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Abstract: Sparsity Preserving Projection(SPP) is a new algorithm for reducing dimensions of dataset
based on a weighted graph( [,-Graph), which reconstructs the weighted graph by the sparse relation-
ship of train samples. However, SPP is an unsupervised learning method essentially, and it doesn’t
employ any prior knowledge of class to extract identification features. For this issue, a novel algo-
rithm, Sparsity Discriminant Embedding (SDE) is proposed. Unlike SPP, the SDE adopts the class
information of train samples when it constructs weighted graph of sparse reconstruction relationship.
The projection matrix of the SDE is obtained via optimizing objective function and making different

kinds of data points separate in the low-dimensional embedding space via a projection. By combining
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both interclass manifold structure and sparse property, the SDE keeps the sparse reconstructive rela-

tionships of dataset, and employs the class information of train samples to increase the classification

rate. The experimental results obtained from operations on Urban and Washington DC Mall datasets

show that the classification efficiency of the SDE has improved greatly as compared to those of other

algorithms. The obtained classification accuracy has been 73. 47% and 98. 35% ., respectively, when

16 samples of each class are randomly selected for training.

Key words: hyperspectral remote sensing image; dimensionality reduction; sparsity representation;

manifold learning; sparsity discriminant embedding
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Fig.1 2-D spatial distribution of Washington DC Mall data set and it's 2-D embedding results by different dimension re-

duction methods
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Tab. 2 Comparison of the highest precision of different methods on Urban dataset(mean= std)

SRR RE/ )
SRS
4-train 8-train 12-train 16-train
PCA-+1NN 61.37+3.1 66.52+3.8 67.83+3.6 68.08+2.4
LPP+1INN 64.22+3.0 66.39+2.6 67.34+3.0 68.17+£2.2
SLPP+ 1NN 65.07+£3.6 66.52+3.3 67.47+£3.4 67.58+3.1
NPE-+INN 64.45+2.2 64.56+3.5 67.11+£2.3 67.90+3.4
SNPE+ 1NN 65.97+3.1 68.87+3.2 69.95+3.1 70.08+2.1
SPP+ 1NN 68.22+2.7 68.37+2.9 71.25+2.0 71.83+2.0

SDE+ 1NN 63.97+t2.1 69.12+2.5 72.05+1.8 73.47+1.8
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Fig. 3 Hyperspectral image and classification results of Urban dataset
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Tab. 3 Comparison of the highest precision of different methods on Washington DC Mall dataset (mean=std)

SRR/ )
Bk
4-train 8-train 12-train 16-train
PCA+ 1NN 78.07+3.4 84.84+2.1 85.47+3.1 88.77+1.5
LPP+1INN 78.29+3.0 85.23+3.3 86.41+2.5 86.14+2.9
SLPP+1INN 75.19+£3.9 85.81%3.0 86.65+3.3 89.36+2.4
NPE-+INN 83.08+2.5 87.55+3.6 88.96+3.0 93.55+2.1
SNPE+ 1NN 79.11+3.3 90.99+3.6 90.82+2.9 95.81+1.9
SPP+1NN 78.47+1.8 92.324+2.7 92.64+2.7 96.31+0.9
SDE+ 1NN 83.86+2.2 93.72+1.6 95.30£2.0 98.35+0.7
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M Er g Oson maR C/ag ks mBE
(b) £ T SDE Ry et
(b)Classification results of SDE
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Fig.5 Hyperspectral image and classification results

of Washington dataset
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