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Sparse unmixing of hyperspectral images based

on Pareto optimization
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Abstract: Hyperpectral unmixing is a difficult problem in academia. Sparse hyperspectral unmixing uses
priori spectral library, aiming at finding several pure spectral signatures to express hyperspectral images
and computing corresponding abundance fractions. This is NP —hard to solve. Convex relaxation for LO
norm as L1 norm is a common approach to solve the sparse unmixing problem, but only approximation
results can be achieved. A Pareto optimization based sparse unmixing algorithm was proposed (ParetoSU).
ParetoSU firstly transformed sparse unmixing to a bi—objective optimization problem. One of the two
objectives was the modelling error and the other one was the sparsity of endmembers. ParetoSU can solve
the sparse unmixing problem without any approximation of LO norm. At last, synthetic data were used to
test the performance of ParetoSU.
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Tab.1 RMSE results of synthetic data under 20 dB

noise with different endmember number

g;'jib;;b‘;fr SUNSAL SURSAL-TV  SMP ParetoSU
3 0.2302 0.2410 0.0626  0.0626
4 0.201 5 0.156 1 0.102 8 0.070 4
5 5 0.1220 0.0851  0.0675
6 0.143 4 0.1133 0.0607  0.0697
7 0.279 4 0.248 1 02307  0.1927
8 0.154 1 0.1182 0.104 1 0.0757
9 0.1323 0.1075 01200  0.0759
10 0.124 4 0.099 5 01067  0.0698
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Tab.2 RMSE results of synthetic data under 30 dB

noise with different endmember number

Sn‘;f‘nzirlb‘i SUnSAL SURSAL-TV  SMP ParetoSU
3 0.1212 0.0728 0.0205  0.0205
4 0.104 8 0.104 8 0.0206  0.0231
5 0.082 4 0.045 7 0.0304  0.0225
6 0.0750 0.0437  0.02292  0.0238
7 0.097 2 0.0519 0.0534  0.0237
8 0.095 2 0.052 4 0.0336  0.0280
9 0.0809 0.045 2 0.0459  0.0274
10 0.0775 0.042 2 0.0692  0.0249
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noise when endmember number is eight
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