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Fig. 1 Internal variability and mixed spectrum
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K2 T sl iR s Ik - B A 15U (Giampouras,
2016)
Fig.2 Graphical illustration of the sliding window approach
of the proposed algorithms(Giampouras, 2016)
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1

Tlslle + I+ (74) +B5 lys = YM|[z+

73l - YOI
Sty —OW=0,p,—-W=0,p;-W=0
7u—-W=0, ps-OWM=0,
Y6 —OWO =0
(28)

Fa AR AU PFS G IR 3 s Fr s B H pRR
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Lo(W.71:72:73: 74,750 V) =
1
Sl7 = YU+ Al +

1
Tlyslle+ I+ () + B3 llys = Y M+

135~ YOI +1r1Z] - OW)] + 11123, ~ Wl
tr[Z3 (ps = W) +tr{Z (s = W)+

tr{ZY(ps — OWM) + tr(Z} (ys - OWO) |+
§(||@W—y1 7 +1IW = pl7 +1IW = p37+

IW = p4ll7 +|lOWM - ys||7 + |[OWO — y5|7)
(29)
K HHADMM ALK B PFSG, H T35 1
O F ik, A5 R Mg Wit o 72 & A A8 fk, Bgh
'

J' =0 +y5+7,+ O Y M + 0Ty 0"

H =0"Z\+Z,+Z,+Z, +0"ZIM" + 0" ZL0"

Finv=(0TO+3Iy)"!

A=-Finv(@'0):;B=M"M+0"0

C=Finvx(H +J"

W = dlyap(A, B,C") (30)
K, (R ARIE; diyap( )RR & T
Xisylvester JT LI . sylvester 7 FEAIE XU

AXB-X+C=0(Lu, 1986)fBhArfEy,(i=1,2, 3,4,
5); Z;(j=1,2,3,4,5 MBS B AR (R
i, 2017b)E &4, AWARER, HTZL,
L SR — B RS R E B A O, e H kAT
BITET : oL BERA
g =argmin(LaW 005,00, 75.7)) =
s
1
H+2B
TEZL A BE i e e ik VA — AR s B H %
TR, SRR E Rk S
Ze' =z - (OW 0+ ) (32)

HILS &5 Giampouras% (201 6) Fll 32 i 45
(2018)—%k, HAhAS R AT i AR
FE B IR A S R )
AR R

Bkl ADSpLRU - FOG(n = 0) f1 B :ADSpLRU~
FSO0G(n! = 0) ) ADMMR i i 74

WA Y0

WE: t=0,MO0:Finv=(0"0+31y)"; A=—Finv(@" @),

(28Y0 +u@OW™*'0-Z7%) (31)

B=M"M+0"0;
WG A wo,p0,99.9%.99.92.90. 20,29, 2%, 2,29, 7
Repeat
J =0y +y,+7,+O Y M+ O Y. O H' =0"Z! +Z!, +
ZHZ,+0"Z M+ 0" 2,07
C = Finv«(H' + J"; W' =dlyap(A,B,C");
1
1 _ 1 .
" —M—H(Yﬂt@Wt+ ~ZY);
|
t+1 _ 286YM @WH] —ZL):
s #+2ﬁ( BYM + 5)5
1
t+1 _ nYM @WH—lo_Z{ .
Y ,u+277( nrM+u 6)s
Yot = SHR,(uW™! = ZL) it = SVT(uW™! - Z1);
At = TRe Wt = Z));
Zt1+1 - Ztl _@Wt+1 +yt1+1 ;Z§+1 — Z;—@WH—I +y;+1,l.= 2’
3,45 Z8 = ZL—(OWH M+ 5
Z16+1 - Zg_(QWt+10+J’t6+l);
I es e
i w=w!
K, SHRC)ZFNREMEERAE R, ZME LR m
B8 )7 (lordache 45, 2012), SVT(:)EHTAL
AR B 29 ] I B 11 58 5 2 (Giampouras 4,
2016),

