Vol.5 No.2
Apr. 2010

ESBHE2M
20104£4 A

BB AR & ¥ M

CAAI Transactions on Intelligent Systems

doi:10.3969/]. issn. 1673-4785. 2010. 02. 008

SVM gy e Z fa 88 Z HisfL L AR

gL, EHEY T W
(L. RETRKRE ALFER, ZALAI B RE 150001; 2. PEEAHRELILEANEL O LR, T H
LT 332007)

i E:SVM BRSBTSk B RA B HM A 2 M ERE. DIX 2 MEtn o BinER# s SVM #haES
BRI BEE R, SR BN 24~ BARRIN REAT AL B0 J7 35 SRS R A Y Pareto S BUHE £5. 7R ## Pareto JI
U SR I B B SR IR AL RIS I AR A A B R P, B — R R B . DRSS R AR
B A RUR IR AT R S A BB B R A% SVM M BE L EARMLALIRIEE Y Pareto I IR SE. (F R ERRU, &
% BT AL RV , o B EE A T B A A R R MR Ak A i sy .

R FFA BYL; £ Bintifl; Pareto STRRLE; S ANEE

HESHES: TP183 LERFFIAMEE:A XEHS:16734785(2010)02-0144-06

Multi-objective optimization of an immune fish swarm algorithm to
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Abstract; Accuracy and speed when training a support vector machine (SVM) algorithm provides critical measure-
ments of the algorithm§ performance. To optimize performance, a mathematical model of multi-objective optimiza-
tion with improvements in these two parameters as goals was established. A Pareto approximate solution set was ob-
tained by optimizing multiple targets simultaneously. In the process of finding the Pareto approximate solution set, a
concentration mechanism from an immune algorithm was introduced into the basic artificial fish swarm algorithm.
This produced significant improvements and resulted in the proposed immune fish swarm algorithm. Taking the non-
linear dynamic system simulation data as sample data, a Pareto approximate solution set of multi-objective optimiza-
tion of SVM performance was obtained using the improved algorithm. Simulation resulis showed that, for solving
multi-objective optimization, the immune fish swarm algorithm was superior to both a basic artificial fish swarm al-
gorithm and to genetic algorithms.
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