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Dimension Reduction of Spectral Data Based on Feature Mining

Dai Qionghai, Zhang Jing, Li Feifei, Fan Jingtao
(Department of Automation, Tsinghua University, Beijing, 100084)

Abstract; The method of spectral data analysis, which can remove a lot of redundancy of high-dimensional
spectral data and extract its characteristic spectrum, is an important foundation for the widespread appli-
cation of spectral instruments. The contradiction of the applicability of the heterogeneity and spectral
characteristics of the method of universal selection, to a certain extent, restricts the application of spec-
tral instruments, need to be resolved. In this paper, a sequential forward selection (SFS) spectral feature
adaptive data mining method is proposed to generate the optimal combination of variables as support vec-
tor machine (SVM) classification model input, to achieve the spectral data reduction and obtain a high-
precision data classification. This method can effectively solve the problem of multi-class classification of
a large number of spectral data, which is proved and applied in the classification of mahogany. It provides
a new way to solve the difficulty of subjective experience feature selection in height-aliasing of spectral
peaks.

Key words: spectral data; feature mining; sequential forward selection; dimension reduction
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Fig.1 Abnormal data in spectrum
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Fig. 2 Flow chart of data mining algorithm for feature spectrum
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Tab.3 The result of classification by KNN
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