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x1 FEHENELHIEERFRSFEN SRE(AB) ,p, # sparsity B (ESHEH TRERRERNBSE)

Table 1

SRE(dB) ,p, and sparsity scores achieved after applying different unmixing methods to the simulated data cube

(The optimal parameters for which the reported values were achieved are indicated in the parentheses)

e SNR=30 dB SNR =40 dB SNR =50 dB
SRE/dB Ps g SRE/dB Py g SRE/dB P FwiIE
6.4259 0.6327 0. 065 3 11.583 3 0.887 7 0.060 5 18.998 7 0.999 2 0.044 4
SUnSAL
(A=8e-3) (A=2e-3) (A=3e-4)
6.555 6 0.723 4 0.093 3 14.840 1 0.999 7 0.073 5 26.594 5 1 0.023 6
CLSUnSAL
(A=3e-1) (A=2e-2) (A=7e-3)
9.037 1 0.782 9 0.078 8 15.451 4 0.986 6 0.0415 25.3557 1 0.028 0
SUnSAL-TV
(A=4e-3; Ay =2e-3) (A=6e=5; Apy=9e-4) (A=5e=5; Apy=9e-5)
13.963 3 0.977 5 0.0470 25.491 2 1 0.023 6 34,2512 1 0.0215
RW-CLSUnSAL
(A=4e-2) (A=3e-2) (A=6e-3)
18.758 2 0.996 3 0.0315 27.704 5 1 0.022 1 35.672 5 1 0.020 5
SW-CLSUnSAL
(A=4e-1) (A=le-1) (A=6e-3)
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Fig.2  The obtained results for the ninth endmember from simulated data under signal-to-noise ratio of 30 dB
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Fig. 3 USGS map showing the location of different minerals in the Cuprite mining district in NV
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Fig. 4 Fractional abundance maps estimated by five algorithms for AVIRIS Cuprite scene
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Spatially weighted collaborative sparse unmixing for hyperspectral images

ZHU Changyu' ZHANG Shaoquan' LI Jun' LI Hengchao®
1 School of Geography and Planning,Sun Yat-Sen University , Guangzhou 510275
2 School of Information Science and Technology , Southwest Jiaotong University ,Chengdu 610031

Abstract In this paper,we propose a spatially weighted collaborative sparse unmixing method aiming at fully ex-
ploiting the spatial information in the hyperspectral images,in which a collaborative sparse regularizer is used to de-
scribe the row sparsity of the abundance, while on the top of the collaborative regularizer,a spatial weighting factor
introducing the spatial correlations is incorporated. The proposed model is optimized by the well known alternating
direction method of multiplier.Our experimental results, conducted using both simulated and real hyperspectral data
sets, illustrate the good potential of the proposed algorithm which can greatly improve the abundance estimation re-
sults when compared with other advanced sparse unmixing methods.

Key words hyperspectral imaging ; sparse unmixing ; spatially weighted ; collaborative sparse regression



