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In remote-sensing data processing research,

hyperspectral data affect the classification accuracy of hyperspectral data seriously. To solve this problem, we

classified, which has been processed. Experimental results of the AVIRIS data indicate that the proposed approach
OCIS codes

propose an algorithm of hyperspectral data classification based on band selection with mutual information and empirical
improves the classification accuracy of hyperspectral data, significantly reduces the number of support vector, and
mode decomposition; classification accuracy

redundant information and noise of high-dimensional
mode decomposition (MI-EMD-SVM). Band selection based on mutual information is used to achieve redundant
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information processing, and empirical mode decomposition (EMD) is used to achieve feature extraction. And the
Key words

obtained hyperspectral data X” has been processed. The support vector machines (SVM) classification of the data is
improves the speed of hyperspectral data classification.
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mutual information
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Fig. 3 Flow chart of empirical mode decomposition

for hyperspectral data
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Table 1 Numbers of training and testing pixels in each class

Class Training sample Testing sample
Alfalfa 27 27
Corn-no till 717 717
Corn-min till 417 417
Corn 117 117
Grass/Pasture 249 248
Grass/ Trees 373 374
Grass/Pasture-mowed 13 13
Hay-windrowed 245 244
Oats 10 10
Soybeans-no till 484 484
Soybean-min till 1234 1234
Soybean-clean till 307 307
Wheat 106 106
Woods 647 647
Bldg-Grass-Tree-Drivers 190 190
Stone-steel towers 47 48
Total 5183 5183
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Table 2 Average accuracies of SVM in different parameters

Penalty coefficient ¢

Kernel parameter

0.1 1 10 100 1000
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Time of classification MI-EMD-SVM EMD-SVM SVM
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