5 SRS

R T VP A SO Rl A AR A A S R B A
Pk B A5 (ADSpLRU-FSOG), 435 EF % 14
75 LA RN A B S 8 s 1 SRR T R R G S
¥, 35 CHyDUR % (Yang %, 2016), ADSpLRU%.
#%:(Giampouras 5%, 2016)#.7% FHIADSpLRU-FOGH:
ROEHE 45, 2018)iE T A . HP ADSpLRUS %,
ADSpLRU-FOGHE.7: HIADSpLRU-FSOGHE 114 K
BT 330 Sh i 1Y SRR A . CHyDUREJR F 1R
R SR R 2 SR ik

() ECIE T ERE R 1 o e e 2 a2 1R
HIRTCH B E9x 9, )5, MUSUG(Clark 4%,
2007)F HBEHLEN AR IT(N=50), B IGH 2244
W B m G5 B, 500 3 0 G 15 B4 R
224 x 5003 ICE@ . MR HEGiampouras5E(2016) 244t
() 7 1 A B I SR 20% 1Y, kSR 2 A 3 B A B
W (i B 2 20 % Ui B AR BE Wb & A 20% 1 JEE T
£)o FEMEEWYEES0x81(9x9=81), KH
LMMIE G 1570 35 AN [ 475 8 L 1) 11 M s RS €2 e




636 Journal of Remote Sensing

#2019, 23(4)

AR RO TS BE Y, (71 L SNR(Signal Noise
Ratio) 1% #(E & [10dB, 15dB, 20dB, 25dB, 30dB,
35dB, 40dB]. HEAMF M AR B0 AS [R] ) LI
TR . BB A B 224 %8 1(“8 17 FR N I &
15 BT B 1 25 (R 4R 2 9%9) o

Q)L Br & GIE SR 1-Urban, &GS USSR
Urban, 307x307M&7C, & MEITXAE2 miP)
MR XL, BAMMEOTHDGIE I BUZ2101, 5t
HJE10 nm, B T/RZES M, MR Tk
Bt1—4, 6, 87, 101—111, 136—373, 198—
21009558 . ZhuZE(2014b) X} E 14 1Y Urban ¥ #:47
WBRSE, 13 EIE A 1624 B s Ao, 18k
WS ARFE Y “#RL”, “HETR”,
“HEFIR”, “HRIAR”, “HELHFIHAHTH D Hom
TOGTE S A ST HIAFE 162 B T G54k
Pt o B T A N T 1 R AR ) i R R R A
TESHFEE, BTRUEASCR D, ASCEI30%30
23 [ X, AR AR R (150, 150), £dE4E
J&E 198x900(*“900” R 7~ 14 J2: XL S 1 5 4 1) 2 1) 4
& £30%30),

() LR E i S E2-TasperRidge/F . = GIE K
1254 JasperRidge /& AT i i A4l (Zhu 55,
2014b), A512x61418 %K . A224 M it
Hik9.46 nm., HTERIEKEI, Zhu 55,
(2014b)EH100x 1008 R I FEIUR . W T/KZESM
KAFEHE, HETI198M ., Biih&a
ANVRTCIY s HEE”, “HEHET, CHKOFICHR
T 8 3 T 3 U 0 RN SR A A A TR AR P A
TSHFE ., N TS, ARSCREUT 3030
BT % . AR T (10, 10), KO 4 2
198%x900(*9007 7 71~ 14 42 XL St 115 K5 4 114 25 ] 24k
J30%30)s

HAAHCHYyDUR ¥ (Yang %, 2016),
ADSpLRU%. #:(Giampouras %5, 2016), ADSpLRU-
FOGH %GR %5, 2018), ADSpLRU-FSOGH %=
B T FESE I MM FE PR Ul B . SRS NS 2
B E, SO PRy 1 AR S AR, IR
SR LE R T BT RTIE

