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Nonlinear spectral unmixing for hyperspectral imagery
based on bilinear mixture models
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Abstract: Nonlinear spectral unmixing for hyperspectral remote sensing images can overcome the short—
age of linear unmixing methods that failing in explaining the nonlinear mixing effect in more complex
scenarios. Meanwhile bilinear mixture models and their corresponding algorithms are the hot topic of
related researches. A nonlinear spectral unmixing algorithm based on the geometric characteristics of bi-
linear mixture models was proposed. By representing the models’ nonlinear mixing terms as the linear
contribution of one extra vertex concentrating the common nonlinear mixing effect solving the complex
bilinear mixture models was converted to do the simple linear spectral unmixing. Further a traditional
linear spectral unmixing algorithm was adopted to estimate the abundances directly in an iterative way.

Experimental results on simulated and real hyperspectral images indicate that the proposed algorithm can
overcome the collinearity effect and the adverse impact caused by fitting too many parameters and im—
prove both unmixing accuracy and computational speed.
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2 FM ( x107%)
Table 2 Comparison of the algorithms with different noise level under FM ( x10 ~*)
SNR FCLS KFCLS Fan¥CLS GBM-GDA PPNM-GDA GAEB¥CLS
w dB 11.09 £0.00 16.59 £0.00 5.90 £0.00 10.47 £0.00 1.76 +£0.02 0.00 £0.00
60 dB 11.09 £0.00 16.59 +0.00 5.90 £0.00 10.46 +0.00 1.74 £0.01 0.05 +0.00
RMSE 50 dB 11.09 +0.00 16.59 +0.00 5.93 £0.06 10.46 +0.01 1.79 £0.04 0.16 +£0.00
40 dB 11.10 £0.00 16.59 £0.00 6.10 £0.10 10.47 £0.01 1.82 +0.03 0.50 +0.01
30 dB 11.15 £0.00 16.64 +£0.02 6.17 £0.24 10.48 +£0.01 2.38 +0.04 1.54 +0.03
20 dB 11.50 +0.03 17.16 £0.06 7.34 £0.25 10.8 £0.05 4.96 +£0.04 4.93+0.03
o dB 2.42 +0.00 1.48 £0.00 4.83 £0.00 2.45 +£0.00 0.19 £0.00 0.00 +0.00
60 dB 2.42 +0.00 1.48 +0.00 4.83 £0.01 2.45 +£0.00 0.21 £0.02 0.06 +0.00
RE 50 dB 2.43 +0.00 1.49 +0.00 4.84 £0.06 2.46 £0.00 0.28 +0.01 0.20 +0.00
40 dB 2.49 £0.00 1.59 £0.00 4.96 £0.09 2.52 £0.00 0.63 £0.01 0.62 +0.00
30 dB 3.03 £0.00 2.34 £0.00 5.18 £0.15 3.05+0.00 1.82 +0.00 1.94 £0.00
20 dB 6.26 +0.01 5.94 +0.01 7.67 £0.13 6.26 +£0.01 5.74 +0.01 6.31 +0.03
