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Abstract: Nonlinear unmixing can explain the nonlinear mixing effect in complex scenarios of hyper—
spectral imagery but the spectral variability of ground objects is one of the difficulties. An unsuper—
vised nonlinear unmixing algorithm dealing with spectral variability is proposed in this paper. The orig—
inal hyperspectral image data is implicitly mapped into a high-dimensional feature space through a ker—
nel function and then linear unmixing is applied for hyperspectral imagery in combination with spectral
variability in this space. Further local smoothness constraint is added on abundances and coefficients
of spectral variability according to the distribution characteristics of ground objects. Experimental re—
sults on simulated and real hyperspectral data indicate that the proposed algorithm can overcome the
spectral variability problem in different nonlinear mixing scenarios and improve the unmixing accuracy.
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Table 2 Comparison of the algorithms when the number of endmembers is three
The Number of Endmembers =3
Model Hapke GBM
Metric SNR Bi-objective ~ ASSKNMF UNSU-SV ~ UNSUSC-SV  Bi-objective =~ ASSKNMF UNSU-SV ~ UNSUSC-SV
SAD 50 dB 10.7 £3.31 8.47+1.96 8.16+2.21 7.22+1.59 7.15+0.17 4.03+0.31 3.93+0.30 2.01+0.32
( ‘1072) 40 dB 10.9£3.65 8.78 £2.02 8.45+2.33 7.42+1.60 7.19+0.17 4.33+0.35 4.41+£0.31 2.77+0.33
X
30 dB 11.2£3.82 8.82+2.35 8.49+3.62 7.51+1.69 7.27+0.30 4.38+0.37 4.51+0.31 2.85+0.39
50 dB - - 8.51 £0.88 8.25+0.81 - - 8.34+0.32 6.29+0.34
RMSE( An)
( x10-2) 40 dB - - 8.52+0.90 8.30+0.87 - - 8.38£0.34 6.34+0.36
30 dB - - 8.57+1.05 8.33+1.01 - - 8.38+£0.35 6.35+0.37
RMSE( ) 50 dB 10.1+1.34 6.43+1.57 9.60x1.04 1.16+0.09 5.34+0.35 2.92+0.30 3.57+0.35 0.30x0.04
( x10-2) 40 dB 10.4£1.42 6.76+1.99 9.83x1.12 1.19+0.11 5.47+0.46 3.32+0.32 4.26+0.38 0.41+x0.04
%102
30 dB 10.4+£1.67 6.94+1.18 10.1+1.38 1.20+0.12 5.62+0.82 3.44+0.37 4.30+0.39 0.42+0.05
RE 50 dB 76.4 £4.75 23.2+1.07 1.48+0.07 1.14+0.10 81.0=x1.21 19.2+0.55 1.55+0.15 0.96+0.02
( x10-4) 40 dB 78.3£5.51 23.6+1.22 1.50x0.07 1.16+0.12 82.2+1.41 19.5+0.56 1.66+0.19 1.08 £0.02
X
30 dB 83.2+£6.69 26.0+1.50 1.51+0.08 1.18+0.13 87.4+2.38 21.2+0.60 2.11+0.20 1.83+0.03
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Fig.2 Maps of abundance ( top) and variability cofficients
( bottom) for five endmembers: (a) Nontronite
linite (c¢) Almandine (d) Aspen (e) Bronzite from left

