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Classification of Remote Sensing Image of Beijing-1 Micre-satellite
Based on Multiple Classifier Combination
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Abstract: Using the mult+spectral remote sensing image of Beijing 1 micro-satellite in Xuzhou city as the data source, it is
shown that the multiple classifier combination can improve the classification accuracy effectively. Firstly, the different member
classifiers, including Minimum Distance Classifier, Maximum Likelihood Classifier, Support Vector Machine, BP neural net
work, RBF neural network and decision tree, are used to land use/ land cover classification. T hen different multiple classifier in—
tegration strategies, including bagging, boosting, majority voting, DempsterShafer theory and fuzzy integral are used, to combine
the results from the different classification method. Experiments show that the combination of multiple classifiers not only has
the potential to improve the accuracy, but also has broad application prospects.
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