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Abstract: A postnonlinear unmixing algorithm was presented for hyperspectral images based on
backtracking optimization to improve the unmixing accuracy. On the basis of the postnonlinear mixing
model, the reconstruction error between the observed images and the reconstructed images was used as
the objective function, backtracking search optimization algorithm was used to search in the solution space
to obtain the optimal solution which minimize the objective function. In the search process, the boundary
control mechanism of the backtracking search optimization algorithm effectively ensured the constraint
condition in the hyperspectral image unmixing, and then the abundance and nonlinear parameters can be
estimated accurately. The experiments conducted for both synthetic images and real remote sensing images
show that the algorithm proposed is provided with excellent unmixing performance. The unmixing accuracy
achieved is significantly better than the state—of—the—art nonlinear hyperspectral images unmixing algorithms.
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y=g Z (am,)+n=g(Ma)+n (1)

KPR NIHITTEH s M S LxR 4E 5 TGS FE R

a=[a,, a, - a)" NEGCIEEG TR E S EELR
B y=[yi, yor y]" NAAEE RN B GG ER PR
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Fig.1 Nine spectral curves selected from the USGS spectral library

A A E], HARL PSR b 78 (=1,1) 75 BB M Bl BB L
KL 13 hEE ARG RIMG, HAMEEG WIRE S
PPNMM R AMEIR A MR A4 SRR A 50%,
FEAZINR G H SR T B B 50 i th TR
GBR RUREAELRAEIR G158 s IR AAAE R S PRAF AL
B IEIEE R ST 1010 142 K& 2 FE 3 435w
TSR CECH R=3 FIl R=9 MiFMHHL T | IRA GG &l
B B 12 MRS 13 1955 1 N BLER . A TR
IRSCIRRT, SCPEL S BOR B  BSA FREERLEL N=
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1,low=0, FPRELELIHE FEI ALY R TL

K 2 AL GOR ZIE(R=3)
Fig.2 Mixing hyperspectral images(R=3)

El 3 IRA mEIER SR BB (R=9)

Fig.3 Mixing hyperspectral images(R=9)
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F£F PPNMM A5 AU Fil Subgradient Optimization [ JE
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195 SL IR S R PIE ., % 1 483t T 30 IX Monte
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ZEA TR BRI 6 TR IR A RS 11,
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Bayes 5574 \PPNMM 536 Fl1 SC iR B8 344045 T 854r
B TR R | 3K 150 B 2 M TR R vk Bayes .15l
PPNMM 53k | SCHARvL P AR R 2 M i TR 300k 34
b b ff TR R A I e 0 GRS UG . T T 12 I3
W I A7 AR e R TR A 1 O 1 KR, Bayes 530925 19 ff

IRBCR S B E TR, I PPNMM 532 S b vk
P FRIRRCR BA W W i34  Jf B, SCrh Bk B TR
AR R e TR 8 SO S Y BSA T FE
EAEHE LM S B0 & fr IR MR BE S R | Fr A1y
fif IR 45 W] 2 LT PPNMM 33

x1 BEBEMRIEBRERER)

Tab.1 Comparison of unmixing performances (synthetic images)

SAM(x107?)

RMSE(X)(x1072)

RMSE(S)(x107%)

Bayes  PPNMM Proposed algorithm Bayes

PPNMM  Proposed algorithm Bayes

PPNMM  Proposed algorithm

3 7.40 7.42 7.36 5.28
" 9 8.67 8.45 8.44 5.37
3 8.31 6.44 5.46 33.41
2 9 8.38 7.42 6.29 16.23
) 3 8.05 6.48 6.47 23.31
o 9 8.36 7.42 7.34 16.43

5.25 5.20 2.92 3.53 3.12
5.21 5.19 8.21 8.84 8.24
5.22 5.21 18.87 3.30 2.46
5.22 5.16 7.71 8.27 7.31
5.25 5.24 14.80 2.99 2.55
5.22 5.15 7.86 7.84 .77

4.2 EXLEREGIE

(1) Samson ${JE

Samson %Y #i J& i1 3¢ [# Florida Environmental
Research Institute #] | Samson sensor 1145 Y 5 O ii%
PG ER , SR i0 5% T 401~889 nm 22 [A] f4 156 4
W BB, GG HEE R 3.13 nm, KRS
952x952 ML ZE 5, 0 T WA TR FERT 38 F ok B
K 4 B8 i 95%95 1 X EHR AT iR IR 5256, IR+
£, % Soil , Tree Fll Water 3 Fl 14 153 .

