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Hyperspectral remote sensing image and spectral curves
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Table 1 Results of endmember extraction algorithms with pure pixel assumption
Ui JGHEEL  Desert varnish  Alunite  Budding tonite  Goethite Kaolinite  Jarsite GD99  Halloy site  Chalcedony RMSE
N-FINDR 0.145 8 0.125 4 0.203 8 0.095 1 0.126 1 0.1311 5.7215
VCA 0.035 6 0.145 4 0.137 6 0.126 5 0.057 2 3.8559
ACOEE 0.044 8 0.108 7 0.205 5 0.114 5 0.057 19 3.8245
DPSOEE 0.0453 0.110 4 0.097 9 0.1145 0.100 2 0.070 4 3.741 5
TACOEE 0.0329 0.108 7 0.1755 0.084 5 0.070 3 3.774 7
IDPSO 0.030 1 0.090 4 0.057 4 0.117 8 0.093 7 0.114 2 0.109 9 3.5526
IDABC 0.027 5 0.083 7 0.064 0 0.114 6 0.118 6 0.114 2 0.098 7 0.0556 3.52217
F2 FABZTRIEHNFETRIEEIIRER
Table 2 Results of endmember extraction algorithms without pure pixel assumption

mpw S G e e

MVC-NMF 6. 450 6.104 5.295 4.755 5. 651 2.951

MVSA 10.937 6. 887 7.709 8.518 8.513 2.592

SISAL 11.403 4. 844 7.662 8.377 8.071 2.591

MVES 12. 260 7.346 7.539 7.832 8. 744 2.59%4

ABCEE 10. 904 7.641 6.991 7.673 8.302 2.586
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Fig. 4 Abundance inversion results of Moffett Field
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Fig.5 Subimage and abundance inversion results of Indian Pines
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Table 3 RMSE of nonlinear abundance inversion

REES BiPSO  Fan-NMF  GBM CNLS  SK-Hype
Moffett Field 0.0063 0.0130 0.1502 0.0730 10.002*
Indian Pine 0.0115 0.0131 0.0386 0.0247 0.0718"

% ;SK-Hype #5 RMSE & FAN #2 2 8t 47 4% .
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Abstract In recent years, swarm intelligence algorithms have made important progress and remarkable achieve-
ments in spectral unmixing of hyperspectral image by solving combinatorial optimization or continuous optimization
problems.In this paper,the background of the research of spectral unmixing in hyperspectral image and the charac-
teristics of swarm intelligence algorithm were reviewed firstly,and then the optimization model and the spectral mix-
ture model were teased out correspondingly.Then the endmember extraction and abundance inversion method based
on swarm intelligent algorithms were introduced.Finally the accuracy of spectral unmixing achieved by swarm intelli-
gence algorithms and other traditional algorithms was evaluated through two experiments.In addition,the advantages
and problems of swarm intelligence algorithm in hyperspectral image information extraction were also summarized in
this paper.

Key words  hyperspectral image; spectral unmixing; swarm intelligence; endmember extraction; abundance
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