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Feature extraction of hyperspectral image with spatial-spectral
collaboration-competition preserving graph embedding

TAO Yang, WENG Shan, LIN Feipeng, YANG Wen

(School of Communication and Information Engineering, Chongging University of

Posts and Telecommunications, Chongging 400065, China)

Abstract: Aiming at the difficulty of labeling hyperspectral image samples and the problem that most feature
extraction algorithms only consider spectral feature information but ignore spatial information, a new feature
extraction of hyperspectral image with spatial-spectral collaboration-competition preserving graph embedding
(SCPGE) in unsupervised scenes was proposed. The collaborative representation is used to characterize the global
manifold structure, combined with locality-constrained property based on spatial information and spectral
information to calculate the representation coefficient of the pixel. Used the weight matrix of the graph drawn by the
coefficient matrix, and the objective function with regular term to obtain the projection matrix. The experimental
results on Indian Pines and Salinas hyperspectral data sets show that the proposed method is better than others.
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25 Ve S M4 LPP NPE SPGE SLPGE CPGE CCPGE SCPGE
Alfalfa 5 41 22.93 9.51 13. 66 35.12 39. 02 37.07 52.93
Corn-notill 143 1285 60. 65 59. 84 62.12 61.93 68. 51 69. 49 78. 83
Corn-mintill 83 747 46. 25 35.77 51.55 51. 87 60. 11 61.37 73.52

Corn 24 213 15.4 13. 94 38.4 32.63 41, 27 41,31 61.6
Grass-pasture 48 435 78.16 81. 61 85. 43 87. 54 89.13 88.9 91. 31
Grass-trees 73 657 89.79 92.4 92. 36 94. 26 95.19 94. 05 95. 86

Grass-pasture-mowed 3 25 38.8 26 60 48.8 47.2 54.8 50. 4
Hay-windrowed 48 430 98.21 98. 21 98.19 98.7 98. 4 98. 35 98. 84
Oats 3 17 13.53 7.65 24,12 21.18 18. 24 28. 82 46. 47
Soybean-notill 97 875 44.7 43.74 50. 99 51. 23 58. 65 60. 62 72. 66
Soybean-mintill 246 2209 80. 32 81.01 77.58 81.01 83.5 82. 74 83. 68
Soybean-clean 59 534 27.73 24. 81 44. 49 51.7 55. 54 58.73 79.76
Wheat 21 184 89. 89 90. 54 91. 25 91. 58 94.18 94. 24 97.72
Woods 127 1138 93.78 94. 43 92.71 95. 07 95. 74 94. 67 95. 43
Buildings-Grass- Trees-Drives 39 347 43.37 12.1 49. 63 44, 64 48.16 49. 68 62.77
Stone-Steel-Towers 9 84 70. 48 72.38 67.74 81.79 81.9 77. 26 80. 12
OA 68. 18 67.4 70. 93 72.61 76. 32 76. 57 82.95

AA 57.12 54. 62 62. 51 64. 32 67.17 68. 26 76. 37

Kappa 63.01 62. 06 66. 48 68. 35 72.71 73.05 80. 48
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25 PSS M LPP NPE SPGE SLPGE CPGE CCPGE SCPGE
Brocoli_green_weeds_1 100 1909 99.13 99. 2 99. 57 99.5 99. 43 99. 33 99. 46
Brocoli_green_weeds_2 186 3540 99. 86 99. 82 99. 85 99. 82 99. 84 99.9 99. 78
Fallow 99 1877 98.15 98.72 98. 6 99. 25 97.72 99. 26 99. 65
Fallow_rough_plow 70 1324 96. 88 96. 47 98. 8 98. 87 98. 92 98. 94 99. 26
Fallow_smooth 134 2544 98.12 98. 64 99. 02 99. 26 98. 85 99. 28 99. 39
Stubble 198 3761 99. 84 99. 83 99. 76 99. 74 99. 77 99. 77 99. 75
Celery 179 3400 99. 88 99. 88 99. 82 99. 82 99. 86 99. 89 99. 82
Grapes_untrained 564 10707 87. 94 87.21 88.52 89. 59 89. 25 89. 04 90. 54
Soil_vinyard_develop 310 5893 99. 61 99. 58 99. 63 99. 8 99. 81 99. 75 99. 82
Corn_senesced_green_weeds 164 3114 94. 7 95.9 96. 75 97.13 96.53 96. 76 97. 47
Lettuce_romaine_4wk 53 1015 96. 3 95. 74 97.8 98.21 97.6 97. 41 97. 85
Lettuce_romaine_5wk 96 1831 97. 74 99.18 99. 34 99. 83 99. 97 99. 86 99. 97
Lettuce_romaine_6wk 46 870 93. 41 95. 77 98. 84 99.13 99. 41 99. 15 99. 14
Lettuce_romaine_7wk 54 1016 92. 84 94. 74 96. 63 97. 46 96. 59 96. 53 97.19
Vinyard_untrained 363 6905 67.55 68. 56 70. 44 72. 46 74. 26 74. 04 77.57
Vinyard_vertical_trellis 90 1717 98. 96 99. 07 99. 28 99. 33 99. 16 99. 15 99. 34
OA 92. 02 92. 23 93. 04 93. 65 93. 69 93. 69 94. 58
AA 95. 06 95. 52 96. 42 96. 82 96. 69 96. 75 97. 25
Kappa 91. 1 91. 34 92. 24 92. 92 92. 97 92. 97 93. 96
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