETEEN
AR, R A Riget R a0 R TEE, MR (1)
diversity(S(t)) =

1 1 - & —
diameter(S(t)) NW; ;(xu(t) -x(1))” (1)

A : diamerer(S(1) ) 2P ER, BIFE M REE AR T
Z IR A9BE S, 3 B R FHBR IRBE B THAR; NV A RHERRL TN, n,
SR 2R A R 4E
2.2.2 ZHAEEBTFER

BW-PSO B 78 Rt AE R e Bk 7 5 IRk T 8
TF ATGE /N TR T USRI B 2 R i 1 B, X R X ) e A
{HHEAT B2 48

24 fih AR K it A AR, B SR AT B R AR A
BT A2 AR B, A B AL B BT HE IR Lovberg Z4RHE M A
HKH#ATIHE:

%2 (2+1) = r()wy (1) + (1 —r(2) )2, (1) (2)
a4 (0 +1) = r(8)x,(2) + (1= r(2) )%, (2) (3)
HEFEHA
v () +vp(2)
v, (1 +1) = [0a(2) +0a(0) | [ %, Ce) | (4)
_ vy (1) +,(2)
(e ) = TR ) | (5)
2.2.3 kiR

R IR UL -5 Y S B Atk 7 32 B v o o B9 B2
M, BEERRKE N B R R L, WEAEFRN R T 2B 0 i
RRLTHIE 5] J7 , AR SMRRLT 32 BB K A o i T o
Pt ARE S BE ORI P 5 | SR =0, WK (6)

v=c-flA,x) -r (6)

1
FAD) = o= (Sign(m) /0 0) v

Pp., (1) = P (1)

=Y 8
* = P (D) ~Pr(0) (®)
Sign(x) = {—1, x < 1/r (9)

1, x=1/r

K (6) PRG =M 1) i BB E: f(A,2) A HTK
RELL, « N RIERE T 53(8) H ppo (1) S HETRB AR
THINLE, pr.(¢) R ppe, (1) BOBHRL T3 (9) F r
IRFER R R A IERGE B, SR T TR
KRNI RIE ISR T AR T ), TSR 1 AR R e
1 MRS 2R AL T AR AE N AR SR b T MR T AR
e vy 77, B b oy 7 B B2 S 0K, BT TR T AT HRY RE
1, TS 3 T R AR PR, 4R T T HRBE AR Y AT R A
2)BEMLESY - 1y, (EASFIERR T REHI 0 0070 33) IR % &2
e+ FHOR BB wh i B LTI B A R o

R BRI B AN .

v = wv + c,;r,(pBest — x) + c,r,(nBest — x) +

¢ flr,x) « 1 (10)
x = x + At (11)
B LE 4,

3 B

3.1 XWEEH

KT WAA SRR BT SR MG, 55 6 3%
I B B 1T B AE, 43 A 2 51 0% 5K B Sphere, £ 12 3R B
Rosenbrock , Ackley , Geiewank . Rastrigin 1 JD Schaffer, £ E%{
WSEILE 1,



%7 & A TR o kA e T BRI 2087
x1 ZRNEHSH
BREL BRAEFRER WRER RMERR £RE/ME
Sphere Ax) = ixf |x; < 100 | % =0 0
=
n-1
Rosenbrock Ax) = 2[100(%% -2, + (5, -1)2] | % < 30| % =1 0
=
Ackley fx) =_208XP(_0.2 l%gxﬁ)—ﬂp(%écos(Zﬂxﬂ)+20+e |z, <32 x =0 0
i L %Y+ 1 | %, < 600 | =0
Geiewank flx) = ; 7000 - Ecos(f)+ % < %; = 0
Rastrigin fx) = i[xi ~ 10 cos (27w;) +10] lx; <5.12] «, =0 0
=
nbogin? /x4 1 0.5
. - it _ < 100 =0 -
JD Schaffe; F(x) 26 1 0.000(2 + 207 0.5 |%; <100| 1
Hei=1,2,,n,
(1):(9) (l)-g 3.2 BUEMTRFEERE  AER
08 / 08 / \ R THHRREEE R R R r BB BW-PSO BILMERER)
Foe :32 B, ASSCHEEE r A 1.25.2.5.10 DA SRAE 0 ; BRI PR 3K
= 83 = gg Sphere , %5 14 241 Rosenbrock | Ackley , Geiewank | Rastrigin ]~
(()):% (())Z% R BUE A PR R
0 0 30 MR 10° YEUE R AHIE— b Ab 3, O 25 R B B

