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Abstract: The traditional hyperspectral image classification methods consider only spectral information
while spatial information is ignored. To address this problem, a semi-supervised spatial-spectral glob-
al and local discriminant analysis (S*’GLDA) algorithm for hyperspectral image classification was pro-
posed. The method firstly made use of a few labeled samples to preserve the linear separability and
global discriminant information of the data set, then the local discriminant information and nonlinear
manifold was uncovered by the unlabeled spatial neighbors. The spectral-domain global discriminant
structure and spatial-domain local discriminant structure were exploited simultaneously and the spatial
information was incorporated into the output low-dimension features automatically, which constitute
the semi-supervised spatial-spectral discriminant analysis. The overall classification accuracies reached
76.24% and 82.96% on the Indian Pines and PaviaU data sets, respectively. Compared with several
existing methods, the proposed algorithm can effectively improve the discriminant ability of the output

features in the low-dimension subspace, which can uncover the intrinsic nonlinear multi-modal struc-
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ture of the data set and obtain higher ground objects classification accuracy.

Key words: hyperspectral image classification; feature extraction; discriminant analysis; spatial-spec-

tral; semi-supervised learning; spatial neighbors
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Tab. 1 Classification accuracies to show different contributions of each processing step to final results %)
Data sets Baseline LDA LDMGI LPDA SGLDA S*GLDA
Indian Pines 57.15 60. 27 56.11 69. 30 65.32 76.24
PaviaU 69. 45 69.61 70.62 78.79 79. 66 82.96
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Tab. 2 Classification accuracies varies with different number of labeled samples(mean=+std) %
Labeled Baseline LDA SDA SELF SELDIpp SELDnpe S*GLDA
5 42.95+3.03 43.4243.09 44.64+3.25 43.77+2.94 42.3342.93 42.78+2.64 57.88+2.22
10 49.41+2.22 48.2042.56 51.95+2.32 51.40+2.02 49.27+2.42 50.20+2.26 66.01+2.83
15 51.4542.16 51.14+2.02 56.20+E1.73 55.224+2.44 52.15+1.46 54.0941.64 70.75+1.59
20 54.774+1.89 54.95+2.86 60.24+1.53 58.354+1.73 55.58+1.40 57.65+1.53 73.19+1.20
25 56.4641.24 58.76+1.61 62.19+1.95 59.2940.59 57.20+0.89 59.9240.88 74.36+1.20
30 57.154+1.60 60.27+1.44 63.96+1.59 60.8941.48 58.30+0.96 61.08+1.28 76.2440.86
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(a) LDA (b) SDA (¢) SELF (d) SELDIpp (e) SELDnpe (H S*GLDA
#l 5 ¥ Indian Pines & £%%03: 50 280 51 &
Fig. 5 Classification maps of different algorithms on Indian Pines data set
% 3 Indian Pines iEE R LMY ELREEZTH S LBE
Tab. 3 Class-specific accuracies in Indian Pines data set by different algorithms %)

