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Tab.1 Endmembers extracted using FIPPI algorithm

4a

, SISAL

N-FINDR

VCA

1 0.0039 0.0448 11.5
2 0.0037 0.0522 14.1
3 0.0180 0.0626 3.5
4 0.0001 0.0965 965
5 0.0151 0.0601 4
6 0.0147 0.0609 4.1
7 0.0002 0.2602 1301
8 0.0001 0.2566 2566
9 0.0001 0.2478 2478

% 2 N-FINDR E%iR TR A MR

Tab.2 Endmembers extracted using N-FINDR algorithm
1 0.0054 0.0098 1.8
2 0.0001 0.0791 791
3 0.0048 0.0368 7.7
4 0.0007 0.0421 60.1
5 0.0057 0.0207 3.6
6 0.0001 0.2464 2464
7 0.0001 0.0957 957
8 0.0006 0.0226 37.7
9 0.0173 0.0356 2.1

%3 VCAEZimmTIRAMER

Tab.3 Endmembers extracted using VCA algorithm
1 0.0001 0.2548 2548
2 0.0037 0.0477 12.9
3 0.0001 0.0498 498
4 0.0157 0.0335 2.1
5 0.0001 0.0896 896
6 0.0001 0.0783 783
7 0.0015 0.0105 7
8 0.0056 0.0206 3.7
9 0.0052 0.0097 1.9
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Tab.4 Endmembers extracted using OSP algorithm

1 0.0037 0.0522 14.1
2 0.0002 0.2602 1301
3 0.0173 0.0356 2.1
4 0.0006 0.0226 37.7
5 0.0001 0.0791 791
6 0.0001 0.0554 554
7 0.0068 0.0311 4.6
8 0.0025 0.0148 5.9
9 0.0057 0.0207 3.6
%5 IEA BXimmiRAlmsER
Tab.5 Endmembers extracted using IEA algorithm
1 0.0037 0.0522 14.1
2 0.0001 0.0965 965
3 0.0002 0.2602 1301
4 0.0173 0.0356 2.1
5 0.0021 0.0215 10.2
6 0.0155 0.0711 4.6
7 0.0001 0.0600 600
8 0.0088 0.0187 2.1
9 0.0007 0.0395 56.4
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Fig.4 Endmember spectral curve provided by expert and extracted by SISAL algorithm
a. ; b. SISAL
a. Standard endmember spectral curve; b. Endmember spectral curve extracted by SISAL algorithm
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Abstract: Endmember extraction is the foundation of mixed pixel decomposition and also the focus of hyperspec-
tral remote sensing research.It is necessary to objectively evaluate all kinds of endmember extraction algorithms to
determine which algorithm should be used in the hyperspectral image in a specific region. In this paper, we evalu-
ated six kinds of endmember extraction algorithms (PPI, N-FINDR, VCA, OSP, IEA and SISAL) based on two in-
dexes (the mean square root error between the reconstructed image and the original image, and the valid endmember
number) for the CHRIS hyperpectral images of Yellow River Estuarine wetland. The results showed that the recon-
struction error of SISAL algorithm is the minimal, which is only about 10%-28% of that of other algorithms. The
OSP algorithm recognized six kinds of valid endmembers with physical meaning, which is more than other algo-

rithms. In contract, the endmembers extracted by SISAL algorithm lacked of physical meanings.
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