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Approximate pure logarithmic low-rank and separable total variation
regularization for hyperspectral unmixing

YANG Fei-xia' ,LI Zheng' ,DONG Xian-da' ,MA Fei’
(1. School of Electrical and Control Engineering, Liaoning Technical University , Huludao 125105, China;
2. School of Electronic and Information Engineering, Liaoning Technical University , Huludao 125105, China)

Abstract ; Hyperspectral unmixing aims to identify the spectral characteristics of substances( endmembers) and spatial
distribution (abundance ) features of substances( end-elements) from a blind source separation scenario. To address the
challenges posed by a large number of mixed pixels in hyperspectral images,which can reduce unmixing accuracy,and
the difficulty in accurately estimating the number of endmembers when hyperspectral data is contaminated with noise,a
hyperspectral unmixing model that combines low-rank relaxation and separable total variation prior information is pro-
posed in this paper. Firstly, the local similarity of the logarithmic function is utilized to relax the nuclear norm-based
low-rank expression, thereby suppressing minor components. Then , the anisotropic total variation is redefined as a separa-
ble expression to smooth the spectral characteristics and spatial abundance features. Finally,a set of efficient solvers is
designed to obtain a closed-form solution. The experimental results show that the proposed unmixing model can effective-
ly improve the unmixing accuracy while suppressing the noise,which verifies the effectiveness of the model.
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Tab. 1 Performance comparison on 130 x 130 data sets

PERE S5 47 /) 2/()
Regularization 20(dB) | 25(dB) | 30(dB) | 35(dB) | 40(dB) | 20(dB) | 25(dB) | 30(dB) | 35(deB) | 40(dB)
FMVSA 6. 83 4.20 2.61 1.51 1.02 30.29 23. 15 16. 32 9.78 6.33
EndNet-VCA 1. 85 0. 81 0.45 0.32 0.16 28.94 22.06 18.07 10. 14 6. 44
MVCNMF 2.92 1.74 0.97 0.52 0.23 22.95 15. 40 9.30 5.28 2.67
SISAL 2.96 1.94 1.33 0.93 0.63 24. 58 17.21 11.29 6.94 4.19
SeCode 3.61 2.35 1.77 1. 60 1. 46 20. 55 11. 62 6. 34 3.61 2.24
ALMM 3.90 2.07 1. 65 1. 14 1. 04 17. 67 12. 10 7.04 4.53 3.03
Proposed 1.50 0.77 0.43 0.22 0.15 16. 61 10. 19 4.29 3.23 1. 67

T L A AT IR AL fE

%2 100 x100 348 & bty 88 Ho

Tab. 2 Performance comparison on 100 x 100 data sets

FERESS bR 02,/(%) 0,/(°)

Regularization 20(dB) 25(dB) 30(dB) 35(dB) 40(dB) 20(dB) 25(dB) 30(dB) 35(deB) 40(dB)
FMVSA 7.27 4.63 2.61 1.78 1.03 25.33 16. 28 9.34 6. 14 3.20
EndNet-VCA 1.98 0.95 0.62 0.35 0.26 21.92 16.72 10. 24 8. 14 4.20
MVCNMF 3.19 2.01 1. 06 0.55 0.25 13. 84 8. 47 4.79 2.62 1.34
SISAL 3.70 2.48 1.67 1.17 0.87 16. 07 10. 54 6.93 5.25 4.73
SeCode 2.80 1. 65 1.23 1.02 0.93 11.99 7.06 3.64 2.25 1.39
ALMM 1.59 1.41 1.02 0.54 0. 46 11.86 7.18 6.24 2.25 1.39
Proposed 1.24 0.70 0.37 0.17 0.11 11. 05 6.92 3.50 1. 96 1. 30

T L A 54T IR AL ME
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Tab.3 RSNR values of each algorithm under different noise