to right
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Table 3 Comparison of the algorithms when the number of endmembers is four
The Number of Endmembers =4
Model Hapke GBM
Metric SNR Bi-objective ASSKNMF UNSU-SV ~ UNSUSC-SV  Bi-objective =~ ASSKNMF UNSU-SV ~ UNSUSC-SV
SAD 50 dB 15.4+£3.02 14.4+3.31 9.71+2.29 6.38+0.55 8.48+0.04 4.96+0.08 4.78+0.17 3.13+0.25
( X‘IO’Z) 40 dB 15.7£3.05 14.9+4.60 10.0x2.39 6.42+0.79 8.49+0.05 5.01+0.09 4.80+0.18 3.40+0.26
30 dB 15.8£3.23 15.2+4.65 10.0+2.64 6.51+0.99 8.51+0.07 5.05+0.10 4.88+0.25 3.40+0.33
50 dB - - 11.0£0.72  7.02 +0.69 - - 8.95+0.31 7.60+0.33
RMSE( An)
( x10-2) 40 dB - - 11.1+£0.78 7.07 £0.72 - - 8.96 £0.32 7.60+0.33
30 dB - - 11.1£0.81 7.07+£0.73 - - 8.97+£0.32 7.63+0.34
RMSE( ) 50 dB 10.8 £2.84 8.91+£1.78 9.14+2.23 1.89+0.33 5.82+0.11 3.09+0.15 4.73+0.13 0.36+0.03
( x10-2) 40 dB 11.3£2.86 9.36+2.10 9.80x2.56 1.97+0.38 5.82+0.13 3.20+0.20 4.77 +0.20 0.39 £0.04
%102
30 dB 11.4£2.89 9.69+2.23 9.88+2.71 1.99+0.40 5.89+0.24 3.24+0.22 4.87+0.21 0.40+0.05
RE 50 dB 67.3£5.53 16.1x2.12 0.85+0.20 0.44 +£0.05 107 +£0.36 25.5+0.12 1.42+0.03 0.89 +0.01
( x10-4) 40 dB 68.5+5.59 16.3+2.61 0.86x0.21 0.45+0.06 108 £0.60 25.9+0.17 1.62+0.06 1.08 £0.02
30 dB 70.0 £5.63 19.5+2.79 0.90+0.22 0.51+0.07 115+0.77 28.5+0.24 2.42+0.08 2.12+0.02
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Table 4 Comparison of the algorithms when the number of endmembers is five

The Number of Endmembers =5

Model Hapke GBM
Metric SNR Bi-objective ASSKNMF UNSU-SV UNSUSC-SV  Bi-objective ASSKNMF UNSU-SV UNSUSC-SV
SAD 50 dB 16.4 £4.28 13.5+2.69 11.0+3.10 8.13+1.04 6.85+0.16 3.69+0.18 3.78+0.27 3.33x0.30
( 1072) 40 dB 17.1 +4.64 13.5+2.88 11.4+3.76 8.15+1.22 6.90+0.18 3.75+0.19 3.99+0.36 3.58+0.45
X
30 dB 17.1 +4.84 13.8+2.95 12.2+3.87 8.58+1.50 6.92+0.27 3.80+0.32 4.07 +0.55 3.74 +0.58
50 dB - - 11.4 £0.64 9.98 +£0.49 - - 9.49 +0.35 8.31+0.35
RMSE( An)
( 107,) 40 dB - - 11.6 £0.79 9.11 £0.53 - - 9.53+0.38 8.35+0.39
%102
30 dB - - 11.7+0.83 9.18 £0.65 - - 9.55+0.40 8.39 +0.41
RMSE( 5) 50 dB 9.83+2.73 8.49+1.35 9.04+1.25 1.90+0.12 4.98+0.28 3.54+0.26 4.41 +0.24 0.45+0.04
( ><10'2) 40 dB 10.1£2.74 8.67+1.59 9.93+2.04 1.94+0.15 5.07+0.31 3.66=+0.44 4.58+£0.47 0.49 £0.06
30 dB 10.2 £3.45 8.87+1.78 10.4+2.10 1.96+0.20 5.05+0.41 3.79+0.46 4.67 +£0.50 0.52+0.07
RE 50 dB 75.2+8.70 32.2+3.55 1.03+0.14 0.45+0.05 103+0.69 24.6+0.16 1.42+0.06 0.75=+0.01
( 10_2) 40 dB 84.2+£10.9 32.2+3.62 1.03+0.14 0.46+0.06 104 +£0.92 25.1+0.24 1.61+0.11 0.95=+0.01
X
30 dB 100 £15.7 36.3+£3.64 1.04+0.18 0.53+£0.07 112+£1.03 27.7+0.39 2.46+0.16 2.00+0.01
5 (s)
Table 5 Time cost comparison of the algorithms with different endmember number ( s)
Model Hapke GBM
Number of Endmembers Bi-objective ~ ASSKNMF UNSU-SV ~ UNSUSC-SV  Bi-objective =~ ASSKNMF UNSU-SV ~ UNSUSC-SV
3 45.34 17.50 18. 64 21.08 46.30 17.83 19.79 22.00
4 66.73 21.27 19.72 23.47 66. 85 21.23 20.02 22.08
5 92.64 23.92 20.75 26.03 91.05 21.57 20.70 22.46
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Fig. 6  Real hyperspectral remote sensing images: ( a)
AVIRIS Moffett and its subscene ( b) AVIRIS Cuprite and

