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Discriminant Manifold Learning Approach for Hyperspectral Image
Dimension Reduction
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Abstract: A discriminant manifold learning approach for hyperspectral image dimension reduction
was proposed. In order to overcome the high dimensional and high redundancy of remotely sensed
earth observation images, a modified manifold learning algorithm was suggested for dataset linear
dimensional reduction to improve the performance of image classification. The proposed method
addressed the discriminative information of given training samples into the current manifold
learning framework to learn an optimal subspace for subsequent classification, in particular, the
linearization of discriminant manifold learning is introduced to deal with the out of sample
problem. Experiments on hyperspectral image demonstrated that the proposed method could
achieve higher classification rate than the conventional image classification technologies.
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Table 1 Reference samples, training samples and

testing samples in HYDICE image

Reference Training Testing
Water 809 30 779
Road 1 050 30 1020
Roof 987 30 957
Trail 686 30 656
Grass 958 30 928

Tree 1192 30 1162
Shadow 864 30 834
Overall 6 546 210 6 336
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the different algorithms
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Table 2 Classification rates in percentage for various features in HYDICE image

Algorithm ~ Water Road Roof Trail Grass Tree  Shadow Overall
Spactral 2.95 83.92 51.09 75.45 97.73 91.13 97.00 73.20
PCA 7.31 83. 82 51. 20 70.12 97.73 90.01 97.00 72.98
LLE 90. 50 88.52 61.23 77.59 87.82 93.63 82.25 82. 80
LDA 92. 29 51.56 70. 21 71.34 60. 66 85. 28 75.41 72.10
NWFE 90. 50 88.52 61.23 77.59 87.82 93.63 82.25 83.52
DML 93.70 84. 90 72.20 83.23 96. 22 96. 04 94.12 88. 81
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Table 3 Reference samples, training samples and testing

samples in ROSIS image

Reference Training Testing

Water 2 224 50 2 174
Road 3 696 50 3 646
Roof 4 187 50 4 137
Shadow 2 662 50 2612
Tree 3 216 50 3 166
Grass 3400 50 3 350
Overall 19 385 300 19 085
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Fig. 7 Classification maps of all the methods in ROSIS image
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Table 4 Classification rates in percentage for various features in ROSIS image

Algorithm Water Road Roof  Shadow  Tree Grass  Overall
Spactral 100 64.64  65.96  93.19 85.93 57.24 75.12
PCA 100 64. 64 65. 96 93.08 85.96 57.21 75.10
LLE 99. 95 57.09 86. 11 94. 11 79. 84 89. 16 82.75
LDA 97.72 80.38 76.52 84.80 80.19  76.17  81.36
NWFE 100 87.12  79.48 88.41 89.79  66.17  83.88
DML 100 88.18  85.47  95.51 90.86  85.96  90.01
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