B} i) 7H FE SR8

ARSI B TSN . CPURLE : 81
CPU; %1% MIntel Coe i4; PIfF: 16 G,

5.1

15 B GiampourasZ5(2016) Fl = §#(2017b) ) Jri &
fif TR EAR BT B T H R, SR FH 9= 224 1) Wt
Bl (9" R AE 3x3 I B IR/ K8 1x224 11 1R
B ABTT(8 17T I A2 [ B Y 1 B 1) 245 1) 4
XV T FE FEAG T Gt TEFE R ], B
IRERIRBCEI000R (HETHFZ /M shEd 1, A
Wi sl O AR KB AR R L 10001K), TR A% —
UK THFERY I ] (£ 1) . 1% FAE UL ADSpLRU
BN E R ERR, RAH0.488 ms;
ADSpLRU-FOGH LM T H#HE H4.6 ms, L
ADSpLRUB I E AT E K, HIFEHZIE
ADSpLRU-FOGHEAY ()3 B in 17— BB A5 B
A AL e . ADSpLRU-FSOGH 12 Al 1440 53k s 2
5.3 ms, FEKNZREADSpLRU-FSOGH A1t
T FR I T — A B N B B A S A 2 BT

x1 tERELE

Table1 Running time comparison

; ADSpLRU- ADSpLRU-
Bk CHyDU  ADSpLRU L P

FOG FSOG
Hif ] /s 531.3769 3.7116 33.8919 38.8363
ERUEL 5528 7608 7326 7209
I/ /ms  96.1 0.488 4.6 5.3

5 R iR iR AR A 2, CHyDUR 24
JRfRIRSA: . O RITHAE Si496.1 ms, 2R 5
AT AR S DGABI LB B Y, Rt , R
FEROR

SMZ, AR B R AT R
ADSpLRUSA L HETETHFER £, {H LLCHyDU%R. %
A I TA]

WM HERR

KT FEMIT R PEM TR, CHk(lordache M
D, 2012)f8 55 F H#1% 7 SRE(Signal Reconstruction
Error) S REMERA ML PP AN F BE Al PERE . AR BCRH]
SREfCLE ¥ 7 iR 1% ZRMSE(Root Mean Square
Error). P, AXSCRISREMEANSEARFBEATTRCR ;
FHSRE s ¥ A 4 4> k7 o oo 19 F A T ROCR .
SREZ A HAER St ry TR IR ERREZ L
(Tordache®, 2011), HE XaF

5.2
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(33)

SRE = 101og10( Wil )

IW—-W|r
A, WREREEHEME, WEREENMITE.
SREfE B K R A T ik . 50(34) 264,
SREsIHE LU

SREleloglO( Wil )

AT 34
W =Wl (34)

{b, WRRB N mIT S H B W R
RICHI R TT R E
53 fAEXE

AN BB GRS R AR5 0 B
FETFERLH A TPERE . 56T 07 B0 DT R Bl |
UMEPE . SHCEI 3T TR 525

5.3.1  YssriEsong

AR LI B R BN FIEAEEE R
stk . T ADSpLRU-FSOGH I & T s %i i)
Ja A, WAL R H 5 ADSpLRUBR &
(Giampouras 55, 2016)FfIADSpLRU-FOGH 7% (it
S5, 2018) MU SSPERE o 256 Hidh >R HT 0 2 07 L%
1 30dB 1Y ey 30 1 e s e 0 AR L s AT
100K, RHIH—4bry¥ )71 2 NMSE(Normalized
Mean Square Error)fF A B 5 W S RE ) F8 5 o
e e e o 1 2 W =W
AR bR E LW T . NMSE(n=-— Y ———F

rizt Wille
(Giampouras 55, 2016), rh, WS SLK K
S GER R AT, WSk S
FIEHMRELE, p=10 NMSE{H#/NE R WS R
Ak,

