E TR %%t\ it B #l ® F Vol. 41 No. 6A
2014 F 6 Computer Science June 2014

[ & B BRI AT E e i B 55

X i F
(ﬁglﬁiﬁﬁgﬁ%ﬁﬁ B®E 710051)

. II
|
I
~

l

W B peT—#HATRACEALOL SEASEEMNEE, FELARAL SEAZ LT AT ELFSLAL
TFThE@RAREFALEDAAAESERNFERE AT REFSFARANFME.RARSAL ST B E
MR AT R AL, PR A AA L OB ki KB A B GAHLE SR B Xk ok ARE L BK
W, FPEREP ABAGABEARAH AR A - B RAALOBEE W EN AR ER G EEEHE P BaiE
PG ELBREMNG TR ARG E R,

REW o0 s @mik, il F SRR, RAALSHELE
REZESES  TNo11,TP391 MRRIRIRES o

Research on Collision Detection of Convex Polyhedron Based on Mixed Artiflicial Fish Swarm Algorithm

LIU Harping
(College of Air and Missile Defense, Air Force Engineering University, X1 an 710051, ChinaJ

Abstract This paper put forward a detection algorithm based on the shortest distance calculation, The algorithm uses
convex polyvhedron three dimensional space vertex coordinates of convex hull to present convex polvhedron.and the dis-
tance between the convex ohjects comes down to a norrlinear programming problem with a restricted condition, Using
mixed artificial fish swarm algorithm solves the problem, In the optimization process,using artificial fish swarm algo-
rithm can quickly find the global extremal neighborhood,and in the late process using pattern search method can accu-
rately find the global extremal. Experiments show that no matter in speed or in accuracy . mixed artificial fish swarm al-
gorithm has more cbhvious advantage than penalty function method and genetie algorithm,

Keywords Convex polyhedron,Collision detection. Nonlinear programming, Mixed artificial fish swarm algorithm
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