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A Study on Efficient Topography Classification
of High Resolution Satelite Image
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Abstract

The aim of remotely sensed data classification is to produce the best accuracy map of the earth surface assigning each
pixel to its appropriate category of the real-world. The classification of satellite multi-spectral image data has become
tool for generating ground cover map. Many classification methods exist. In this study, MLC(Maximum Likelihood
Classification), ANN(Artificial neural network), SVM(Support Vector Machine), Naive Bayes classifier algorithms are
compared using IKONOS image of the part of Dalsung Gun, Daegu area. Two preprocessing methods are performed-
PCA(Principal component analysis), ICA(Independent Component Analysis). Boosting algorithms also performed. By
the combination of appropriate feature selection pre-processing and classifier, the best results were obtained.
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