SRR 28 S (# 3) B I 5 B B A B R A AR
Ao T ADSpLR UM B A9 e 8 1

ADSpLRU-FSOGH- 7 lLADSpLRU-FOGHE fin 1T —
MR REAE ., T AL S R fe

K3 sk

Fig. 3 Convergent behavior

Loy

AR YR S B0 PR 2R R SR AE M R TR
AETT o EEXT 05 L 1 v s i M U e ORI
B, o300 R FHAFR R 6] 9 5 B A Sk A T A
T, A HSFSREM . B, £1%Fp R (s
Y s A, SR A R B4 S 58 o AR RN S G Ty
Bio SLER AR R B SEANFR2IR . BT
[7] B D i (ETAG HEA T  A Rk o B Al T E s, (A5 Al
TR AR B S EOR AR . s SE0 K
NGB EME T FE B, Bk, T
U R FHAR BEAR B, AR SIE 00 SR BRI 5 W 2 11
SRy SHES, NhkBmEn F A4S
Weo R, A T AR SR, R3S 5
S BER10M-8,-4,-2)]. ILIN, AT RH—
Tofs JBE R — B A A R A T HAS [R] 18 D' i Pl 450 ) e A
FR, TEAFR— S W S5
no WL, R T AEEREA T b o R — B i
FERN B Bh B, AR S0 SR B SR W Lk A g [T
ZHAEE10,10M(-10:2:2)], JFEefER LR £ A
L

5.3.2

x2 SHIRE
Table 2 Parameters setting
RS y 7 u B n 7 1o Mo 7|
ADSpLRU [10"(-8,-4,-2)] éd 0.01 — e - - = —
ADSpLRU-FOG [10°(-8,-4,-2)] 0.00001 0.01 [0,10"(=10:2:2)] — — — — —
ADSpLRU-FSOG [10°(-8,-4,-2)] 0.00001 0.01 [0,10"(=10:2:2)] [0,10"(=10:2:2)] — — — —
CHyDU [10"(-8,-4,-2)] — 001 — — éd 1.156 1 20

T SRNLMDERE UG i AR 22 o R AREL AR IS B H 5 B AT S8 ISRk e AR T
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T B 2 5 CHyDU B yE A AU i X B 56 &,
PR I CHyDUSELYE (Yang %5, 2016) A% -1 l

(WX, D, (@)} = argmin (ro|I X - Y7+
wer*Pe

1
D (IRX = Dallz +molleill) + poll X1l +

i=1
111X = OWI7 + YIIWIly + Ig + (W)

(35)

(1) e S . %505 B 7E LS ADSpLRU-
FOGHE %, ADSpLRU-FSOGHE . ADSpLRU 1
FCHyD U A 7E 37 11 MR 5 A58 T i e e Pk g
(Kl4), 2L M. ADSpLRU-FSOGHE 4k T H:
M . AT IR AR . 4FP R Y B J I fE
h, R R RS, CHyDUB EAEM Btk &
MR LR —FEr) (FARRR S S40), R Ek
4% i 1 P s st L S ) ) (RS [T 7
W 250 . B R Ak TCHyDUR & /A
Peo WAL, HTYEN T —BEREE(S B, ADSpLRU-
FOGH A TR L T ADSpLRU, ADSpLRU-
FSOGH I AL — B s B A — Bk B (5 B A5 1
TR B THABSE L . A, RIAE10dBIY
e, ADSpLRU-FSOGH i b ADSpLRU-FOGH:
DA I 22 S A B R R R IR S AR A
PEARSECH0.01IEN, TLit, BelEES R
PR L — B30 2% s i R s
ZHUOREE, WBitkss, WENWNIZKZ, ZIE
MG L — BB R B R IR, B sz s
FES, A5 SRR AR AR B A5 S

I,

K4 PR S (HER)
Fig.4 Robust Experiment (white noise)
)F Mg . RS RIS G& T, Bk
Wi e s AR LR e A 2% . N, S T

VEAS T2 0 1 07 IR A SEBR A0 T P fE,
LR A BIT I B A 1 75 (Giampouras
&, 2016). FEISTEH T X FAESNRIE, et
RTESREFE R T AR . M FADSpLRU-
FOGE.1: MADSpLRU-FSOGTE R AN {51k L3t il N
FEHAD B IE A i 25 R . ks, 5 ADSpLRU-
FOGHi, ADSpLRU-FSOGHIPERETE LT, %505
EIR UL T Rl A AR AT B0 T AR MR T A
O T AR e, AR
Mg b %) 18 T L M i B B

K5 Pl S (f EMs)
Fig. 5 Robust Experiment (colored noise)

