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Tab.7 Principal component information

selected by different data sets
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Principal component selection method for hyperspectral
remote sensing images based on spatial statistics

SUN Xiao', PENG Junhuan®, ZHAO Feng’, WANG Xiaoyang', LYU Jie’, ZHANG Dengfeng"

(1. Langfang Natural Resources Comprehensive Survey Center, China Geological Survey, Langfang 065000, China; 2. School of
Land Science and Technology, China University of Geosciences ( Beijing) , Beijing 100083, China; 3. Urumgqi Natural
Resources Comprehensive Survey Center, China Geological Survey, Urumgi 830057, China; 4. Xi’ an Center
of Mineral Resources Survey, China Geological Survey, Xi’ an 710100, China)

Abstract; The principal component analysis is a widely used method for dimensionality reduction of hyperspectral
remote sensing images. In task — oriented work, the principal component selection method based on cumulative
variance contribution rate is not ideal. To address the problem of principal component selection after principal
component analysis transformation, a method of principal component selection based on spatial statistics is proposed.
The selection of principal components is performed by calculating the values of the semi — variogram parameter range
and partial sill/sill of each principal component. The magnitude of a range is used to judge the range of spatial
correlation of each principal component, and the partial sill/sill is used to judge the strength of spatial correlation of
each principal component. The simulation proves that the variable range and partial sill/sill can effectively express
the range and strength of spatial correlation of hyperspectral remote sensing images. Based on the experiment of real
hyperspectral remote sensing images, the empirical threshold of principal component selection is determined from
subjective and objective aspects, that is, the range is 2.5, and the partial sill/sill is 0. 2. According to the
classification results based on the support vector machine algorithm, compared with traditional methods, the principal
components with better image quality can be screened by using variable range and partial sill/sill, which can not only
achieve the purpose of dimensionality reduction, but also ensure high classification accuracy.

Keywords: hyperspectral ; principal component analysis; spatial statistics; semi — variogram; support vector ma-
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