(O S I A [
MICROELECTRONICS & COMPUTER

34 % 1M
2017 4E 11 A

ETERMRXERNBEBRBIRT KT IE

fEE .0 LK
CRRCT R SHAHURL: SR B 28 il 243002)

R YT YEEE PSP BN VST TP T RE ST YN VS TP SN
ER L BEHIRAE. k.8 HET E & (Normalized Mutual Information \NMD MR KB £ZFHEEF
i AR 8 F B AR 3K B AR T ) B BEAT I B, R b AR A B AR W T R o #0058y AP (Affinity Propaga-
o) REERAEFEH R FERER RS EERAG AN G2 BT EHML R LR, ZREANT EES KM
b A — A

KB REEMGG T ATk L5 HIRE %

hESEE: TP391. 4 XHERARIAAG . A XEHE: 1000—7180(2017)11—0058—05

Image Target Classification Method Based on
Selective Cluster Aggregation
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(School of Computer Science, Anhui University of Technology, Maanshan 243002 , China)

Abstract; The traditional ensemble learning algorithm was a combination of the individual classifiers, which couldn’
t reflect the differences of individual classifiers and effectively improve the recognition rate of ensemble classifier. A
measurement method based on Normalized Mutual Information was proposed , and the Hungarian algorithm was
used to match the labeled vectors of individual classifiers. On the basis of that, a AP (Affinity Propagation )
clustering integrated strategy was proposed based on component data. Compared with the classical algorithm on the

remote sensing image, the results showed that the proposed algorithm has certain advantages in classification
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performance.
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