533 SHEnHIXE

Giampouras“(2016)i:18 T S5y Mok it
ERBRER IR . 32 A (2018) 48 TR B 25 H 53
T HpZ MM aHM IR, ALR EE ey 5
Bk B Z R R A DG R o S rh o Se il it — By
B BE AR M R R R P B — B, SRR
% — BB AR R BB SC G 55, 2018) 1Y 7
A B A AN TR A e ) WL S i A A L I
J& , FHADSpLRU-FSOGH 74 LI i s Hh Ak 1
FREEHE, RPN EFRNMSE(El6), SCRUR
AL FJE [0,1078,1077,---,107],

Mk /NEF, ADSpLRU-FSOGH BB 1k
ADSpLRUT . o A [ 2 €6 11 i 4 S e T 78 — B
JE B I s g /N B LR, NMSERE % Y 28tk i
P, TEARRIE 21060 5020 R Bk i ik E|
NG NS Sk 2Pt 5 )27 WA NN
S, 3 X R B R — A R AT T A ST A 3
N AT L& IS Z R AR K, A AEREAN A
R DX IRAE A5 AR SC 42 H 1 ADSpLRU-FSOGH: 74 ]



RS S EER N B S EAG TR 639

AT ADSpLRUBR L [RI A & 88 24 — A B fe /N
f, U 6 1 2% 8 il 28 DN EE 8 A~ S 8 A & T 1R
NMSEHAZ K, XUt FEMITECR S 52 2%,

FEHCE AR 25 A R i AR BRSO R
B o R AR AT AL B, et AR B A I
YRR A A5

Ee6 Z
Fig. 6 Parameter 5
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54 REP4EIG
541 ETFHEEINTHRLILE

AR VRS2 56 38 2o T ALk 1 T A 5 i B A
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ME7ER, EISRE T SAT R —EREE . 119
SEEI TR TR Z BB BE . #5118 S5 AR ) B
(HEAARRPELE R AR R, Fln. 7/ 7, 51
“SREs(FKl(a), FK(b)) HIME18.4922, Frn i [F]
7(a) 5 81 7(b) LB B SRES R 2£18.4922 ., B A%
BT e R R = [ A X B R R (AR
B AR, AFEMERERERZ2, A
0~ BB B 0 e R 21,5, 16 Rt ferd, mi
BB Ry 20 XI5 5 B A 1.5 1 X ) T ARk
FAHF . b T AR S BT AT A e BT

IR 2E R, BT R Y — B e
FAEB G — AT 0 — e b B, b3S A5
FLE[0, 2], FHAFEIEISHT/RINRCR . i BRIFIRERY 7
AL BT A R B B R A5 2 40 9 BT R 1
ROR . BLAh, T BESR, RAMEIEART.
K8, Ko ByEB 4y 22 S IX Rt A7 T hric. 7.
K8, [El9MIF3FH . ADSpLRU-FOGHE L REIF:
— A B A 2O 0 A G A ARk 10 = B 6 P A
HHRUR ;. ADSpLRU-FSOGHE % At — A Hi#5 iy
AR RO B — B RR BE R R B (R, R
FERERE A TR . Ak, XTEE 7(c), EI7(d)FI
F7(e)bric KA B : & 7(e) M 4n 115 B LA
TR EEEE; F7ORATERLET0n
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ADSpLRU-FOGH LM E Z 4137 5 B ;
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K7 AR R 2B B R R s Dy B D)

Fig. 7 Toy experiments on the abundance (Simulated Hyperspectral Images 1)

B8 ARSI Y 2 B2 10— BB B2 P FE R (R s D7 B 1)

Fig. 8 Toy experiments on the first-order gradient of abundance (Simulated Hyperspectral Images 1)
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B9 R  BE Y B B2 I L (ROt is 0 FLE 1)

Fig. 9 Toy experiments on the second-order gradient of abundance (Simulated Hyperspectral Images 1)

x3 E7. ESHEIMEFESHENEEEBLE
Table 3 SRE between estimated data and ground truth data in
Fig. 7, Fig. 8 and Fig. 9

SREs(F-¥l(a), SREs(Fl(a), SREs(FKl(a), SREs(TK(a),

TH(b)) TH(e) T () TKl(e)

