0o g
ST

koW ¥ 5Ok W A

Spectroscopy and Spectral Analysis
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Fig. 3 Score plot of PCA model
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Application of Near Infrared Spectroscopy Combined with Comparative
Principal Component Analysis for Pesticide Residue Detection in Fruit
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1. Hebei University of Technology, Tianjin 300401, China

2. Beijing Research Center for Intelligent Equipment for Agriculture., Beijing Academy of Agriculture and Forestry Sciences,
Beijing 100097, China

Abstract Near-infrared spectroscopy (NIR) analysis is considered as a promising chemical analysis technique because its advan-
tages of convenient-testing, no damaging and fast response. However, due to the many unknown factors in the band distribution
and structural analysis of the near-infrared spectrum, there are many difficulties in extracting the characteristic spectral informa-
tion. Nowadays, although a variety of spectral data dimensionality reduction methods have been widely used, the traditional data
dimensionality reduction methods have a limitation that the dimensionality reduction is restricted in one dataset. The results of
data dimensionality reduction are often not ideal when there are many factors in dataset . This problem makes the data establish
dimensionality reduction model extremely hard in near-infrared spectrum. Comparative Principal Component Analysis (cPCA) is
an improved algorithm based on principal component analysis (PCA), which originated from Comparative Learning and applied
to genomic information analysis. The advantage of the cPCA algorithm is that it can realize the dimensionality reduction between
two related data sets. In this paper, the cPCA algorithm is applied to near-infrared spectroscopy for the first time and establish
an accurate spectral dimensionality reduction model. In the experimental, we used the cPCA algorithm to analyze the surface of
different types of fruits (apples and pears) with pesticide residues and without pesticide residues . The result showed that the
PCA algorithm just distinguishes different {ruit types. while the cPCA algorithm classifies the fruits with or without pesticides
due to the constraint of the background dataset. This showed that cPCA outperforms in data dimensionality reduction of near-in-
frared spectra. It solves the problem of dataset limitation and feature information extraction in the near-infrared spectral data di-

mensionality, and cPCA could establish an accurate spectral data dimensionality reduction model.
Keywords Near-infrared spectroscopy; cPCA; Data dimensionality reduction; Model establishment
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