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Comparative study on descending dimension classification of hyperspectral
data between ICA algorithm and PCA algorithm

ZANG Zhuo'?, LIN Hui*, YANG Min-hua'
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Abstract: The three kinds of pre-processed hyper-spectra data (first-derivative (d(R)), logarithms (log(R)) , logarithms-
first-derivative (d(log(R)))) and original data were reduced in dimension by ICA and PCA algorithm, and then classified
by Support Vector Machine (SVM) ~Gaussian Raial Basis Function (RBF), Support Vector Machine (SVM)-Liner, Back
Propagation(BP) neural network and Fisher classification method. The results show that compared with PCA, ICA did not
have obvious advantage in dimension reduction for hyperspectral data of trees. ICA was less stable than PCA. Judging by
the running cost of computer, PCA algorithm was better than ICA, ICA’s average cost was 4 to 5 times more than
PCA’s. Various pre-processing methods and various classification methods showed the different influences on classification
results. By comparing several combination methods. the study has found that d (log(R))-PCA combination and log
(R)-ICA combination were usually considered to be the most ideal. According to the results of the classification, it
is found that Fisher classification method is suitable for the classification of the data preprocessed by PCA and ICA.
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Fig. 1 Hyper-spectral filter curves by S. Golay method
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