&7 18.4922 20.0227 22.3581 23.5581

&8 14.3485 13.9395 17.0965 18.5813

&9 15.4911 13.5238 17.0672 18.3925
54.2 EFLERKILEE(Urban) AR LI8

AR S SR 12 1-Urban T & 1 m] #4652
Ko HRAES.S. 11 S I R H U AR [R] Y
SRAN T B b 0 T B O i — AR IO — B
FER B BREE (K110) . 1K110(b) 21K 10(a) Y451 &1 1)
— BRI . EI10(c) &K 10(a) B4 T B B
B & T B aTAE A R S5 B T A 3
mFEAPIRE R, %K 5%K4%EW]: DSpLRU-
FOGHILREMRFE— B E R, UCEESEM BT
PRI = BEHE FEA T80 s ADSpLRU-FSOGH 12

B IS 9— BRI R BRI (., BT
HER PR

x4 EIWMETESHENEEERBEE

Table 4 SRE between estimated data and ground truth data in

Fig. 10
SREs(TF(1), SREs(TF (1), SREs(T-& (1), SREs(FFE(1),
THE2) THEG3) @) TH(5)
[10(@)  15.9218 15.9232 22.6432 15.9148
F10(b)  14.5783 14.5892 18.4688 14.5830
F10(c)  14.2584 14.2779 17.6564 14.2724

M, BRBAS TS UL . FERR (S
HECEERE T, ADSpLRU-FSOGHE VEAEMS 14
FRBOE A — BB RN B BR R S5 M, MR Y
AR . M R R 2 . CHyDUS kil i 7 i
2] SEE AN ADSpLRUIE 1o i i A1k 5 PR 25
M, R M AR RO S %% , 1T ADSpLRU-
FOGH# 3 FMADSpLRU-FSOGHS. 3 33 14 hnsh Ji 24
WL, 7E 2 A [R] AR s 55 2 M 4 %30
GRS R I sE ], A5 A TR BT
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Bl 10 RRIBIEAL B T B (Urban )
Fig. 10 Toy experiments (Urban)

5.5 RS EGALIE

AT X2 PR R IS A 1 (UrbanZ2) FlSEBR iR
TR E2(Jasper RidgeF) T B FBEAGTTL . HE
ADSpLRU-FSOGH % 5ADSpLRUMK %
(Giampouras %%, 2016), ADSpLRU-FOGHEVL(#EH
45, 2018)MICHYDUB ¥ (Yang J, 2016)83F Al
TR, FEF, 8T IFrADSpLRU-FSOGH 2%,
FE S BRGS0 i 3G hn TRl R B A T
[i) 7 B P B A TR 34 2 ADSpLR U-SOG(Alternating
Direction Sparse and Low-Rank UnMixi-ng With
Second-Order Gradient), & % ZADSpLRU-
FSOGHIERIFHE], {UHRT Z—MBEFR, KX

ifgmﬁg/f%‘%\ o
5.5.1 LBRFEIEEHEL- Urban

BT X SEBR G IE ECE 1 S B A T - R R
Gy N A3 T IX I, 435Ik FHADSpLRU-
FSOGH#. 7% . ADSpLRU-FOGH. % FIADSpLRU-
SOGHE BN F XA FE; MCHyDUA
B, EAeRA, XA SR LA
BRHFEE, &5, 5Zhu014)RAEHS % F 5
TR, HS O E R . EREMA TR
WZe5HTR . Py S SRE B 2 i X (34) 14415
|, FREEHRCRMELL, B120R. BT
HZ(ZhudE, 2014b) L UrbanBidii 1925 £ 5

F5 ETUrbanstifBRERFEEREGITRR
Table 5 SRE for different estimated Abundance on Urban

s — GRS
e ADSpLRU ADSpLRU-FOG ADSpLRU-SOG ADSpLRU-FSOG CHyDU
SREs-Je+ 12.3550 12.3630 12.1184 12.1484 12.2927
SREs-4: /& 8.5381 8.5206 2.7131 2.7431 8.6976
SREs-JZ 10 13.7000 13.6967 3.2755 3.2755 13.6693
SREs-## 14.4755 14.4853 13.7234 13.8234 14.4735
SREs-FiHfi 15.9218 15.9232 22.6132 22.6432 15.9148
SREs- 71 #% 13.4621 13.5224 13.1193 13.1493 13.8140
SRE 15.1106 15.1214 16.2549 17.1970 15.1152

