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Abstract; In order to classify tea varieties, a fuzzy clustering system was established using Fourier
transform infrared spectroscopy (FTIR) technology and its fuzzy clustering algorithms such as fuzzy
C-means clustering algorithm (FCM), possibilistic C-means clustering (PCM) and possibilistic fuzzy
C-means clustering(PFCM) were investigated in clustering FTIR spectra of tea. Firstly, FTIR spec-
tra of different varieties of tea samples were collected. Secondly, multiplicative scatter correction
(MSC) was applied to preprocess the spectra. Thirdly, dimensionality of FTIR spectra was reduced
by Principal Component Analysis (PCA) and linear discriminant analysis (LDA). Finally, the spec-
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tral data of tea samples were analyzed by fuzzy clustering algorithms. Experimental results indicate

that as the weight value m increases, the clustering accuracies of FCM and PFCM clustering algo-

rithms increases remarkably while that of PCM has no obvious change with its accuracy remaining at

75.76% in the whole process. A fuzzy clustering system can be designed to classify tea varieties by
FTIR technology coupled with MSC, PCA, LDA, FCM or PFCM with high detection speed and

accuracy.

Key words: Fourier transform infrared spectroscopy; fuzzy clustering; Principal Component Analysis

(PCA); linear discriminant analysis; multiplicative scatter correction
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