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Hyperspectral unmixing based on low rank orthogonal
priors for spectral variability

MA Fei', LI Shu-xue', YANG Fei-xia’ , XU Guang-xian'

(1. School of Electronic and Information Engineering, Liaoning Technical University , Huludao 125105, China;
2. School of Electrical and Control Engineering, Liaoning Technical University , Huludao 125105, China)

Abstract : Hyperspectral unmixing is the process of extracting endmembers and abundance features through image de-
composition. However, intra-spectral variability caused by factors such as illumination and atmosphere, or in-ter-spec-
tral variability caused by non-linear factors such as environmental changes and equipment,can lead to a decrease in
feature extraction accuracy. To comprehensively consider the issue of spectral changes during the unmixing process, an
enhanced spectral unmixing optimization model is proposed in this paper by introducing a low-rank orthogonal prior for
spectral variability. Firstly,a variability data fitting term is introduced on top of the linear unmixing model to account
for both intra-class and inter-class spectral variations. And a scaling factor is used to address intra-class variability in
the spectrum,while a spectral variability perturbation matrix is added to address inter-class variability. Secondly, the
model utilises orthogonal prior constraints to achieve the low spatial coherence between the original spectral dictionary
and the variability term,and suppresses tiny tiny components and noise by employing kernel norm logarithmic relaxa-
tion to strengthen the low-rank property of the abundance matrix. Finally, the alternating optimization method and vec-
tor-matrix operator are used to reduce the complexity of the solution algorithm. The results of simulation tests on both
simulated and real datasets show that the proposed algorithm achieves better performance than the comparison algo-
rithm, which verifies the effectiveness of the optimization model.
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Tab. 1 Objective indicator results of simulated data

Methods FCLSU PLMM ELMM ALMM LMM - SBD MAC-U AR
ARMSE 0.511 0. 507 0.290 0. 009 0.209 0. 147 0. 003
DC1 FAAE 0.872 0. 360 0.498 0.613 0.527 0.492 0. 022
PSNR/dB 68. 819 78.342 80. 152 65.332 58.439 77.042 81. 662
ARMSE 0. 350 0. 357 0. 003 0. 061 0.412 0. 027 0. 005
DC2 FAAE 0. 596 0.774 0.219 0.933 0. 824 0. 468 0. 083
PSNR/dB 56. 638 56. 342 80. 152 71.304 55.683 72.911 81.772
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Fig. 5 Abundance maps of different methods in DC1
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Fig. 7 Abundance difference maps of simulated data
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Tab.2 Objective indicator results of real data

Methods FCLSU PLMM ELMM ALMM LMM - SBD MAC-U AR
ARMSE 0.431 0.038 0.171 0.345 0. 050 0.023 0. 006
FAAE 0. 864 0.198 0.250 0. 622 0.763 0.433 0. 040
PSNR/dB 56. 623 62.795 63. 549 65. 343 58.439 71.181 72.784

5 2 &+ 7 3 By

Vegetaion ~ Metallic Roofs Concrete Asphalt ;:t% 3 7}?2 e ik 57 ;j» ;& 7?‘1 @ #( é’] %EI 7]7 % %

Tab. 3 Indicator results of kernel norms and

logarithmic sum function sum functions
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Fig. 9Abundance maps of different methods in real data
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5 5 VERR I AL T, REAS R B AL DA, fiE
GG B4 N - IR B C B WA T K A D6 AR AE Y
)R R WS HER PR EE A 5 UKL
T AR T H AR TT i B R X —4h
ALK, 1% 05 35 A A D61 5y A8 1 T) A
Rk

BB | R(X) | HX) | FOMD) +J(V) +R(X) | A3k
DCI | 0.0070 | 0.0051 0. 0037 0. 0028
DC2 | 0.0108 | 0.0057 0. 0072 0. 0045
Houston | 0.0147 | 0. 0068 0.0122 0. 0057
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Tab.4 ARMSE indicator results of different regularization terms in datasets
Regular terms F(M) H(X) J(V) F(M) +H(X) F(M) +J(V) JOV) +H(X) |F(M) +J(V) +H(X)
DC1 0. 0058 0. 0051 0. 0059 0. 0047 0. 0035 0. 0036 0. 0028
DC2 0.0221 0. 0057 0. 0057 0.0370 0. 0090 0.0213 0. 0045
Houston 0. 0920 0. 0068 0.0104 0.0107 0. 0035 0. 0084 0. 0057
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Tab.5 Running time of different algorithms in three datasets
Methods FCLSU PLMM ELMM ALMM LMM - SBD MAC-U AR
DC1 0.814 767. 025 22.270 6.917 4.135 56. 666 18.216
DC2 6. 883 62. 750 457.213 117. 058 4. 605 3772 84. 684
Houston 23.623 204. 374 366. 504 31.983 11. 853 84. 805 94. 400
9 & i Transactions on Neural Networks and Learning Systems,
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