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Endmember Extraction Based on Image Euclidean
Distance and Laplacian Eigenmaps

YANG Lei, LIU Shang-zheng
(School of Electronics and Electrical Engineering, Nanyang Institute of Technology, Nanyang 473004, China)

Abstract: Mixed pixel in hyperspectral image is actually nonlinear mixing of endmembers, which is caused
by multiple reflectances and scattering. The traditional endmember exiraction algorithms based on linear
spectral mixture model perform poorly in finding the correct endmembers. Considering the physical characters
of hyperspectral imagery, a new method is proposed to introduce image Euclidean distance into Laplacian
Eigenmaps for nonlinear dimension reduction. The proposed method can discard efficiently the redundant
information from both the spectral and spatial dimensions. Endmembers are exiracted by looking for the
largest simplex volume from low-dimensional space. Experimental results demonsirate that the proposed
method outperforms the PCA and Laplacian Eigenmaps algorithm.
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Fig.1 False-color image of the AVIRIS Cuprite data set
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Table 1 SAD-based similarity scores between spectral
signatores contained in the USGS library and their
corresponding endmembers extracted from AVIRIS

Cuprite data set

USGSHH1 PCAWE bomap i LENE HXHE
SEET 0.147 0.082 0.074 0.091
BER 0.139 0.151 0.098 0.076
B=tt 0.098 0.097 0.113 0.121
i ora) 0.131 0.113 0. 148 0.123
S SAD 0.130 0.114 0.112 0.105
2 AVIRIS Cuprite 3 R EUR T i85 USGS
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Table 2 SID-based similarity scores between spectral
signatures contained in the USGS library and their
corresponding endmembers extracted from AVIRIS

Cuprite data set

USGSH¥ PCAHE Iomap Hi: LEHE
Eem 0.0237 0.0143 0.0164
Ban 0.0198  0.0242 0.0157
a=E 0.0167 0.0211 0.0251
BE 0.0184 0.0172 0.0206  0.0257
¥ SD 0.0198 0.0196 0.0198  0.016 1
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Table 3 The average running time of different endmember
extraction algorithms of AVIRIS Cuprite data set
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Fig.2 50 x50 subimage of AVIRIS Santiago airport data set
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Table 4 SAD-based similarity scores between real

spectral signatures and their corresponding
endmembers extracted from AVIRIS Santiago

airport dataset
T PCAFHE LeapHE LEFE FXHE
&L 0.001 0.037 0.463 0.123

BEL1 0.037 0.223 0.014 0.056
BEEt 2 0.528 0.073 0.023 0.079

B+ 0.038 0.040 0.041 0.159
Iy SAD 0.265 0.121 0.233 0.112

5 AVIRIS EinTFEHlinE Rk iE
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Table 5 SID-based similarity scores between real

spectral signatures and their corresponding
endmembers extracted from AVIRIS Santiago

airport dataset
¥t PCANYE bomap i LEHE AXHE
KL 0.004 1 0.003 6 0.009 7 0.006 7
Bt 0.014 9 0.0255 0.0159 0.007 0
BEEL2 0.041 4 0.007 9 0.0151 0.0231
B 0.0223 0.010 8 0.0183 0.006 5
4 SID 0.024 7 0.014 5 0.0151 0.0129

F 6 AVIRIS EMTFHUFMMTRREZNETHE
Table 6 The average running time of different endmember
extraction algorithms of AVIRIS Santiago airport dataset
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