-5-4-3-2-10 12 3 4 5
x
(a)r=1.25,1=2

—5-4-3-2-10 12 3 4 5
pa
(b) r=2,1=2

1.0 1.0
0.9 0.9
0.8 0.8
0.7 0.7
= 0.6 = 0.6
< 0.5 = 0.5
= 0.4 = 0.4
0.3 0.3
0.2 0.2
0.1 0.1

0_5_4"3_2_19: 12345 0-5—4—3—2—12 12345

(c) r=5,A=2 (d) r=10,A1=2
B3 R e

R

<A AR

[ZAPSOBEES |

@Atﬁﬂiﬁféﬂéﬁﬁ

ju|

HAPSON B H

B L W 2 AR T

BW-PSOM E H i
BW-PSON B B Hr

T, B 5 BiR. WA AT LA Y Sphere %l £k r #
/N EERGBNE . INEEE r /D, A TR AE AR PR T /Y
B E B, s i sk 3 TR R S LA B B AR A B A S
TERT SRR LU R B BE I T . 25 0 SR BUP R Rosenbrock |
Ackley B, AR BBTE r IR 2 B AR HCfb2f 42 R BU7E B
BOKE BE RS E M0 A B HRCR . BB TR0 R4k 5
oA U — R T A TR IR, ) — A TR
4ho

—o— RastriginpA3 -8 Ackleyefi%
—o— Sphere R % —o— Geiewank A&
—— Rosenbrock B $L

1.0E-03

1.0E-05 -/"\-/.
& 0E-07 A x A
#1.0E-00
“1L.OE-11

1.0E-13 . :

1.25(0.8)I 2(0.5) 5(0.2)
r(1/r)

BS Sl r {4547 BW-PSO Fpkss 5

3.3 HELRERNSW
# HAREHOR I LPSO(JRK) LGPSO( 42 7)) 1! \GA-PSO
(A5 PSO) [#r i PSO.BW-PSO B #1TIIR, £ B ESH

10(0.1)

E4 BW-PSO i &2,
=2 BEEISHIRE
"y FERAE SRR B E 2 REAR Wit 3 %
LPSO 30 ¢ =¢ =2 M PBest, Ghest( 4F18) ¥
GPSO 30 ¢ =e =2 APEUR PBest, Ghest( ALL) x
GA-PSO 30 e = =2 APEUR PBest, Ghest( ALL) BTAER
Hit PSO 30 R, = LR, =3X,,, 0 =16 ¥  PBest, Gbest( 451 BT
BW-PSO 30 G =2r=2A=2 R PBest, Gbest( 4B3) BT S whErE

AAS I R EE TP R a AT IR B S WL IE 6, Al
RBAEEAT 10° WF RB S A B AR R K 3,

Xt FELUE Sphere pR . FEREfUHTHA, BRHF B PSO Bk 5
BW-PSO RSN, HAR B IR REBL PRSI (AAE IR AU 3, LPSO



2088

H AR A

#34 %

A5 GA-PSO FILE ISR D 22 IR AR T
#1,GPSO BILIIZRAESE 0.5 x10° YR UE R MARET AR
TR, FrLITH PSO Bpk 5 BW-PSO HEEMRII T HA;:
SRR, X T4 04 5K % Rosenbrock BRELAE 10° YOGEVRE B
BW-PSO Hi:5h Hefl UM L R L B0 T R4, ok il R
TRis/IME. BW-PSO LI AR I 12 SRR (A 7E UG PR+
ERBHFEAET SN, B EEAREABRNEE. &
Rastrigin B3I Ackley B%h GA-PSO B4 10° (AR

