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Hyperspectral unmixing based on material spatial
distribution characteristic

TANG Yi*, WAN Jian-Wei, XU Ke, WANG Ling
(College of Electronic Science and Engineering, National University of Defense Technology, Changsha 410073, China)

Abstract: In hyperspectral remote sensing imagery, material usually present two spatial distribution characteristics; one
is its dominance in some special areas, another is its consistency on the land surface. By utilizing this two prior informa-
tion, we propose an algorithm named nonnegative matrix factorization (NMF) with abundance constraint, which intro-
duces both orthogonality and smoothness into abundance. To further improve the algorithm performance, we also pro-
pose a new stop criterion and an adjusting method of adapting weight factor to the varying signal-to-noise ( SNR) and
mixing degree. Experimental results based on synthetic and real hyperspectral data show that our algorithm not only re-
presents material distribution characteristics very well, but also increases the unmixing accuracy. Meanwhile, the algo-
rithm can lead to satisfactory unmixing results under the conditions of low SNR and no pure pixels.

Key words: hyperspectral remote sensing, spectral unmixing, nonnegative matrix factorization, orthogonality constraint,
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Fig.1 The schematic plan of abundance orthogo-
nality (a) 2D scatter points of data in feature
space and (b) 3D scatter points of abundance

Hr v hBoti 560t B FREZ B IEAC PR3,
AR AT DL H 3 P A5 0T 22 1] R 6 35 R AE 22 53 R 1
B A S PR R B R A RO RHME R 22 57, B
RFRIEAN
[0 -5O 1 de0) g
0 otherwise

Hrh 0(i) Fnot i WSHEZBTTES,00) P
HTTENECHR M - 1. 2% EZB TR LUE i
KBt i ERSE — 2R moT A TRI - P(p

=2) B AR KB R -
aJ,(S)

S

BREMHYEA L E N ERXE, HHFAE
REG P ITA XISEX N E LM £ S X
B AR A B IR A KR X VB3R SE R
ERAAGITZ AR RAE2E SR TG THEOTX IEAT
IR0 ARYE TRI-P 9% 5, R GoT i L T %
S, WA 1(a) FiR, HE2% LG TR H AL
T EFXE, WA IZBIT S HS % EGR T R
B v, UK, TEAS PR E5R, X J, (S) B 52 et

vy =0

=SV . (9)



s VB A B SRR B AR PR QAR 2 6

BORWMRBIT i AT ER X WA 1(a) FiR,
RGN T RIEAR AR, W iX A S HSE ER B
JUHBE R OB v, AR HEBE/IN , TE AT P AR BT L 45
55, % 7, (S) BRI, 3R AT LU BE IR &
X%t J, (S) B2

SCHR™ AR T B/ INAR 24 SR A7 TR 45 S P 1
A, ERARRARE R — M5k B /IMERHER
AR T7 38w A ERICR. T ERR AR SRR Y
WHTERBONFMRL, BB R —F 5 K H&/MERM
AR T W 2 7R, 8,8, .85 R =R F B
it , 3 E AT B 4 LAY Y T0 4G B B R 1A 1R BR
V(Sy) \V(8,)\V(S,)  ARBAE, V(S,) B/, T BL i
Ji(8) tdif/N, Toie SR B FERERAL T S, B2 S;,
N T EIER AR/, ENTER 2 S, Trigsh, 4
B B AR BB N T 18]

HIER AR5 e/ MATRAHORF], Bl ad
R MR R R e AR IR AR B IR R, B[ RE SR
o0 A TR 4 R v i T PR BE T L I Il BE R s 2
REHREE. BAERNHRFRFEORE SR
IMERRR AR BRI R, 58
Mg (A Bou¥haigon) MR L AP,
%ﬁ%ﬁ%mﬁ(ﬁ%’*‘%m, URIRA AR, 7

REE RGN EAE RS B, BT L, A
jC?’F'JFH$JEH@Eﬁi@ﬁﬁ%ﬁiﬁﬁﬁﬂéﬁi@ﬂﬁ%%
G

1
-2 L
216 -14 -12 -10 -8 -6 -4 -2

B~

K2 BBAARREERARKKR
Fig.2 The relationship between simplex volume
and orthogonality constraint
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Fig.3 Simulation data for (a) spectra of five materials,
(b) abundance of material 1, (c¢) abundance of material 2,
(d) abundance of material 3, (e) abundance of material 4,
and (f) abundance of material 5
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Fig. 4 The influence of different constraints on abundance.
(a ) no constraint, (b) orthogonality constraint, (c) smoot
hness constraints, and (d) orthogonality and smoothness con-
straints
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Table 2 The influence of different constraints on abun-
dance contrast and asymmetry
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Fig.5 Results comparison when AOSNMF take VCA and
random initializations, (a)SAD and (b) RMSE
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Fig.6 Performance comparison of the algorithms with
different noise level, (a) SAD and (b) RMSE
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Fig.7 Performance comparison of the algorithms
with different pixel purity degrees, (a) SAD and
(b) RMSE
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Fig. 8 The convergence analysis of AOSNMF.
(a) The changing procedure of the objective func-
tion value. (b) The adaptive adjusting procedure of
weight factor
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Table 3 Mean-removed SAD comparison between library spectra and endmembers extracted by different algorithms of Cu-
prite data sets (the bold numbers represent the best performance)

AOSNMF VCA-FCLS MVCNMF ASSNMF
HIBLA Alunite 0.1838 0.3159 0.16 0.1852
FESHEA Andradite 0.2335 0.268 1 0.15 0.2536
#+% A Buddingtonite 0.3777 0.396 4 0.70 0.3824
F4#% Chalcedony 0.5950 0.6456 0.80 0.5808
HHIEI Jarosite 0.4025 0.4294 0.4100 0.4736
EIAA Kaolinite#1 0.3847 0.4180 0.32 0.409 5
EIAA Kaolinite#2 0.1995 0.1876 0.20 0.2165

B IR A Kaolinite#3 0.2712 0.2517(0.3149) 0.34 0.2422
# Z-8} Lepidolite 0.3716 R 0.51 0.403 2
223 A Montmorillonite 0.3103 0.2719 0.40 0.3056
F1 =5 Muscovite 0.5753 0.5557 0.61 0.570 1
4JBiA Nontronite#1 0.2976 0.2023 0.38 0.1917
#J3iA Nontronite#2 R 0.4035 R 0.386 6
A Quartz 0.1440 -——— 0.1700 I
44 A Rectorite 0.3794 ———- 0.48 ———
VUL Desert Varnish I 0.3000 -——— 0.1922
EHH 0.3376 0.3574 0.4021 0.3424
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Fig.9 Abundance results obtained by AOSNMF algorithm for Cuprite data sets. (a) Alunite, (b) Andradite,
(c) Buddingtonite, (d) Chalcedony, (e) Jarosite, (f) Kaolinite 1, (g) Kaolinite 2, (h) Kaolinite 3, (i) Lepido-
lite, (j) Montmorillonite, (k)Muscovite, (1) Nontronite 1, (m) Quartz, and (n) Rectorite
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