3 GBM ( x107%)
Table 3 Comparison of the algorithms with different noise level under GBM ( x10 %)
SNR FCLS KFCLS Fan¥CLS GBM-GDA PPNM-GDA GAEB¥CLS
w dB 6.56 +£0.00 8.55 +£0.00 11.36 £0.00 6.38 +£0.00 1.23 +0.01 0.76 +£0.00
60 dB 6.56 +0.00 8.55+0.00 11.38 +0.04 6.38 £0.00 1.24 £0.01 0.76 +£0.00
RMSE 50 dB 6.56 +0.00 8.55 +0.00 11.35+£0.05 6.39 £0.00 1.24 +0.01 0.78 +£0.00
40 dB 6.58 +0.00 8.57 +0.00 11.32 £0. 10 6.40 £0.01 1.34 £0.01 0.91 £0.00
30 dB 6.67 £0.01 8.67 +0.02 11.26 +0. 10 6.46 £0.01 2.06 £0.01 1.76 £0.02
20 dB 7.30 +0.05 9.52 +£0.08 11.57 £0.17 6.96 +0.05 4.85+£0.07 4.83 £0.07
o dB 1.07 £0.00 0.77 £0.00 5.52 £0.00 1.07 £0.00 0.11 £0.00 0.02 +0.00
60 dB 1.07 £0.00 0.77 £0.00 5.57 £0.08 1.08 £0.00 0.12 +0.00 0.06 +0.00
RE 50 dB 1.08 +0.00 0.78 £0.00 5.53£0.07 1.09 £0.00 0.20 £0.00 0.17 £0.00
40 dB 1.20 +0.00 0.93 £0.00 5.58 £0.17 1.20 £0.00 0.54 +0.00 0.53 +0.00
30 dB 2.00 +0.00 1.85 +0.00 5.67 £0.13 2.00 +£0.00 1.69 +0.00 1.68 +0.00
20 dB 5.45 +£0.01 5.39 £0.01 7.63 £0.09 5.44 £0.01 5.32 +£0.00 5.36 £0.01
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Table 4 Comparison of the algorithms with different noise level under PPNM ( x 10 %)
SNR FCLS KFCLS Fan¥CLS GBM-GDA PPNM-GDA GAEB¥CLS
o dB 7.62 +£0.00 9.06 £0.00 18.14 £0.00 7.84 £0.00 0.51 £0.04 0.07 £0.00
60 dB 7.62 +0.00 9.06 £0.00 18.16 +0.01 7.84 £0.00 0.53 £0.09 0.09 £0.00
RMSE 50 dB 7.62 £0.00 9.06 £0.00 18.17 £0.03 7.84 +£0.00 0.54 £0.09 0.20 £0.00
40 dB 7.64 £0.01 9.07 £0.01 18.14 +£0.04 7.84 £0.01 0.81 £0.06 0.58 £0.01
30 dB 7.73 £0.01 9.15 +£0.01 18.17 £0.07 7.91 £0.01 1.88 £0.02 1.77 £0.03
20 dB 8.35+0.05 9.91 £0.07 18.21 £0.04 8.42 +£0.05 5.12£0.07 5.08 £0.07
o dB 1.02 £0.00 0.77 £0.00 8.67 £0.00 1.05 £0.00 0.05 £0.01 0.01 £0.00
60 dB 1.02 £0.00 0.77 £0.00 8.67 £0.02 1.05 £0.00 0.08 £0.01 0.05 +£0.00
RE 50 dB 1.03 £0.00 0.79 £0.00 8.66 £0.05 1.06 £0.00 0.17 £0.01 0.16 +£0.00
40 dB 1.14 +0.00 0.92 +£0.00 8.62 £0.05 1.16 £0.00 0.50 £0.00 0.50 £0.00
30 dB 1.89 £0.00 1.77 £0.00 8.77 £0.06 1.90 £0.00 1.59 £0.00 1.59 £0.00
20 dB 5.13£0.00 5.08 £0.01 9.87 £0.16 5.14 £0.01 5.02 £0.00 5.03 £0.00
5 FM ( x107%)
Table 5 Comparison of the algorithms with different endmember number under FM ( x10 %)
FCLS KFCLS Fan¥CLS GBM-GDA PPNM-GDA GAEB¥CLS
3 5.93+£0.00 8.44 +0.00 3.35+0.00 2.03 £0.00 2.95+0.00 0.04 £0.00
