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New dimensionality reduction algorithms for hyperspectral

imagery based on manifold learning
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Abstract: A new neighborhood selection method was proposed based on the image patch distance and
applied to the manifold learning. Thus, a new nonlinear methods for hyperspectral dimensionality
reduction was obtained. Considering the physical characters of hyperspectral imagery, the proposed
methods combined both spectral and spatial information and, thus, kept the original characters of dataset
well with the less loss in the useful information and less distortion on the data structure. Compared with
other dimensionality reduction methods for hyperspectral imagery, the proposed methods can reserve
effectively the spatial relationships between observation pixels in hyperspectral imagery after
transformation. Meanwhile, the proposed methods can discard efficiently the redundant information of
original data sets along both spectral and spatial dimensions. Experimental results on real hyperspectral
data demonstrate that the proposed methods have higher classification accuracy than the other methods

when applied to the classification of hyperspectral imagery after dimensionality reduction.
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Fig.2 Classification accuracy of the seven algorithms with

different dimensions
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Tab.1 Comparison of seven algorithms for classification accuracy by KNN classifier (d=20)

Class PCA LLE ISOMAP IPAD-LLE IPAD-ISOMAP IPED-LLE IPED-LLE
Alfalfa 0.764. 7 0.3529 0.529 4 0.8529 0.647 1 0.9118 0.882 4
Corn-notill 0.603 5 0.442 9 0.491 2 0.946 1 0.898 8 0.920 1 0.946 1
Corn-min 0.591 9 0.440 3 0.493 5 0.953 2 0.938 7 0.906 5 0.911 3
Corn 0.483 3 0.2111 0.3778 0.961 1 0.972 2 0.9722 0.972 2
Grass/Pasture 0.859 1 0.723 8 0.801 1 0.8011 0.966 9 0.936 5 0.958 6
Grass/Tress 0.924. 5 0.8527 0.898 7 0.944. 8 0.939 2 0.9319 0.963 2
Grass/pasture-mowed 0.571 4 0.476 2 0.571 4 1.000 0 1.000 0 0.904 8 0.904 8
Hay-windrowed 0.961 0 0.947 1 0.969 4 0.9889 0.994 4 1.000 0 0.961 0
Oats 0.466 7 0.133 3 0.400 0 0.866 7 0.933 3 0.866 7 0.666 7
Soybeans-notill 0.734 6 0.563 6 0.607 4 0.923 4 0.874 1 0.926 1 0.965 8
Soybeans-min 0.710 5 0.600 1 0.600 1 0.9719 0.962 7 0.962 7 0.971 3
Soybeans-clean 0.467 7 0.3029 0.3653 0.944. 3 0.9710 0.9510 0.9510
Wheat 0.9211 0.901 3 0.894 7 0.993 4 0.9079 0.934 2 0.914 5
Woods 0.908 7 0.868 4 0.894 9 0.996 8 0.949 0 0.970 3 0.9756
Bldg-Grass-Tree-Drives 0.4577 0.3310 0.348 6 0.982 4 0.9859 0.9577 0.9718
Stone-steel towers 0.9130 0.8551 0.869 6 0.884 1 0.942 0 0.985 5 0.840 6
Dverall accuracy 72.29% 60.40% 64.94% 96.03% 94.07% 94.64.% 95.67%
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Fig.3 Classification maps of seven algorithms(d=20)
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