No Classes Labeled Test LDA SDA SELF SELDIpp SELDnpe S*GLDA
1 Alfalfa 23 23 86. 96 87.39 84.78 81.74 78.70 91.74
2 Corn-notill 30 1398 46. 89 50. 24 52.83 41. 56 46. 34 70. 08
3 Corn-min 30 800 45. 31 56. 08 60. 25 51.11 55. 14 69. 96
4 Corn 30 207 63. 14 72.17 75.31 63. 62 72.37 88. 07
5 Grass/Pasture 30 453 83. 40 83.95 84. 64 84. 30 84. 11 91.77
6 Grass/Trees 30 700 91.73 87. 80 88. 60 85. 74 86. 29 96. 63
7  Grass/Pasturee-mowed 14 14 95. 00 88.57 91.43 89. 29 92. 14 95. 00
8 Hay-windrowed 30 448 89. 24 90. 27 85.76 80. 58 79.42 96.52
9 Orats 10 10 93. 00 94. 00 96. 00 79.00 94. 00 100. 00
10 Soybean-notill 30 942 52.96 70. 48 75.56 62. 24 65.57 80. 11
11 Soybean-min 30 2425 36.62 47.42 51.40 41.62 47.61 58. 85
12 Soybean-clean 30 563 60. 57 55. 47 53.21 45. 36 46.91 82.43
13 Wheat 30 175 98. 34 97.83 96. 23 95.49 96. 57 99.43
14 Woods 30 1235 78.73 79.48 76. 30 79.71 76.56 85.16
15 Bldg-Grass-Trees-Drives 30 356 62. 87 55. 48 48. 88 44,13 45. 84 72.25
16 Stone-steel towers 30 63 91.90 92.22 94. 44 89.52 94. 44 97.78
SR (OA) 58.76 63. 96 65. 31 58. 30 61.08 76. 24
Kappa % 31 53. 80 59. 52 61.01 53. 28 56. 32 73.19
I (AN 73. 54 75.55 75. 98 69. 69 72.63 85. 99
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S'GLDA k1% T # 2t X 4.
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Fig. 6 Overall accuracies of different algorithms with different labeled samples in different dimensions
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Tab. 4 Classification accuracies varied with different number of labeled samples(mean=std) Y%
Labeled Baseline LDA SDA SELF SELDIpp SELDnpe S*GLDA
5 56.81+4.52 56.284+4.65 62.3545.15 57.0544.50 60.3844.35 60.20+E4.62 66.15+6.83
10 62.074+3.18 52.21+3.32 69.10+£3.92 62.414+3.22 67.94+3.02 68.1242.92 74.4943.97
15 64.154+3.04 60.28+2.24 72.22+3.60 64.56+3.01 71.04+2.25 71.0642.57 78.65+1.51
20 66.74+2.58 62.94+2.00 74.8842.04 67.2442.51 74.16%1.57 74.30%E1.06 80.88+1.32
25 67.20+1.22 68.41+2.01 75.91+1.97 67.7841.16 75.05+1.40 75.3941.37 82.30+1.23
30 69.45+1.35 69.61+1.09 77.94+1.85 70.0941.25 78.48+0.95 78.2740.77 82.96+1.43

(a) LDA (b) SDA (¢) SELF

(d) SELDIpp

(D S*GLDA

(e) SELDnpe

B 7 FE PaviaU b 4¢ 532/ 50 250 I

Fig. 7 Classification maps of different algorithms in PaviaU data set
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Tab.5 Class-specific accuracies in PaviaU data set by different algorithms %)

No Classes Labeled Test LDA SDA SELF SELDIpp SELDnpe S*GLDA
1 Asphalt 30 6601 58.75 72.65 68. 24 71.39 67.12 71.54
2 Meadows 30 18 619 72.29 75.31 65. 31 77.27 78. 85 84. 85
3 Gravel 30 2 069 58. 84 71.59 62.26 70.79 68. 02 73.01
4 Trees 30 3034 90. 66 90. 35 88.29 89. 31 90. 03 90. 86
5 Metal Sheets 30 1315 99. 48 99. 57 99. 14 99.61 99. 57 99. 65
6 Bare Soil 30 4 099 65.03 78. 80 65. 26 78.09 80. 06 87.94
7 Bitumen 30 1 300 58.53 89. 38 87. 82 93.42 91. 33 88. 98
8 Bricks 30 3652 56.52 75.67 69. 45 75.00 71.41 73.79
9 Shadows 30 917 97. 80 99. 96 99. 95 99. 97 99. 86 99. 86
SV EE(OA) 69.61 77. 94 70.09 78. 48 78.27 82.96
Kappa % & 61.42 71. 86 62. 30 72.43 72.15 77.97
S RE L (AA) 73.10 83.70 78. 41 83. 87 82.91 85. 61
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Tab. 6 Time cost of different algorithms (s)

Data sets LDA SDA SELF SELDIpp SELDnpe S’ GLDA

PaviaU 0.01 0.44 1.94 0.37 0.76 0. 46
Indian Pines 0. 01 0.77 4.88 0.61 1.21 0.58
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