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1 NN AVIRIS
N; =20 N; =40 N; =100
OA /% K OA/% K OA/% K
NN 63.23( 185) 0.6113 71.34(185) 0.6913 76.18( 185) 0.7357
LDA 44.37(9) 0.4115 71.53(8) 0.692 0 81.79( 8) 0.796 8
PCA 65.75(13) 0.619 2 70. 54( 26) 0.678 6 76.69(33) 0.738 6
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LDA 96.46( 6) 0.958 7 99.23( 6) 0.9915 99.67(6) 0.995 9
PCA 98.96( 10) 0.986 3 98.49( 10) 0.9839 99.54(8) 0.994 6
NPE 98.73(21) 0.985 2 99.43(8) 0.993 8 99.89( 19) 0.998 0
MFA 96.35(18) 0.954 0 94.86( 18) 0.947 7 98.59( 18) 0.984 6
LPP 96.48( 6) 0.962 1 99.57(6) 0.994 6 99.60( 6) 0.995 3
LPLDE 99.90( 6) 0.998 7 99.63( 8) 0.995 6 99.72( 10) 0.9963
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LPLDE ( Locally Preserving Linear Discriminant Embedding) Method of
Feature Extraction for Hyperspectral Image Classification

. 1 . 1 . 2 . 1
Wen Jinhuan' Tian Zheng Zhao Yongqgiang”™ Yan Weidong
1. Department of Applied Mathematics Northwestern Polytechnical University Xi‘an 710072 China
2. Department of Automatic Control Northwestern Polytechnical University Xi“an 710072 China

Abstract: In view of the difficulty to get enough training samples in hyperspectral image this paper presents a no—
vel supervised linear manifold learning feature extraction method based on the manifold learning Fisher criterion
and Maximum Margin Criterion named LPLDE by us for hyperspectral image classification with nearest neighbor
(NN) classifier. The intraclass compactness and interclass separability of hyperspectral data are respectively char—
acterized by within-elass neighboring graph and between-elass neighboring graphs via embedding. The LPLDE
method which efficiently avoids the within-class scatter matrix singularity caused by small-sample-size problem has
better discriminative performance and is more suitable for classification. Experimental results on hyperspectral data—
sets and their analysis demonstrate preliminarily the efficiency of our LPLDE method as compared with other existing

methods.

Key words: efficiency experiments feature extraction image classification; dimensionality reduction hyperspec—

tral image classification manifold learning small-sample-size problem



