£ 000 http://www.cqvip.com]

B P2 2007 Vol. 34No. 8

KR TSP [E10 0 1 % R 4 TS O FRE R TR 5T

Fxig' NIRRT E
(BHAFUHENEGEARFEER BR4I407TID(HHAFEFEEIRFER  EK 400715)°
M OE AdRAREM(TSD) AHRAME MRRAB BRR LB £ A 5. 4055 DPSO F3k 5 F#4
MR BRE  EHAATERLETHDPSOEE LEAX.E44APRPHFLAATATI RTINS AHS
A B F R (SEC) G R T — #4760 A RS EHETHEE(SEHDPSO)., AR BH R —
HALEERBEREEFEPRALHSRIDOERGETRE ARBITARTLHTHR AR AL RS FHG5
. AR AN, SEHDPSO Bk b it 45U 5k (ACS+2—OPT) A A £ 4F 69l st Fo i & i &

XERA BHEBETHIEAOATEM, Ak
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Abstract To deal with the problem of premature convergence and slow search speed, a new algorithm which named the
discrete particle swarm optimization algorithm (DPSQO)has been proposed based on redefining speed and position of the
DPSO, for solving the symmetrical traveling salesman problem (TSP)in this paper. We change the algorithm to self-es-
cape hybrid discrete particle swarm optimization (SEHDPSQ) after combining a strategy called self-escape method and
local search method. The SEHDPSO uses to explore the global minima thoroughly, which derives from the phenomena
that some organisms can escape dynamically from the original cradle when they find the survival density is too high to
live, The subsequent experiment result shows that the SEHDPSO can not only speed up the convergence significantly

but also solve the premature problem effectively.
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