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Abstract: In order to make full use of the spatial information and spectral information and improve the
classification accuracy of hyperspectral imager, a fusion multi-scale feature with multiple kernel learn-
ing method was proposed in this paper. Firstly, multi-scale features were extracted by multi-scale spa-
tial filtering and PCA whitening. Then multiple kernels were used to represent the multi-scale feature
in the framework of kernel sparse representation classifier. The kernel weight was computed according
to the CKTA between the sub-kernels and ideal kernel and the CKTA between sub-kernels. The unla-
beled pixels were linearly represented by the training samples in the feature space. According to the
reconstruction error of each kind of land cover, the category of unlabeled pixels was determined. The
experiment results showed that the overall classification accuracy in Indian Pines images and Pavia U-
niversity images reached 99.51% and 97. 96 %, which significantly surpassed the traditional method.

The accuracy of object recognition of small sample could also reach more than 90%. It can be seen that
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algorithm proposed has stronger recognition ability for hyperspectral images land cover.

Key words: hyperspectral image; SRC; multi-scale; multiple kernel learning; land cover classification
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Fig. 1 Classification flow chart of hyperspectral image
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Fig. 2 Extraction of multi-scale feature
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Fig.5 Classification results of different algorithms in Indian Pines image
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Tab.1 Classification accuracy of different algorithms in Indian Pines image

Class Train Test SVM SRC PCA+SVM MKSVM  Spatial JSRC MKSRC Proposed
Alfalfa 5 41 54. 35 36. 96 50. 00 78. 26 100.00 100.00 97.83 100.00
Corn-notill 143 1 285 78.99 76.05 78.71 86. 97 97.90 97. 20 97. 69 98. 74
Corn-min 83 747 72.89 65.18 65.78 77.83 98.92 92.05 97.95 98. 07
Corn 24 213 56.12 71.31 68.78 79.75 97. 47 98. 31 96.20 100. 00
Grass/ pasture 48 435 87.37 83. 44 87.78 94. 41 100.00 97.10 98.96  100. 00
Grass/trees 73 657 95.62 90. 27 95. 89 98. 08 99. 45 99.73 100.00 100.00
Grass/mowed 3 25 32.14 71.43 46.43 78.57 100. 00 96.43 96.43  100. 00
Hay-winrowed 48 430 97.91 92.05 97.70 98.95 100.00 100.00 100.00 100.00
Oats 2 18 55. 00 80. 00 50. 00 90. 00 100.00 75.00 100.00 100.00
Soybeans-notill 97 875 77.47 52. 88 82.51 86.52 95.58 90. 84 96.30  100. 00
Soybeans-min 246 2 209 84. 56 81.22 83.58 87.94 99. 06 97.43 98. 86 99.59
Soybeans-clean 59 534 76. 39 54.97 79. 26 85. 67 97.98 93.59 94.94  100. 00
Wheat 21 184 99. 02 88.78 98. 05 99.02 91.22 100.00 99.51 100.00
Woods 127 1138 95. 65 88. 06 94. 47 97.00 99.92 99.60 100.00 100.00
Bldg-grass-drives 39 347 60. 62 64. 25 72.28 75.39 100.00 93.52 98.70  100. 00
Stone-steel-Towers 9 84 82. 80 77.42 86.02 84. 95 95.70 87.10 100.00 98.92
OA 81.09 73.46 81.15 85.13 98. 37 96. 05 98.20  99.51
AA 75.43 73.39 77.33 87. 46 98. 32 94. 86 98. 33 99.71
Kappa 0. 789 0. 707 79.070 0. 834 0. 981 0. 955 0.979 0.99%4
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Fig. 6 Classification results of different algorithms in Pavia University image
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Tab. 2 Classification accuracy of different algorithms in Pavia University image

Class Train Test SVM SRC PCA+SVM MKSVM Spatial JSRC CKSRC  Proposed
Asphalt 199 6 432 91.77 85. 54 91.19 93.02 94. 41 87. 94 94. 27 97.45
Meadows 559 18 090  99.07 98. 97 98. 45 98. 03 99. 93 97. 38 99. 68 99.97
Gravel 63 2 036 14. 44 14.15 55.17 83.61 98.90 60. 93 80. 80 91.42
Trees 92 2972 86. 49 76.31 87.01 94.71 80. 87 83. 81 97.39 94.32
Metal 40 1 305 99.03 99.18 96. 88 98. 88 90. 41 97. 84 95.91 100. 00
Bare soil 151 4878  41.40 54. 34 54.15 89. 80 99. 86 74.71 97. 14 99. 90
Bitumen 40 1290  24.59 32. 86 44. 21 87.89 97.74 43.68 81.43 99.55
Bricks 110 3572 87.07 95.19 73.49 87.83 96. 41 86. 20 86. 39 92. 34
Shadow 28 919 99. 68 99. 47 90.71 100. 00 40. 44 99. 68 93. 35 97.57
OA 82.59 83.32 83.82 93.71 95.53 87.80 95. 34 97.96
AA 71.50 72.89 76. 80 92. 64 88. 77 81.35 91.81 96. 94
Kappa 0.763 0.770 0.781 0.917 0. 940 0.838 0.938 0.973
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