FHAE R B R E RGO, B R E R T TR,
BEAR GA-PSO BIEE R METEIE 7 E R —E M S, B
BW-PSO HLfERIEZIE MBI EM T HiEE —EAE. &
Geiewank R, £ 451 TPSO 5 GPSO B¥E7E 0.5 x10° &
5 x 10™ X7 Bl P A DR 2 S EC At = Fbe A R B S s RO 2 1
JD Schaffer BRET P& BRI USRS EIN/IME, FTLL, B
LR LA H : BW-PSO B AH LA DU R B kAR D b 20 06 ) G
FEA —E R

®3 SEBEER 10 RENHENSECE

(=R ZhR Sphere Rosenbrock Ackley Geiewank Rastrigin ID Schaffer
LPSO ¥ 6.87864E -017  2.2124E -013 9.3555E-008 8.88178E -016 2.6483E -010 -1
wAEME  8.23976E - 009 0.999998 -2.33887E -008 4.1639E -008 1.15537E -006 5.62921E -007
GPSO ¥ 3.80703E -015 6.55732E-010 1.79837E-005 3.93674E -012 6.93278E -010 -1
EfIE -6.17011E - 008 1.00003 4.49565E -006 -2.8057E-006 -1.86935E-006 1.19716E -006
GA-PSO HE 9.93213E -016 9.83569E -015 2.72269E -006 2.84495E -009 6.05905E -008 -1
wAAEfE  3.15153E - 008 1 6.80667E -007 -7.54125E-005 1.74759E -005 1.30639E -006
HH PSO ¥ 5.34783E -018 7.24625E -014 3.36869E -007 1.77636E -015 1.39073E -010 -1
AR 2.31253E -009 1 -8.42172E -008 5.89766E —008 -8.37255E -007 5.36802E -006
BW-PSO HE 4.68746E -018 4.301575E -014 1.01919E-009 5.55112E -016 6.13731E -012 -1
wAEfIE  -2.16505E - 009 1 -2.54808E - 010 -3.17995E -008 1.75886E —-007 3.76991E -007

1.0E+00
1.0E-03} B
;m 1.OE-06 N
& 1.0E-09} c R
1 .0E-12}
1.0E-15}
1.0E-18

0.01005 01 05 1 2 5 10
BARH

(a) SphereBf %
1.0E+01

1.0E-01}
I 1.0E-03
15 1.0E-05 F

1.0E-07}

LOE-09 005 01 05 1 2 5 10

AR
(c) AckleypR%k

1.0E+02
1.0E+00

LSS
les]
2

0E-08
0E-10 "
OE-12—1 11 |
0.01 0.05 0.1 05 1 2 5 1
BARIKEL
(e) RastriginEA %

1.0E+08
1.0E+04 |
m 1.0E+00  B==¢
& 1.0E-04 |
¥ 1.0E-08F
1.0E-12}
1OE-16 e
00100501 05 1 2 5 10
BARKEL
(b) RosenbrockpR %k
1.0E+02
1.0E-01}
1.0B-04} N
o
& 1.0E-07 |
=1 oE-10]
1.0E-13 |
1.0E-16 L L L ' ' L O
001005 01 05 1 2 5 10
EARIRE
(d) GeiewankiF 2
-0.85
—0.90
#-0.95f
H_ o0}
L0 T 005 01 05 1 2 5 10
BAKE
(£) ID SchafferrR %L

6 HRLEIMLE

3.4 HEMWTEERENSN

FA PSO BILMA MR ZRER Teso (N) = O(NDT), T
BW-PSO H B:7EiRE PSO S REyEA E38in T 32 XU R R4
R XE ob i B SR M. BT LA BW-PSO WY RS H] B 22 A
Tayps0(N) = O(NDT) + 0(D) HH . TERFERIERIRELN
FNELF BB D RN ERAE . £ 4 i B EEIERS x
10* YK A7 RO E AT IR, 7] DUE S, BW-PSO B 1% Y B o m
FREWITBERRE, SE4A PSO BERF —MER,
B R, PSO SBEE R A AL o I &8P 8L T R BE BT 3R,

