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Fig. 2 Spectral responses of four kinds of tea

in near-infrared region
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(a)—(d) corresponding to the four kinds of tea of A—D;

(e)—(h) pixel-wise identification results of classification
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Study on the Tea Identification of Near-Infrared Hyperspectral Image
Combining Spectra-Spatial Information
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Abstract The class-identification and grade-determination of tea have practical importance. Hyperspectral imaging possesses
conspicuous advantages in data form of the combination of image and spectra, as well as in fast and undamaged checking in food
safety, compared with traditional methods. In this study. hyperspectral images of four kinds of tea which have similar appear-
ance were obtained at the spectral range from 1 000 to 2 500 nm. MNF (Minimum Noise Fraction) and NWFE (Nonparametric
Weighted Feature Extraction) were used to rotate and project the hyperspectral data from high dimension to lower subspaces.
Then, ANOVA (Analysis of Variance) was used to estimate and select the projected subspaces which have better separability,
and they are MNF,, MNF,, MNF,, MNF;, MNF;, NWFE,, NWFE,. Then selected subspaces together with the sum of all
original bands were fed to SVM classifier. On the other hand, Finally, IID (image intrinsic decomposition) was applied to de-
compose the original spectra into material reflectance spectra R and shadow spectra S. Next, gradient image was obtained from
R. and watershed algorithm was adapted to segment image in spatial dimension. Finally, results of both pixel-classification and
spatial segmentation were fused to have better tea identification. The proposed method was proved to have a satisfying result
with an overall accuracy of 94. 3% and Kappa coefficient of 0. 92 given the only 1% training pixels of all the tea pixels. The pro-
posed model well avoids the phenomenon of same material but different spectra, and significance of reference in practical produc-

tion is expected.

Keywords Tea; Different classes; Hyperspectral image; Classification; Identification
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