its subscene

(b) ASSKNMF (c¢) UNSU-SV  (d) UNSUSC-SV
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Fig.7 Abundance maps for Moffett dataset estimated by dif—
ferent algorithms and variability coefficient maps estimated by
UNSUSC-SV: abundance maps obtained by ( a) Bi-objective
NMF (b) ASSKNMF (c¢) UNSU-SV and (d) UNSUSC-
SV; variability cofficient maps obtained by ( e) UNSUSC-
SV from left column to right column. Each row corresponds
to Plant Water and Soil
tom row

respectively from top row to bot—
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Fig.8 Abundance maps for Cuprite dataset estimated by dif—
ferent algorithms and variability coefficient maps estimated by
UNSUSC-SV: abundance maps obtained by ( a) Bi-ebjective
NMF (b) ASSKNMF (c¢) UNSU-SV and (d) UNSUSC-
SV, variability cofficient maps obtained by ( e) UNSUSC-
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to Muscovite respectively from top
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6 Moffett
Table 6 Comparison of SAD and RE by different algo-
rithms of Moffett data set
SAD

Methods - RE
Plant Water Soil Average
Bi-objective 0.1630 0.1073 0.0236 0.0979 49.00e4
ASSKNMF 0.0608 0.0966 0.0161 0.0578 14.00e4
UNSU-SV 0.0485 0.1403 0.0105 0.0644 1.210e4
UNSUSC-SV 0.0423 0.0979 0.0098 0.0521 1.050e4
7 Cuprite
Table 7 Comparison of SAD and RE by different algo-
rithms of Cuprite data set
SAD
Methods - - — RE
Muscovite Alunite  Kaolinite Average
Bi-objective 0.1492 0.1682 0.2633 0.1934 230.0e5
ASSKNMF 0.1505 0.1670 0.2652 0.1943 79.95e5
UNSU-SV 0.1489 0.1636 0.2675 0.1934 10.10e5
UNSUSC-SV 0.1471 0.1667 0.2572 0.1903 8.720e5
Moffett
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RE o UNSUSC-SV
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ASSKNMF RE SAD AS-

SKNMF o 7

Muscovite Alunite

UNSUSC-SV

UNSUSC-SV o
Cuprite
Kaolinite o 7
SAD RE
Alunite
UNSU-SV o 8
UNSUSC-SV

Hapke
GBM o

GPU o

References

2

3

TONG QingXi XUE Yong-Qi ZHANG Li-¥u. Progress in
hyperspectral remote sensing science and technology in chi-
na over the past three decades J . IEEE J. Sel. Topics
Appl. Earth Observ. Remote Sens. 2014 7(1): 7091.
Keshava N Mustard J F. Spectral unmixing J . [EEE
Signal Process. Mag. 2002 19(1):44-57.
Bioucas-Dias ] M Plaza A Dobigeon N et al. Hyperspec—
tral unmixing overview: Geometrical statistical and sparse
regression-based approaches | . IEEE J. Sel. Topics Ap-
pl. Earth Observ. Remote Sens. 2012 5(2): 354379.
Somers B Asner G P Tits L et al. Endmember variability
in spectral mixture analysis: A review J . Remote Sensing
of Environment 2011 115(7) : 16034616.
Thouvenin P A Dobigeon N Tourneret J Y. Hyperspectral
unmixing with spectral variability using a perturbed linear
mixing model J . IEEE Trans. Image Process. 2016 64
(2): 525-538.

( 132 )



132

38

7

8

10

11

12

14

15

16

17

LI Zhong-Bin SHI Wen-Zhong. Partial differential equa—
tion-based object extraction from remote sensing imagery

J . Journal of Infrared & Millimeter Waves. (

) 2016 35(3): 257262.

Zhao Y Pan HB Du CP et al. Bilateral two-dimensional
least mean square filter for infrared small target detection

J . Infrared Physics & Technology 2014 65(5): 17-
23.
Bai X Z Chen Z G Zhang Y et al. Spatial information
based FCM for infrared ship target segmentation C . [EEE
International Conference on Image Processing 2015 46

124 )

Drumetz L. Veganzones M A Henrot S et al. Blind hyper—
spectral unmixing using an Extended Linear Mixing Model to
address spectral variability ] IEEE  Trans.
2016 25(8): 3890-3905.

