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Abstract: Using traditional Particle Swarm Optimization (PSO) the searching results for some new
benchmark functions, e. g. the 25 benchmark functions in CEC2005, are not satisfactory. An
improved version of PSO was designed to suit for new benchmark functions in CEC2005. Two
improvement strategies, named Vector correction strategy and Jump out of local optimum strategy,
were employed in this improved PSO. When the swarm optimum remains invariable for a long time,
The improve PSO can revises the whole particle vector and re-initialize the swarm or generate a new
swarm optimum according to certain probability. The improved PSO was tested by the 25 benchmark
functions in CEC2005, and the experimental results show that the search efficiency and the ability to
jump out of the local optimum of the improved PSO are significantly improved.
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Vector revision strategy:
If Rand > «a
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Jump out of local optimum strategy:
If Immovable > v or Sigm < &
Save global best into Bestgroup;
If Rand > 6 and BestGroup not Null
global best = Randomly select different
particle from BestGroup
Else
Initial population;
Initial global best;
End If;

End If;
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particle swarm optimization, IPSO), H 4T H
AT

Initialize Population and Parameters
Do
Evaluate Every Particle in Swarm;
Select Individual Optimum p; and Global
Optimum p, ;
Run Vector revision strategy;
Run Jump out of local optimum strategy;
Until termination criterion is met.
Kl 1o PSO B A e B PAT R BLXT HE . (8]
o A DK eR B 4 ) 8 CEC2005 H /Y fs
( Shifted rotated high
function) 1 [, (Schwefel’s problem 2. 13), H:
tr, £, & 7E Elliptic function &l | £ 53 % 3h #1
B AR B, KA ME — R fH S f Al
Schwefel”s problem £t %% sl #:/E 15 2| 19, £ 78
AR R — A RS, TEE 1)
s i T AT TR AR Bl L ORI R B A —
A A R H R R B B A e AR SR AR K
S B BERARAE R SE 87 AT -

conditioned elliptic

x=x XM
KA. M 48 e 5B,
10]0_
10°}
= 10t
&

107 , " . s s ,
2000 4000 6000 8000 10000 12000
Steps
(a)
1010
10°}
=
"E 10°}
107°F
IPS
107 L ' N .
1000 2000 3000 4000
Steps
(W]

Bl 1 IPSO 77 ik Bk H /5 0 & L 4 51
Fig. 1 Example of IPSO jumping out of local

optimum point



e 432 o

THRKRKREFEFRHROIF RKR)

% 42 %

AHMEF A e 2 )5 LB RS R
B AHE S, M 1) H AT LA LIPSO 44
AT A PR AR, 33k 2« Jmy 30 o A Bk 1 5w ™
fil B 235 R CRE RIS AT 9878 B AL 8 R B0 5 AN Al
), 2o Rk Hh 22 5 IR Je 2 8B 4 R e
P LT PSO B AR R R, 7F
“ JRy B 5 G Bk R W fik & 22 R L #E TIPSO B
“RERAE TE RS K AE . NE 1 () AKER
L 200k R R B T SR W R SR Y TPSO ISk
JE BT PSO. W 1WA T —WBk . i F
Fro FFBA G ad T B A L 45 43 ok 22 (Rl Sy, K
PAE TE SR ) VR BT IR R AR K.

3 SEIG AR RN

K H CEC2005 H1f#4 25 4~ benchmark [n] 51
HEATSCH AEX 25 BB 1~ fo g RR
B, [0~ fo N2 RREL IX B8 R BURR 2 A AR 52
benchmark PR FE il [ 28 30 0 75 L i€ % S5 AR
BN By, SCHR[8 XT3k L& bR B HE AT T 4 A 3R
SCHRLOJRT CEC2005 22ty 11 AMFE L AT T
PRI HL . A SCIRRE SR A5 SR ] — By ke
BT 2 X TS [R) B0 4 1) A, 4 BE 43 00 B Dims
=10 # Dims=30, i KL AR EH Dims X 107,
T — A W04 1) B A3 ) BT 25 Wk, S ER R Y
benchmark M3 R B T M 24 http://www3.
ntu. edu. sg/home/EPNSugan/$& fit [) matlib J&
FEJF . SCHRCO I IR X 2 530 vk M AT R0OR

mean( # fevals) X # all runs

FEs =
' # successful runs

b #Flevals o B Kl )iz 17 /9 2% 10 R %
#all runs 5 B POAT Y B K B (25 O
# successful runs 2 25 K 5T AT B9 IR B
FEs BR8N R FIE I R RE O .

