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ABSTRACT

Advances in remote sensing technologies are resulting in the rapid increase of the number of spec

2004'd 109 17¢ 43 Recieved on October 17, 2004 / 20043 11€ 20¥ AAIEE  Accepted on November 20, 2004
t FAUSE B EAAFEE Division of Information System Engineering, Dongseo University
* AZA 2} E-mail : seoyong@dongseo.ac.kr



A GATeE Y FHRUT YRR N GAER / A 25

tral channels, and thus, growing data volumes. This creates a need for developing faster
techniques for processing such data. One application in which such fast processing is needed is
the dimension reduction of the multispectral data. Principal component transformation is
perhaps the mostpopular dimension reduction technique for multispectral data. In this paper, we
discussed the processing procedures of principal component transformation. And we presented
and discussed the results of the principal component transformation of the multispectral data.
Moreover principal components image data are classified by the Maximum Likelihood method
and Multilayer Perceptron method. In addition, the performances of two classification methods
and data reduction effects are evaluated and analyzed based on the experimental results.

KEYWORDS: Principal Component Transformation, Maximum  Likelihood Method,
Multilayer Perceptron Method, Dimension Reduction Technique
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