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Abstract; A semi-supervised, cluster-ensemble based method for the classification of multi/hyperspectral
images is presented. Spectral clustering is a graph theory based clustering algorithm taking similarity as the
basis, and has become increasingly popular in recent years. It can deal with arbitrary distribution of dataset
but with a drawback for being sensitive to the scaling parameters. Cluster ensemble techniques are effective
in improving both the robusiness and the stability of the single clustering algorithm. Cluster ensemble also
has a character of good robusiness and generalization ability. The processing method in this paper utilizes the
merits of cluster ensemble and develops a consensus function based speciral clustering algorthm. The
clustering components are generated by spectral clustering. The affinity matrix is generated by computing the
SAM between different datapoints. The Nystrom method is used to to speed up the classification process.
Thus semi-supervised classification to multi/hyperspeciral remote sensed data is completed. Experiments
show that the method presented here has an excellent classificaation result for both multispectral and
hyperspectral remote sensed dataset.
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Fig.5 The classification with different numbers
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Table 3 The classification accuracy for
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Number
10 20 50 100
Soybean 0.8011 0.8249 0.8377 0.8818
Com 0.8143 0.8374 0.8441 0.8875
Alfalfa/ Oats 0.6707 0.7132 0.7573 0.7688
0A 0.7921 0.8178 0.8313 0.8712
KC 0.7165 0.7398 0.7528 0.7881
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Fig.6 The classification with different numbers
of labeled samples for the dataset 92AV3C. tif
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Table 4 The confusion matrix of test area of
dataset 92AV3C. tif
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Table 5 The classification results of the
dataset 92AV3C. tif

Number
10 20 50 100
G, 0.7894 0.8345 0. 8705 0.9121
Cs 0.7765 0.8438 0.8897 0.9209
Cs 0.8330 0.8472 0.8658 0.8853
Cs 0. 8808 0.9075 0.9472 0.9639
Cg 0.8571 0. 8683 0. 8807 0.8998
Cyo 0.8116 0.8432 0.8771 0. 8867
Cu 0.7490 0.7691 0.8092 0. 8479
Cp 0.8251 0.8667 0.8911 0.9137
(6 0.8740 0.8936 0.9294 0.9521
0A 0.8071 0. 8375 0.8726 0.8994
KC 0.7551 0.8137 0.8523 0. 8825
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