TE: RHAZRR B AR R R
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P11 BT SEPR G R L A e £ <@ Jm A T0 iy F= BE Al RCR

Fig. 11 Estimated abundance map for component dirt and metal and roof in Real Hyperspectral Image 1

P12 SEXE SRR A L R B RIRA B A R A T

Fig. 12 Estimated abundance map for component tree and grass and asphalt in Real Hyperspectral Image 1
it FSFIE12(b) T U : ADSpLRU-FSOGH  #54>, HEBREBAL/N. B, ADSpLRU-FSOG
AT B RO AL T HAE . N SR IR ) B A SOR S A B A AR
F120) ] WZE A B GE. WEIL®b), 22, 78 HR R R S 4 10 4 B2 AR T 1 B /D,
E11(c) PR BUZIX & m A =T+ AW AIERERFEREMRE Tk, B, X
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SEHEE | ADSpLRU-FSOGHE.v: %t 42 EAEAE W ik
B AR R A T - BEAG T, BORBLT

5.5.2 SEBRICIZEIHE2- Jasper Ridge

EE X SEBRGIESdE2, RIS S ISR ik
PEAT S BEAR T AL 00 (R6) . 1345 s DUAN AR R i
F R AT LA 45 R . ADSpLRU-FSOGH 145
ADSpLRU-FOGH- (1) 3 FEAE THRCR TSR A
I, WTREZER, BrZEFHMRECS
B, g e MIE 130 IL: ADSpLRU-FSOGH %
TEHA) BA R A B F= FEAG 1454 . ADSpLRU-
FOGHEEAE My 38 Fl3ii8 i 3 BE A TR %

J b 3 BEAG T B AR ROR B A T AR .
Ht ADSpLRU-FSOGH- EE Al i1 4 43 F1TE % 110 F 52 vp
BN TAETWES . P HE . CHyDU(Yangs,
2016) B %L MADSpLRUK £ (Giampouras 45,
2016)BIfFAE R MERE T, 25 2 U IR I P A B A5
B, Gz T KM% . ADSpLRU-
FOGHE (= #r %5, 2018), ADSpLRU-SOGH 7,
ADSpLRU-FSOGH- A i # A5 B 5910 T LMty
He I RO A TE B . ADSpLRU-FSOGH ki i
B8 I — Bk B 24 SRR — B B 2 R — 2B SR Ak )
A, Reted AR TR, (RS G kA
AN

% 6  E-TJasper Ridge i Bl & ER F EHEREMITHR
Table 6 SRE For different estimated abundance on Jasper Ridge

o GRES
A ADSpLRU ADSpLRU-FOG ADSpLRU-SOG ADSpLRU-FSOG CHyDU
SREs-##f 18.5032 18.5062 19.1972 19.1981 18.5046
SREs-7K 18.3662 18.3720 20.9012 20.9021 18.3771
SREs- 13 20.6450 20.6481 19.9209 19.9198 20.6457
SREs-f#% 17.2642 17.2723 15.4373 16.4385 17.2207
SRE 18.6509 18.6602 20.2815 20.2983 18.6699
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Fig. 13 Estimated abundance map for different component in Real Hyperspectral Image 2
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Sparse and low-rank abundance estimation with internal variability

YUAN Jing"?, ZHANG Yujin'

1. Department of Electrical and Engineering, Tsinghua University, Beijing 100084, China;
2. Institute of Disaster Prevertion, Langfang 065201, China

Abstract: Abundance estimation (AE) plays an important role in the processing and analysis of hyperspectral images. Constrained linear re-
gression is usually developed to estimate abundance matrix due to its simplicity and mathematical tractability. However, this approach only
focuses on the fitness between the estimated and ground-truth data without considering the internal variability such as the similarity among
the first-order gradients and among the second-order gradients. To improve the accuracy of the AE, a novel method of adding internal vari-
ability to sparse low-rank AE was proposed.