VRS T Date | Date Il
Regularization 20(dB) | 25(dB) | 30(dB) | 35(dB) | 40(dB) | 20(dB) | 25(dB) | 30(dB) | 35(deB) | 40(dB)
FMVSA 9.26 11.69 14. 39 17.22 19. 38 9.34 11.93 14. 63 17.30 20. 04
MVCNMF 10. 01 12. 45 15.01 17. 42 19. 45 10. 06 12.36 15.02 17.51 20. 03
SISAL 10. 05 12.35 15. 03 17.45 19. 50 10. 03 12.55 15. 05 17.52 20. 05
SeCoDE 9.97 12.20 14. 16 15.71 16. 62 9.87 12. 04 13.75 14.92 16. 55
ALMM 6.97 7.77 9.87 11.56 14. 67 8.46 10. 56 12. 67 14. 33 15.48
EndNet - VCA 7.52 7. 66 8.33 9.02 10. 32 9.08 10. 18 11.21 12.77 15. 68
Proposed 10. 08 12. 56 15.15 17.54 20.15 10. 08 12.57 15.16 17. 56 20. 66
L A A T IR
k4 BERETEZEERFHHTRREEL
Tab. 4 Root mean square error of each algorithm in different data sets
J&bi RMSE
Btk FMVSA MVCNMF SISAL SeCoDe ALMM EndNet-VCA Proposed
Date | 0. 44 0.45 0.43 0.73 0.91 0. 84 0.28
Date I 0. 19 0.23 0.17 0.42 0.52 0.52 0.16
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Fig. 7 The abundance graph extracted by the algorithm in this paper
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Fig. 8 The estimated abundance graph of each algorithm in a real data set
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Fig. 9 Endmember spectral signatures of various substances in real data

ALMM SISAL MVCNMF
Muscovite Muscovite Muscovite
L — J ~ —
S R ~ e
—_—— 5 Alunite 5F Alunite 1
Desert varnish N "\~
4F Hematit Desert}qmish Desert varnjghe
ematite_ P 4 / 4 4t Akl i
Hematite
/\ Hematite
3 | Montmorillonite 4 ~ VA
LV 3r 3 Montmorillonite |
Kaolinite 1 Montmorillonite -
—_— /iécgl—inite N~ ~
2 /K:);m-mz E Kaolinite 1
2 [ M 21 1
—
/—/ A Kaolinite2 __ Kaolinite 2 v
Buddingtonite Budding;)'nite L
1k ~ il — | [[Buddingioniid™,
(2SN / a’
Chalccd}_ny Chalc;i{)ny Chalcedony\/v\
—
Al
)} f—— ol ol
0.51.0 1.52.0 2.5 0.51.0 1.52.0 2.5 0.51.0 1.52.0 2.5
Wavelength/um Wavelength/um Wavelength/um
5.3.4 ek

TH L SE 56 5 78 3k B 42 A9 1E I A6 ) A7 8%
P T AN ) P TR S X L TR W, (R, B3 T
AT ) AR Bk B 78 73 T U IO i 0 i i A
B @ (X) (M) - @,(A) (HUnd
JLE) M@ (X)) RN BEARRR) LAZEAT VERE EE

B DI dESE Datal 4], A 25 R ANS% 6 B
o SEEREE AW, B O i T B AR T I F-
T, 10T S G R = J3E R o () s it o - T 240 SR A
— R b B R AR A FOLIE A, B SR
ARGy i3 3 B S AR AR R S TG R il RE 5 PR i
fipe 2 1B A B v AR TR L 5 5 U 29 SR L, 2



e 5 4 Ab No.4 2025

P WA BTN R B AT 0 A 0 B R I A R

639

[Fi] s} %5 RS- 24 R BRI 2 5 Q, RS A 0,
TR, o 0, 7E 5 MR TR A3 BIREAIG 15.32 % |
4.29 % 29.73 % A47.06 % F145.45 % ; £ O, 15
5 41 M7 4 B4 23.98 % 3.03 % 27.71 % .

13.78 % 1 10. 77 % , t g nT LAFE H 6 R30I e B0 T
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Tab.5 Running time of each algorithm
HHERCE
G S
FMVSA MVCNMF SISAL SeCode ALMM EndNet-VCA Proposed

Date | 2.43 73.98 3.27 8.95 28.70 3.55 25.03
Date I 1.73 204. 29 4.86 10. 45 46. 82 5.08 88.33
Cuprite 2.59 616.97 11. 67 19.99 59.41 10. 55 289.53

TE LA FAT IR AR
F 6 130 x130 #4E5% by b
Tab. 6 Performance comparison on 130 x 130 data sets

PERESEHT 0, (degrees) 0, (degrees)

Regularization 20(dB) | 25(dB) | 30(dB) | 35(dB) | 40(dB) | 20(dB) | 25(dB) | 30(dB) | 35(deB) |40(dB)
@, (A) 1.45 0. 86 0.39 0.20 0.12 12. 80 7.45 4.45 2.45 1.45
d(X) 1.36 0.74 0. 42 0.22 0.12 14.25 7.87 3.96 2.37 1.43
D, (X) 1.52 0.76 0. 41 0.24 0.14 13. 47 8.65 5.13 2.50 1.56

@, (A) + @(X) 1.43 0.73 0.48 0.25 0.16 13.70 7.13 4.47 2.23 1.44

@, (A) + D(X) + D,(X) 1.24 0.70 0.37 0.17 0.11 11.05 6.92 3.50 1.96 1.30
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