RMSE 5 11.09 £0.00 16.59 £0.00 5.93 £0.06 10.46 +£0.01 1.79 £0.04 0.16 £0.00
8 13.18 £0.00 18.32 £0.00 4.46 £0.07 12.49 £0.01 1.87 £0.08 0.25+0.00
3 2.86 +£0.00 2.88 £0.00 2.24 +£0.00 0.87 £0.00 0.43 £0.01 0.19 £0.00
RE 5 2.43 £0.00 1.49 £0.00 4.84 £0.06 2.46 £0.00 0.28 £0.01 0.20 £0.00
8 3.22+0.00 1.25 £0.00 3.88 £0.04 3.24 +0.00 0.34 £0.02 0.27 £0.00
6 GBM ( x107%)
Table 6 Comparison of the algorithms with different endmember number under GBM ( x10 %)
FCLS KFCLS Fan¥CLS GBM-GDA PPNM-GDA GAEB¥CLS
3 3.42 +0.00 4.75 £0.00 6.15 +£0.00 1.34 £0.00 1.87 £0.00 0.86 +0.00
RMSE 5 6.56 +£0.00 8.55+0.00 11.35 +0.05 6.39 £0.00 1.24 £0.01 0.78 £0.00
8 7.65 +0.00 9.31 £0.00 10.49 +0.04 6.99 +£0.01 1.27 £0.05 0.77 £0.01
3 1.52 £0.00 1.58 £0.00 2.61 £0.00 0.48 £0.00 0.29 £0.00 0.19 £0.00
RE 5 1.08 £0.00 0.78 £0.00 5.53+£0.07 1.09 £0.00 0.20 £0.00 0.17 £0.00
8 1.26 £0.00 0.65 £0.00 7.34 £0.08 1.13 £0.00 0.22 £0.01 0.19 £0.01
7 PPNM (x107%)
Table 7 Comparison of the algorithms with different endmember number under PPNM ( x10 %)
FCLS KFCLS Fan¥CLS GBM-GDA PPNM-GDA GAEB¥CLS
3 6.06 +0.00 7.82 £0.00 11.21 £0.00 6.16 £0.00 0.22 £0.02 0.06 +0.00
RMSE 5 7.62 +£0.00 9.06 £0.00 18.17 £0.03 7.84 £0.00 0.54 £0.09 0.20 £0.00
8 7.38 £0.00 8.22 +0.00 16.46 £0.02 7.25 £0.00 1.13 £0.07 0.33 £0.01
3 1.93 £0.00 1.93 +0.00 4.06 £0.00 1.86 £0.00 0.20 £0.04 0.17 £0.00
RE 5 1.03 £0.00 0.79 £0.00 8.66 +0.00 1.06 £0.00 0.17 £0.01 0.16 +£0.00
8 0.96 +0.00 0.58 £0.00 16.04 +£0.00 0.92 £0.00 0.19 £0.01 0.17 £0.00
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Table 9 Time cost comparison of the algorithms with dif—
ferent endmember number( s)
FCLS  KFCLS Fan+CLS GBM-GDA PPNM-GDA GAEBCLS
3 0.33  0.25 0.55 1458.90  152.17 62.21 »
4 0.36 0.27 0.61 1 507.58 306. 18 63.13
5 0.42 0.34 0.77 178.80 784.15 66.30
6 0.49 0.40 0.93 1 089.44 1134.53 68.33 VCA
7 0.62 0.50 1.48 1 196.00 1 674.46 71.70
8 0.68 0.58 1.49 1092.79 1932.54 73.46 RE
9 0.76 0.71 1.74 2422.62 2235.45 78.12
10 0.68 0.80 2.37 227.98 3279.73 83.06
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Table 10 Comparison of reconstruction errors of the algo—
rithms for real data ( x10 %)

AVIRIS HYDICE
FCLS 2.84 3.05
KFCLS 4.88 0.79
Fan+CLS 5.03 5.33
GAEBFCLS( FM) 4.90 3.88
GBM-GDA 4.84 2.81
GAEB-FCLS( GBM) 3.74 2.71
PPNM-GDA 2.16 1.07
GAEB-FCLS( PPNM) 1.93 1.01
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