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Abstract: Hyperspectral remote sensing images with high spectral resolution can describe the reflection spectrum of
ground objects in detail ,and represent a good ability to classify and identify the ground objects. However, there is usually
a high correlation and redundancy among bands, which brings burden to image processing and analysis. Feature extraction
and selection of hyperspectral images provide a guarantee for the effective information extraction. In this paper,a feature
extraction method, MSEMP , which integrates low rank and morphological profiles is proposed. Low-rank is utilized to
simplify the redundant information and obtain the spectral compact expression with the minimum rank of hyperspectral
data. Based on low rank representation of hyperspectral image , morphological profiles are extracted by using multi-shaped
and multi-scale elements. The proposed algorithm is tested on AVIRIS and ROSIS data, and experimental results show
that the classification accuracy based on MSEMP is higher compared with other methods. It indicates that MSEMP is an
efficient feature extraction method.
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Table 1 Classification results based on different features combination of Indian Pines data

K  JELA 200 PEBY GLCM+200 9%t GLCM+PCALS B MSEMP( 1,3) +200 B MSEMP ( 1,3) +PCA15 i Bt

1 29.27 39.02 21.95 46.34 90.24
2 66.07 64.75 69.95 72.05 80.98
3 55.14 55.14 49.80 78.91 88.12
4 17.37 27.70 22.54 35.21 66.67
5 85.29 84.83 80.23 87.82 92.41
6 97.26 98.02 97.57 97.87 99.39
7 12.00 28.00 36.00 52.00 68.00
8 98.61 97.45 99.54 99.07 99.77
9 5.56 11.11 0.00 5.56 22.22
10 66.48 73.09 66.7 77.42 84.26
11 85.43 84.66 79.98 88.66 92.53
12 45.23 47.29 41.12 51.21 77.94
13 92.39 94.02 91.85 95.11 98.91
14 96.14 97.20 95.88 98.16 98.60
15 38.22 43.97 45.40 76.72 86.49
16 90.36 92.77 96.39 98.80 95.18
OA 75.16 76.26 74.00 82.69 89.62
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Table 2 Classification results based on different features combination of Pavia University

KgmS JELA 103 JEBY GLCM+103 9% GLCM+PCAI15 8% MSEMP( 1,3)+103 J % MSEMP( 1,3) +PCA15 i Bt

1 85.41 89.13 94.05 94.58 96.40
2 94.55 95.06 95.89 98.82 99.52
3 43.88 43.49 35.82 63.11 74.93
4 86.69 86.53 79.36 93.06 94.45
5 96.99 97.07 99.55 97.74 99.02
6 42.01 47.30 49.84 92.82 97.73
7 77.02 70.47 26.48 94.37 98.78
8 80.59 83.70 85.21 89.72 95.79
9 100.00 100.00 98.40 100.00 99.57
OA 82.36 83.82 83.16 94.36 96.90
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Fig.5 The figure for the relationship between classification Fig. 6 The figure for the relationship between classification
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