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Tab. 1

Result of Feature Selection

Bk

WBE(5,10,20)

OVO SVM-RFE
OVA SVM-RFE

26,27,28,30,31,42,43,61,62,63,70,74,76,110,124,125,126,149,164,172
6,26,27,29,30,31,33,37,38,61,73,75,81,83,88,91,99,100,101,134

MSVM-RFE 27,29,36,40,42,43,74,75,76,82,107,108,110,112,126,127,149,151,162,177
OneR 16,18,23,25,26,27,28,29,30,119,124,127,130,132,134,135,136,138,140,141
InfoGain 134,135,138,140,149,159,160,162,163,165,166,167,168,169,170,171,173,177,178,179

ReliefF

148,149,150,153,154,155,156,157,158,159,160,162,163,164,165,166,167,169,172,173
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A Feature Selection Algorithm for Hyperspectual
Data with SVM-RFE
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Abstract: Many conventional classification algorithms have difficulties to be applied to hyper-
spectral data directly due to huge band number and high correlation among bands. Hence,
how to reduce the band number and preserve the information of original data as much as pos-
sible simultaneously is an on-going issue. An algorithm of feature selection for hyperspectral
data based on one-verse-one support vector machines recursive feature eliminate (OVO SVM-
RFE) is proposed. The AVIRIS hyperspectral data was utilized to summarize the principle
and characteristic in feature selection. The algorithm was compared to the one-verse-all
SVM-RFE (OVA SVM-RFE), MSVM-RFE, OneR, InfoGain and ReliefF approach for fea-
ture selection in classification accuracy using support vector machines classifier. Experimen-
tal results indicate that the OVO SVM-RFE is a reliable and effective approach of feature se-
lection for hyperspectral data and is superior to other five algorithms in accuracy of classifica-
tion for selected bands.
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