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Abstract: In order to improve the classification accuracy of Hyperspectral images ( HSI) and
preprocess HSI by effectively using the spatial and spectral information of HIS, a new spatial-spectral
feature extraction method, Weighted Spatial and Spectral Locality Preserving Projection (WSSLPP) is
proposed in this paper. The HSI was reconstructed combining the physical characters of HSI to avoid
the interference of singular point; then the target functions of locality pixel neighbor preserving
embedding (LPNPE) and locality preserving projection (LPP) were weighted and summed, thus the
spatial and spectral dimension information of HSI was effectively fused to construct the projection
matrix. WSSLPP not only keeps the pixel neighborhood in spatial domain, but also keeps the implicit
structure of samples in spectral domain, which helps for the HIS classification. The benchmark
verification on Indian Pines and PaviU database show that the classification accuracy resulted from

WSSLPP algorithm is significantly higher than that from other algorithms, and the overall classification
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accuracy is 99. 00% and 99. 50% respectively, effectively improving the HSI classification accuracy.

Key words: spatial information; spectral information; Weighted Spatial and Spectral Locality

Preserving Projection (WSSLPP); Hyperspectral images (HSI) ; feature extraction
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Fig. 2 Schematic of Indian-pines hyperspectral image
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Fig. 6 Classification results of different algorithms in Indian Pines data set
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Grass/Tress 73 657 92. 54 92. 54 87.82 96. 35 99.70
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Tab. 2 Classification accuracy of different types of features in PaviU data set by different algorithms %)
Ha 2 5 WZHEAN R WIKFEANE Baseline PCA LPP LPNPE  WSSLPP
Asphalt 332 6 299 69.79 71.74 68. 88 70.76 99.59
Meadows 932 17 717 92. 54 91. 65 91.09 94. 47 100
Gravel 105 1994 59. 83 59.73 60. 93 73.02 99. 85
Trees 153 2911 76. 26 76.57 83.55 86.02 95.71
Sheets 67 1278 99. 61 99. 61 99.92 99. 84 99. 69
Soil 251 4778 51.70 50. 86 51.23 69. 00 99. 81
Bitumen 67 1263 53.92 59. 38 59. 86 68. 33 100
Bricks 184 3 498 60. 89 63. 58 58.72 65.49 98.97
Shadows 47 900 94. 11 92.11 86. 33 94.11 100
SRS B CAA) 97 875 73.18 73.91 73.39 80.12 99.29
SRR BE COA) 246 2 209 77.77 77.96 77.36 83.00 99. 50

Kappa Z % 59 534 0.700 1 0.703 3 0.696 4 0.772 6 0.993 4
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Fig. 8 Classification results of different algorithms in PaviaU data set
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