F 1 MR 2 P T F A E 4RO 10 F 30
A AE T, SCERCO] RS It 4 Ry I ik 5
IPSO iz 4745 R 1 X% L

1M 2 L BHES h RECT 2 ST ]
11 ANEE 25 Was AT 2 /0 U — R J7 188
IPSO F2H B 2 3 F 2 R 8 102 IPSO J7 ik 1Y
FEs {5 5 #i — #2 " Best FEs M I, X F
CEC2005 H Y 25 A~k 1) 15, SCHRL9 AT £2 31 i
1 AFEXN AR oo fisSuS16 ~ [ TER
E B[R] N 2K 58 i 2. TIPSO 76 48 & 25 |) 4k B
10 ML T L TE 25 WCHRAT T IR SE I T PR AR

Fos MR T IRE LB R 1 oW T x50y
FEs {H, H2 R 2 M4 Dims =10 i, 78 7] b
B 13 A sRB0h TIPSO 5 i LS 1 8 A~ BB
BRI RS . R 2 FTLUA 2 Dims =30
WA 7 A eRBOR T Bl i R ORI R &
PERT PSO BR /1 fon /o SPBREMIE R, X
FE 53R T AR SRR SR W B AT RO
&£ 1 Dims=10 Bt IPSO 5 i[9 ]h R IF&E %
LRI
Table 1 Results of IPSO method compared with literature
[97 in the conditions that Dims=10

Method Best in [9] 1IPSO
Fun name Succ. Best  Succ. FEs FEs
rate/ % FEs/% rate/% B_FEs
1 K-PCX 100(11) 1000 100 450 0.45
2 K-PCX 100(11) 2400 100 800 0. 33

3 G-CMA-ES 100(7) 6500 100 16900 2.6
4 G-CMA-ES 100(10) 2900 100 1190 0.41
5 G-CMA-ES 100(7) 5900 100 2360 0. 40
6 K-PCX 100(8) 7100 100 2400 0. 34
7 G-CMA-ES 100(9) 4700 100 5730 1.22
9 L-SaDE 100(7) 17000 100 12900 0.76
10 K-PCX 92(2) 55000 80 77000 1. 40
11 DE 48(3)

12 K-PCX 56(3) 8200 100 7790 0.95

190000 28 720100  3.79

13 — — — 8 [1.07x10°]
15 L-SaDE 92(3) 33000 16
%2 Dims=30 Kf IPSO 53 #k[9]h LW & R 3T LL
Table 2 Results of IPSO method compared with literature
[9] in the conditions that Dims=30

269280  8.16

Best in [9 1PSO
Method est_in [9]
Fun Succ. Best Succ. FEs
name s ——
rate/ % FEs rate/% B_FEs
1 K-PCX 100(7) 2700 100 810 0. 30
2 K-PCX 100(9) 12000 100 3600 0. 30

3 G-CMA-ES 100(4) 43000 100 253700 5.9
4 G-CMA-ES 40(4) 59000 100 25960  0.44
5 G-CMA-ES 100(2) 66000 100 23760  0.36
6 G-CMA-ES 100(6) 60000 100 15000  0.25
7 G-CMA-ES 100(10) 6100 100 10675 1.75
9 L-SaDE 100(3) 99000 100 84150  0.85

10 K-PCX 56(2) 450000 44 990000 2. 20

11 G-CMA-ES  4(D) 500000 - - -

12 KPCX  20(3)
+ =0
4 én EE T

£%F 2Ll CEC2005 H1 8 benchmark [7] 55,

180000 100 126000 0.70
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