Heylen R Parente M Gader P. A review of nonlinear hy—
perspectral unmixing methods J . IEEE J. Sel. Topics Ap—
pl. Earth Observ. Remote Sens. 2014 7(6) : 18441868.
YANG Bin WANG Bin. Review of nonlinear unmixing for

hyperspectral remote sensing imagery J . J. Infrared Mil-

Image
Process.

lim. Waves. ( .
. ) 2017 36(2):173485.
Hapke B W. Bidirectional reflectance spectroscopy. 1. The—
ory J . J. Geophys. Res. 1981 86:30393054.
Halimi A Altmann Y Dobigeon N
mixing of hyperspectral images using a generalized bilinear
model J . IEEE Trans. 2011 49
(11):41534162.

Ammanouil R Ferrari A Richard C et al. Nonlinear un—

et al. Nonlinear un—

Geosci. Remote Sens.

mixing of hyperspectral data with vectorvalued kernel func—
tions J . IEEE Trans. Image Process. 2017 26(1):
340354.

Chen J Richard C Honeine P. Nonlinear unmixing of hy—
perspectral images based on multikernel learning C . Hy-
perspectral Image and Signal Processing ( WHISPERS)
2012 4th Workshop on. 1EEE 2012.

ZHU Fei Honeine P. Biobjective Nonnegative Matrix Fac—
torization: Linear Versus Kernel Based Models J . IEEE
Trans. Geosci. Remote Sens. 2016 54(7) :4012-4022.
Smola A J Sch? lkopf B. Learning with kernels C .
Cambridge: MIT Press 2008.

Camps—Valls G Bruzzone L. Kernel-based methods for hy—
perspectral image classification J . IEEE Trans. Geosci.
2005 43(6): 13514362.

Evgeniou T Micchelli C A Pontil M. Learning multiple
M . J. Mach. Learn. Res.

Remote Sens.

tasks with kernel methods
2005 6: 615-637.
TANG Yi WAN Jian-Wei

unmixing based on material spatial distribution characteris—

XU Ke et al. Hyperspectral

10

11

18

20

21

22

23

24

25

26

(12): 5127-5131.

QuS R Yang H H. Automation S O. Infrared image seg—
mentation based on PCNN with genetic algorithm parameter
optimization J . High Power Laser & Particle Beams

2015 27(5): 3237.

Rother € Kolmogorov V. Blake A. " Grab Cut": interac—
tive foreground extraction using iterated graph cuts C .
ACM SIGGRAPH 2004 23(3): 309-314.

Shijin K P'S Dharun V S. Extraction of texture features u—
sing GLCM and shape features using connected regions
J . International Journal of Engineering & Technology

2016 8(6): 2926-2930.

tic J . J. Infrared Millim. Waves. (

) 2014 33(5): 560-570.
Lin C J. Projected gradient methods for nonnegative matrix
factorization J . Neural computation 2007 19 ( 10):
2756-2779.
Huck A Guillaume M Blanc-Talon J. Minimum disper—
sion constrained nonnegative matrix factorization to unmix
hyperspectral data ] IEEE Trans. Geosci.
Sens. 2010 48(6) : 25902602.
Boyd S Parikh N Chu E
and statistical learning via the alternating direction method
of multipliers J . Foundations and Trends ®) in Machine
Learning 2011 3(1): 1422.
Alfonso M V. Dias ] M B Figueiredo M A T. Fast image
recovery using variable splitting and constrained optimiza—

2010 19(9):

Remote

et al. Distributed optimization

tion J .
2345-2356.
Nascimento ] M P Dias ] M B. Vertex component analy—

IEEE Trans. [mage Process.

sis: A fast algorithm to unmix hyperspectral data ] .
IEEE Trans. 2005 43(4):898-
910.

Heinz D C Chang C. Fully constrained least squares linear

Geosci. Remote Sens.

spectral mixture analysis method for material quantification
in hyperspectral imagery J . IEEE Trans. Geosci. Remote
Sens. 2001 39(3): 529-545.

QIAN Yun-Tao JIA Sen ZHOU Jun et al. Hyperspectral
unmixing via L,, sparsity-constrained nonnegative matrix
factorization J . IEEE Trans.
2011 49( 11) :4282-4297.

LI XiaoRui CUI Jian-Tao ZHAO Liao—Ying. Blind non-

linear hyperspectral unmixing based on constrained kernel

Geosci. Remote Sens.

nonnegative matrix factorization J . Signal Image and
Video Processing 2014 8(8) : 15554567.

Swayze G Clark R Sutley S
AVIRIS mineral mapping at Cuprite Nevada J . Summa-—
ries of the Third Annual JPL Airborne Geosciences Workshop
1992 AVIRIS Workshop JPL Publication: 47-49.

et al. Ground-truthing