% 4 Samson 375t ¥

Fig.4 Samson scene

(2) Jasper Ridge (¥

Jasper Ridge %W J& A 4% T 3 [ California H [X.
Jasper Ridge [ RURAP X A SIS | i 8dE 10
ST 380~2 500 nm Z Al 198 A~ BEs , Hotitk o
BN 946 nm,, JEEMRALE 512x614 MR F AN B

YEBCNE 5 FR Y 100x100 ()7 X EUGHEA T AR TR 525
E% 615 Tree Water  Soil F1 Road 4 Fhbd sy,

[#] 5 Jasper Ridge 3% 5t &l
Fig.5 Jasper Ridge scene

TEEAT B R P R p iR i R b, i T
UG, T BT IO AR I, AR 2
T A VCA SRkt AT imoc 4R, SR8 )5 SCh
SRR R AR SR, 58 O B =G
PR fRIR . SCPIEE R AR B A = B2 KT ] 6

I 6 SCH BT iR IR A9 B A9 3 2 [ (Samson)

Fig.6 Abundance maps estimated by the proposed algorithm (Samson)
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B 7 Js , i A= BEER LU G SCh 38004 1 M ik 5t
1AL B S PR AR O

B 7 SCH Bk IR AR 2 9 2 B2 Bl (Jasper Ridge)
Fig.7 Abundance maps estimated by the proposed algorithm

(Jasper Ridge)

R T 2 A B SO B R SE PR G
BRI RO, K SCHh B A 5 Bayes Bk
PPNMM % % . PPNMM —NonFCLS . ¥ #t 17 fif 1R 1%
fieFednxt kb, o, PPNMM-NonFCLS M Bfi#IL 45 &
IR MEAE LT B9 PPNMM B8t i T B 50 R &
B SEPRF R AR FN Y, BT LA S50 ] SAM. Al
RMSE(X) W™ REFE AR 47T 0T L 23 #T

% 2 h B 2R T B SR R E R
fRIRAS R 5 Lk IR 5 ——Bayes B 1L ALk
fif IR 5535 ——PPNMM %% Il PPNMM—-NonFCLS %
AL, SO R EAT B R A P RE AL B UG e
Hr PPNMM 4. 7 FIl PPNMM —NonFCLS % 1% 1 i R
ORI, #E PPNMM BNl | FCLS S ik k17

x2 HiEBREMRILRETZERER)
Tab.2 Comparison of unmixing performances

(real remote sensing images)

Samson Jasper Ridge

SAM(x107) RMSE(X)(x107%) SAM(x107%) RMSE(X)(x107)

Bayes 7.53 4.40 18.19 8.13
PPNMM 10.03 1.15 15.61 1.93
PPNMM- 10.08 14.28 23.72 31.35
NonFCLS ' ’ ' "
Proposed

. 6.47 1.12 7.22 1.58
algorithm

IR VMER AL TE O | AR PR RE 2 I I TR X
JE T PPNMM B33 i (i 1 0% e A Ak 7 v R R B2 2R
P4k 34 32 (Subgradient Optimization), X4 fi# 1R #] 1 {4
BB ANBAR I, B4 5 B AR s W s - 20 TR
PEREREAR . i SC P A R TR O AR e AR5
%—BSA AT BGRB8 R, Sk
ToF AT R IR A e, B AT 58 jox) i i (&
BARRIER

5 & ig

Ry Y TG A 2 i O 3 AR A L Pk i TR ) A
SCH DA A R RE L AR Bk O R AR Ak T i AR
PPNMM i JE il b 2 1 — b i A 26 1 i TR 5
e, B ¥AdFH BSA T Subgradient Optimization J7
X B AR R A TR, R A YRR 5 B S IR
GRS, 8 R AT 2 6 i IR 280, T 7E
XF G IO PG 0 L 52 i J PR R ) i R ok A v 3R R
AL RIPERE . 52 A ST PPNMM FIAS B2 ALY
LM MRS AR L, SO B TR AR FCLS
S HAM LN E IR R A IR P, BA T &
FRTR G BE o JF L, SCrh 350 i i TR SRR ik 1 i
FAE, A TG T Ak SR 45 G IR A B AL FIE R A8 ) T
SR AR REPLARS L SR PERE T AL Y = D0 14
G RIR 5

SE k.
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