SESEINTE R 2, BT Ls B R R K T BW-PSO B ¥,
4 B

ARICHE ) T AR K b o AR T A L T RE B 9% (BW-
PSO) , il e 75 IR WAL T3 XA 5, (48 Lok T i
G HINSRREE R 1, AL TR A IRRLT B vh
R AR I SRR LR SR T T AT AU
BRE AT HRIE RS R AR b R A R A R T
R, T AR T REB IR R M2 0], R T RE &



%

7 H

E)R S A TR A e T B ok

2089

AT, KRR, M LR PSO B i
PSO kL T-REH I, BW-PSO B LN T 3R M7 £ 0 7] UG Wt S0
BE R AR B BE R | ) 2 2% BEAR AR DL

*4 BEEHTENNA

s

[6]

[7]

[8]

=873 Sphere Rosenbrock Ackley Gelewank Rastrigin JD Schaffer
LPSO 0.157 0.214 0.364 0.223 0.228 0.467
GPSO 0.138 0.198 0.350 0.214 0.213 0. 460
GA-PSO  0.164 0.232 0.351 0.226 0.234 0.479
#7HL PSO 0.185 0.235 0.372 0.224 0.232 0.485
BW-PSO  0.178 0.209 0.346 0.241 0.223 0.475
S E 3k
[1] KENNEDY J, EBERHART C. Particle swarm optimization[ C]//

Proceedings of the 1995 IEEE International Conference on Neural
Networks. Piscataway: IEEE, 1995: 1942 —1948.

[9]

Piscataway: IEEE, 2011: 1197 -1201.
ROBINSON J, SINTON S, RAHMAT-SAMII Y. Particle swarms,
genetic algorithm, and their hybrids; optimization of a profiled cor-
rugated horn antennal C]// Proceedings of the 2002 IEEE Interna-
tional Symposium on Antennas and Propagation Society. Piscataway:
IEEE, 2002: 314 -317.
LOVBERG M, RASMUSSEN T K, KRINK T. Hybrid particle
swarm optimizer with breeding and subpopulations[ C]// Pro-
ceedings of the Genetic and Evolutionary Computation Confer-
ence. New York: ACM, 2001: 469 —476.
BLACKWELL T M, BENTLEY P J . Dynamic search with
charged swarms[ C]// Proceedings of the 2002 Genetic and Evo-
lutionary Computation Conference. New York: Elsevier Science
and Technology Books, 2002: 19 -26.
QIAO D. Explosion and shock waves in the air(I):
[]]. Explosion and Shock Waves, 1985, 10(5): 79 — 80. ( FF &1

the basic theory

[2] LIUY, NIU B. New particle swarm optimization theory and practice 25 eI (1) s SEASBIIAL T HRKE S vk, 1985, 10(5): 79
[ M]. Beijing: Science Press,2013: 1 = 3. (Xf5 R, 2 #%. # Ak -80.)

TRIDAAIB S RBI M. U5t B iR, 2013:1 -3.) [10] VESTEROM JS, RIGET J, KRINK T. Division of labor in particle

[3] van den BERGH F. An analysis of particle swarm optimizers[ D]. swarm optimization| C]// Proceedings of the 2002 IEEE Congress
Pretoria: University of Pretoria, 2002. on Evolutionary Computation. Piscataway: IEEE, 2002: 1570 -

[4] QINJ, YINY, BAN X. A hybrid of particle swarm optimization and 1575.
local search for multimodal functions[ C]// Advances in Swarm In- [11] RIGET J, VESTERSTROM J S. A diversity-guided particle swarm
telligence — First International Conference. Berlin: Springer, 2010: optimizer-the ARPSO technical report] D]. Aarhus: University of
589 —596. Aarhus, 2002.

