%43 B% 40 bk T2 2014 4 4 A
Vol.43 No.4 Infrared and Laser Engineering Apr.2014

ETHERMBRARNSLEREETHBEE
w—F ,KEF, 2L, 5 EA, NRE
(FEIREKF, EE % 710025)

 E. BRI RERS R TR RERR FEREEAIMAEG FA 2 E T —FA T EBK
ARARFe I A B 29 R 09 JE f 4B 4% 3% (Volume and Sparseness Constrained NMF, VSC-NMF), %7 i
B SAE TR E R ST i A 8 i B AR B AT 35 FUAR B B AR A 38 AR I 0 A AL, 7T 34 B dmik Hk M S
4 B 6 R B ARSI T AN E AR AR R R Fe F AR B 2 R T S IR AR L AT AR
e fR, FIRLER KN, T ik LA A B U IRAE G 3k T JE M AR R 00 B T, Mo ELAEAS 31 B ok a0 0 5%
FCFaf b RAT A ERACR AR TR & 0 & g B AR

KB SAERE; RAELM; FEREESME; RDERAR; HRAHR

FE S ES . TP7S XHEARERD . A XEHS: 1007-2276(2014)04-1247-08

Volume and sparseness constrained algorithm

for hyperspectral unmixing

Wei Yiwei, Huang Shiqi, Wang Yiting, Lu Yunlong, Liu Daizhi
(The Second Artillery Engineering University, Xi’an 710025, China)

Abstract: To solve the problem of large solution space and a mass of local minima in the traditional
non —negative matrix factorization (NMF), a volume and sparseness constrained NMF (VSC —-NMF)
algorithm was proposed. Firstly, end —members extracted by vertex component analysis (VCA) in
hyperspectral image were taken as initialization of end —member matrix so as to accelerate the
convergence speed. Then, the traditional NMF was extended by incorporating the minimum volume
constraint and abundance’ s sparseness constraint to achieve better separation of mixed pixels. The
experimental results on synthetic and real data illustrate that the proposed algorithm can overcome the
shortcomings of traditional NMF and obtain more accurate end —members and corresponding abundance,
especially in sparser hyperspectral image.
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Fig.1 Geometric illustration of factorization of mixed pixels

after and before incorporating volume constraint
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Tab.1 Flow of VSC-NMF algorithm

Step Algorithm flow

Step! Set the number of p end—members, estimate the weight
e .
P parameter A according to the sparseness measure over Y.

Initialize S by randomly selecting entries in the interval
Step2 [0,1], initialize M using end—members extracted by VCA
algorithm from Y.

Step3 Set iteration index k=0,start iterating

Step4 Update M* by applying (14.).

Step5 Update S* by applying (15).

Step6 Judge Whetlhler -the whole objective function is converging. If
is, jump to step7; else, back to step4.

Step7 Output the results M**'  §*!'  the end of the algorithm.




% 4

B—FF . AT HhBRHAYROBZLEREGE L BT E 1251

3 XWERKSH

3.1 HEEIFEM IR

SCH G 3 ff #5285 (Spectral Angle Distance,
SAD) F1 ¥ J7 # i 22 (Root Mean Square Error,
RMSE) M 4~ 45 b5 e i 2 1R & 1R e 0 i ROCR . AT
S e S 5 T R Al 4 R S 00 Y T A AR
B X T kAot , Horb SAD B U .

M, M,
(8, ||| ]5n, |
M, 5 M5y 3R OR 0 TE IO I R TR 45 R
Z%{d, i RMSE # & L.

SAD,=arccos (16)

2

N
RMSE,= ]{7 Y

j=1

$y=5, a7

S, IS, S 5 92 7R % 3 6 7 B — 19 I8 1 = B 1Y
ISR R 52 %1, Ch I #HY SAD il RMSE
¥y 20 BT A 3 oo BT Y 0E

3.2 HWMHELE

FEA AT, AN 7 A B AR 0L K5 Al R A S g
DLW S b e 10 0 5 vk i kg, JT ¥ L5 DL A
BT AT LR A —Fh Oy e VCA BE4T 3 T
PEC, Z 5 T4 29 o 1 B /N — 3¢ % (Fully Constrained
Least Squares, FCLS) #:17 £ JE 4hiF, ik M
VCA+FCLS, % —#l J7 i& /& MVC-NMF,

By FLECHE 09 77 A2 7 ik, 36 b b B 4R R
USGS (1) )% 3% J% splib06zhong %t HU 498 4% )t i il £&
(W% BB R 224) I 50 B 3 rb A LM 35 1) it 4k Ol 1%
FHE BN T 1000k A PR ), 78 H e HUCH
Tif g TCAE g S T BE M AR R RS BfPL AR
B, H i A Dirichlet 43 A, 1 &2 “F1 2k 1729 50 Fl Ak
T, I HOAR G T 58 A R 09 R T 5 AR R
ST AR AL R FH 2 35 {8 5 07 PR R S SR S AR 4R
LV A BAL R R B MR S AR AE N I v T A
Mg 7 R A B TS 58 T Y 0 ELACHE .

SIPON XV 1 & T A A S L IR ZS
S se . i N SNR=35 dB, N=5 000,
IR B R R B R T R IR R RS,
Kl 3 B .

0.35

0.292 0.286 8 RMSE

oSAD
0.257
0.171
0.15
0.063
3 0.037

0.05F :

VCA+FCLS MVC-NMF
3 =FJ5 k¥ SAD #1 RMSE L4
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with three different algorithms
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Tab.2 Running time of different algorithms

Algorithm VCA MVC-NMF VSC-NMF

Running time/s 240.41 1839.96 1028.33

ZH 6k 5 =My kBRI Y 3 0T 2Z 1] O 1
FREINEE 3 PR AT LA i VSC-NMF $i2 Ui
Ui TC R JBE T A YRR O

RI=ZMAEBITHWRETSSERT
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Tab.3 Spectral angle between extracted endmembers

and referenced spectra by different algorithms

VCA MVC-NMF VSC-NMF
Wood 7.85 7.49 8.20
Ferric 11.23 12.33 9.54
Basin 6.52 8.26 5.45
Bag 7.36 9.14 7.11
Cement 6.27 7.63 4.86
Mean 7.85 8.97 7.04
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