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Remote sensing image classification based on active learning with manifold structure
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Abstract: To efficiently solve remote sensing image classification problem, a neweclasgification algorithm based on

manifold structure and Support Vector Machine ( SVM) was proposed. Firstly, the propesed algorithm trained the SVM with

initial training set and found the samples close to the decision hyperplane, then built the Tanifold structure of the samples by

using Laplacian graph of the selected samples. The manifold structuge was appliedhte find the representative samples for the

classifier. The experimental evaluations were conducted on the hyper§pectral{iniages, and the effectiveness of the proposed

algorithm was evaluated by comparing it with other active learifigdeehniques(exiting in the literature. The experimental results

on data set confirm that the algorithm has higher classificatiatihaccuragyy
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