[5] JIC, LIUF, ZHANG X. Particle swarm optimization based on cat- [12] CLERC M, KENNEDY J. The particle swarm-explosion, stability,
fish effect for flood optimal operation of reservoir[ C]// Proceedings and convergence in a multidimensional complex space[ J]. IEEE
of the 7th International Conference on Natural Computation. Transactions on Evolutionary Computation, 2002, 6( 1) : 58 —73.

(£4% 2060 ®)

[3] BARUTCUOGLU Z, SCHAPIRE R E, TROYANSKAY O G. [11] TSOUMAKAS G, DIMOU A, SPYROMITROS E, et adl
Hierarchical multi-label prediction of gene function [ J ]. Correlation-based pruning of stacked binary relevance models for
Bioinformatics, 2006, 22(7) ; 830 - 836. multi-label leaming [ C]// Proceedings of the 2009 Workshop on

[4] YANG S J, JIANG Y, ZHOU Z H. Multi-instance multi-label Leaming from Multi-Label Data. Berlin: Springer, 2009 101 - 116.
learning with weak label [ C ]// Proceedings of the 23rd [12] READ J, PFAHRINGER B, HOLMES G, et al. Classifier chains
International Joint Conference on Artificial Intelligence. Menlo for multi-label classification [ J]. Machine Learning, 2011, 85
Park: AAAI Press, 2013, 1862 —1868. (3):333-359.

[5] XUM, LIY, ZHOU Z. Multi-label learning with PRO loss[ C]// [13] HUANG S J, ZHOU Z. Multi-label learning by exploiting label
Proceedings of the 27th AAAI Conference on Artificial Intelligence. correlations locally [ C ]// Proceedings of the 26th AAAI
Menlo Park; AAAI Press, 2013 998 - 1004. Conference on Artificial Intelligence. Menlo Park: AAAI Press,

[6] XUM, JINR, ZHOU Z H. Speedup matrix completion with side 2012 949 -955.
information ; Application to multi-label learning [ C]// Advances in [14] HOSKULDSSON A. PLS regression methods [ J ] . Journal of
Neural Information Processing Systems 26. Cambridge; MIT Press, Chemometrics, 1988, 2(3) . 211 -228.

2013 2301 —-2309. [15] ZHANG M, ZHOU Z. A review on multi-label learning

[7] ZHANG Y, ZHOU Z. Multilabel dimensionality reduction via algorithms [ ] ]. IEEE Transactions on Knowledge and Data
dependence maximization [ J]. ACM Transactions on Knowledge Engineering, 2013, 99(99) . 1.

Discovery from Data, 2010, 4(3):1 -21. [16] ZHANG M L, ZHOU Z. ML-kNN: A lazy leaming approach to

[8] WANG H, DING C, HUANG H. Multi-label linear discriminant multi-label leaming [ J]. Pattern Recognition, 2007, 40 (7).
analysis[ C ]// Proceedings of the 11th European Conference on 2038 -2048.

Computer Vision. Berlin; Springer Press, 2010, 126 —139. [17] CHENG W, HULLERMEIER E. Combining instance-based

[9] TAIF, LIN H T. Multi-label classification with principle label learning and logistic regression for multilabel classification [ J].
space transformation [ J ]. Neural Computation, 2012, 24 (9) . Machine Leaming, 2009, 76(2/3) . 211 —225.

2508 -2542. [18] TSOUMAKAS G, KATAKIS I, VLAHAVAS I. Effective and

[10] TSOUMAKAS G, KATAKIS I, VLAHAVAS I. Random k- efficient multilabel classification in domains with large number of

labelsets for multi-label classification [ J ]. IEEE Transactions on

Knowledge and Data Engineering, 2011, 23(7) :1079 —1089.

labels [ C]// Proceedings of ECML/PKDD 2008 Workshop on
Mining Multidimensional Data. Berlin: Springer, 2008 : 30 —44.



