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Robust Algorithm and Its Application in Infrared Spectral Analysis

LU Yu—zhen', DU Chang—wen', YU Chang—bing’,ZHOU Jian—min'
(1. Nanjing Institute of Soil Science, National Key Lab. of Soil ad Sustainable Agriculture Chinese
Academy of Sciences, Nanjing 210008, China;
2. Oil Crops Research Institute of the Chinese Academy of Agricultural Sciences, Key Laboratory of Biology and
Genetic Improvement of Oil Crops, Ministry of Agriculture, Wuhan 430062, China)

Abstract: The recent achievements of sundry robust algorithms, including robust principal component analysis, robust principal
component regression, robust partial least square regression, robust continuum regression, etc. are summarized. Robust algorithms can
detect outliers and circumvent their negative impacts. The application of robust algorithms in infrared spectral analysis can be expected
to improve the qualitative and quantitative models.

Key words: robust algorithm ;outlier;infrared spectral analysis
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