First, first- and second-order gradient constraint terms were used to modify the traditional mathematical model of sparse and low-rank
AE. Second, norm inequality and optimization theory were applied to demonstrate the validity of the novel model. The model has been
proven applicable to other related fields under constraint conditions. Third, auxiliary variables were utilized to transform the mathematic
model to the enhanced Lagrange function (ELF). Finally, the ELF was solved by the alternating direction method of multipliers to estimate
the abundance of hyperspectral images. In general, the traditional method of sparse and low-rank AE is the alternating direction sparse and
low-rank unmixing (ADSpLRU). In this study, ADSpLRU-FOG refers to the method that adds the first-order gradient to the sparse and low-
rank AE, whereas ADSpLRU-FSOG refers to the method that adds first- and second-order gradients to the sparse and low-rank AE.

Experiment carried on the USUG library showed that, (1) in the convergent experiment, ADSpLRU-FOG and ADSpLRU-FSOG al-
gorithms converged to a slightly lower NMSE than ADSpLRU. ADSpLRU-FSOG algorithm converged to the lowest NMSE among the
three methods. (2) In the robust experiment, ADSpLRU-FOG and ADSpLRU-FSOG algorithms reached higher estimation accuracy than
ADSpLRU in terms of SRE under white and colored noises. Among them, ADSpLRU-FSOG achieved remarkably higher SRE value than
the other methods. (3) In the visual experiment, ADSpLRU-FOG algorithm could maintain the first-order gradient structure of the data more
than ADSpLRU. Meanwhile, the ADSpLRU-FSOG algorithm could preserve the second-order gradient structure of the data better than AD-
SpLRU-FOG and ADSpLRU algorithms. Experiment based on the Urban and Jasper actual hyperspectral database showed that the accuracy
of abundance matrix estimation from ADSpLRU-FSOG was better than those from ADSpLRU and ADSpLRU-FOG.

Experimental results suggest that the novel method of adding the internal variability to the abundance matrix estimation can improve
convergent behavior, maintain the structure of information of first-order and second-order gradients, obtain comparable estimation accuracy,
and enhance robust performance for AE.

Key words: abundance estimation, CLR, internal variability, sparse and low-rank, ADMM
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HEER 7 OHS-2C( B8 )IAETRT X018 ¥ 8 A 16 EFRAHREEN EuyireEe 4 28E®. OHsS-C( #E5—-3 ) AT RE-9°
TERF . SRS NFRAREEERLAEVFCENSC SSRATREE, RENNS M EFReEnTRAS  ANCEWATIE
R AWRGEE | DT 2019 48 8 BERE S EER. S8 OHS GETRESER 1 fTRSEERT 10 m, @PNET 150 km SN
WIS, M OHS AYGEDRIMASEERS 150 kmx 2500 km( B0 3757 km) , IIIEI‘]'IIISdEEH‘ﬂIIH‘"I HTFNER

limmmmmmwummmmhmmwmﬁxm 1} hyperspeciral
satellite on August 16, 2018 The features of sandy land, vegetation and road are cleatOHS-2C (Guiyang-1) hyperspectral satelile belongs
1o “Thuhai-1° satellite constellation, which is 8 commercial remote sensing micro-nano satelite constellation launched and operated by
Zhuhai Obit Asrospace Technology Co., Lid. The Planned conslellstion consivis of 34 different kinds of satellites. Al present, theee video
satellites and four hyperipectial satelites have been launched, and five sateliles are schaduled 1o be launched in Auguit 2019.Each OHS
hyperipectral satellite is equipped with a hyperspeciral camera with spatial resolution mose than 10 m and width mose than 150 km. The
maximum imaging range of & dngle OHS hyperspectral satelite is 150 kmx 2500 km (ie. 375,000 square kilometers). Four sateliites can
achieve global coverage swcanning once in about five days, and multiple visits can be made daily for specific areat. OHS hyperspectesl
salellite has & spectral resolution of 2.5 nm (400—1000 nm). It can tesl the subtle differences of spectral information, which can greatly
improve the ability of information acquisition in the research area. It has greal significance for quantitative analyss of remote sensing
information and more refined recognition of land features. It can be widely uied in agriculture, lorestry, water conservancy, emfronmental
protection and other fidds.
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