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ABSTRACT
This thesis aims to improve the analysis accuracy of remotely sensed digital imagery, and the
improvement is achieved by considering the weight factors(a priori probabilities) of Bayesian MLC in

the classification stage.

To be concrete, Bayesian decision theory is studied from remote sensing field of view, and the

equations in the n-dimensional form are derived from normal probability density functions.

The amount of the misclassified pixels is extracted from probability function data using the thres-
holding, and this is a basis of evaluating the classification accuracy.

The results indicate that 5.21% of accuracy improvement was carried out. The data used in this
study is LANDSAT TM(1985.10.21 ; 116—34), and the study area is within the administrative boun-

dary of Seoul.
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