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Tab.1 Contrast in Classification Results Among Four Schemes on Indian and PaviaU Datasets/ %
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Abstract: Hyperspectral imagery (HSD) classification can be achieved through the combination scheme
of nonlinear dimensionality reduction using Laplacian eigenmaps (LLE) and classification using the A
nearest neighbor (KNN) classifier. However, both the LE and the KNN classifier omit spatial fea-
tures of HSI data as the imagery. That seriously restricts the classification result of HSI data. This
paper presents the adaptive weighted summation kernel distance (AWSKD) to improve both the LE
and the KNN classifier, aiming to promote the classification accuracies of HSI data. The AWSKD
considers the spectral and spatial features of HSI data, and adaptively estimate the proper spatial
neighborhood size for describing the spatial feature of each pixel. The Indian and PaviaU datasets are
utilized to analyze and testify the proposed combination scheme of improved LE (ILE) and improved
KNN (IKNN) classifier. Experimental results show that the proposed combination scheme achieves
sharply higher classification accuracies than the regular scheme of LE and KNN.
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