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Research of data classification method based on multi-objective
artificial bee colony algorithm
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Abstract: In order to improve the classification accuracy of complex data on the premise of ensuring operation
efficiency, a data classification algorithm based on multi-objective artificial bee colony algorithm and extreme
learning machine is proposed, it takes the number of features and the classification accuracy as the optimization
objectives, and improved artificial bee colony algorithm is introduced to optimize the parameters of the classifier and
the selection of features of data. The simulation results based on six data sets verify the effectiveness of the proposed
method.
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32 ZWERESH

BYEIEATAE Matlab 2016b A |, 38173385 8 Windows? $24F & 45 . Intel core i5 ZbFEES . T4 3.3 GHz, N
17 4 GB, BB B E AR 200 5 KGR UECH 100 [7]— 157 B 4 B 50 35 i BR VK S0 100, ELM RUZ
15 PR N Radbas,

R TR B 2 ACBON A S A R A S e 3 LA YT ARUBA h 5.10.15.20,25,30, J 43 i 5 £ A Y
BZ M2t H T ELM 22K 88 i b 25 5. i 2 nTLLE W BEE Y 55 8O AE A B0 580 458 5 R AR S U
AN AR A — R SRR RO SR 2 BRI . NG SR R 4 R BIORI R 1528 W 3 1 e /N Y
JELU] S O[] B B 4R e 4% ) ELM 43 2R 88 19735 580 H L 45 sk 2 iR,



78 TR K FFHK % 43 %

k2 AEAHBEBENTRHIZE
Table 2 The selection of nodes of ELM under different datasets
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Table 3 The comparison of results in this paper and previous literatures

Bl ST LG S IR R
FHE %L
HAR 85.5% 817 90% .3
Breast Tissue 72 % ,90 80% 53
Statlog heart 85% ,7117 91%,7
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