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SR L RN S IEHL BB BIERF

MG, BRI, ZILE?, S

LRy S s MG EEOR R, T 315211,
2. 1AL R Bes G e, WIALA BT H T SR, I 4300625
3.TRRT AR ERA S TR, T 315211

B = LSRR RO AR Bk AR b SR T D BORFADURE 4 A2 B M 7 B SR (R R R ELAL RESRAE
P BEAY L —ARUAS AL, B BT A B IS R A2 BIRA . ASCNPBEE SRR H B e, $2 1 & b AR AR 3R
FITik, AL PR B BOR IR R IR 2 5 ARRURE M DAt o LS I 3207 W ARG 4 Bl (DM B A0 450k
TR SR L DG A I L B S AN T S RE RS LR e s I BOR R M N AEZE M REAE il MR IR
T R 0 P R R SR AE PR — AR DURE P S 2 DR I RN TSGR o i — 20, SRS A% Y H 3 73 0A R
ALK LRS IR RS, AR M R ITT ok RS A I B A R 25, IF s RN B . RITPIAH

National Remote Sensing Bulletin & & 5 4

FHM D CIE SRR, X LG 5 iy HI 0 B 5 R HEAT SR 0 TiE . SEIAE SRR, B 2R RS RIS E
THOHER R 25 RS . H G RIS AL 3 I Bk B vk, T B EReR R s
KB R, EOLIREER, MR, BBOERE, 28, BB ERSE
SRR BMEE, BN, i1k, BEEE 2022, 8B SHEIERENB IR GMRIEE BREFIR,26(2) : 397-405
Sun W W, Yang G,Peng J T and Meng X C. 2022. Robust multi-feature spectral clustering for hyperspectral band
selection. National Remote Sensing Bulletin, 26(2) :397-405[DOI.; 10.11834/jrs.20209165]

15 =

Phve 43 15 AR 1Y i 63 i SO — o i
A T b ORI % A, R R 2 1 ol i D B ok AR L
FHLW) 0 % SOGE e B AE S, AR T I B
NI R 25 S R B (Tong 55, 20145
PRAE %, 20165 Zhong %5, 2018). 4RI, SR
TG A AR =y HL U BOA OCHEAR 3%, A AE I W A
S TCA R4 B IR, 28 R Ak TR 7 3%
BORIRME (Zhang %5, 2011; 3KIT, 2016; KRB
MZEZ Y, 2016; sKREE; 4, 2018). JELEREGE
PR R I B T4, e IR ] 8 i K
TR M PR HE IR LR AR W FH SR (Sun %, 2015b,
2016, 2017a; PMFFE 55, 2018).

H T PN Ah 27 35 42 1 22 i 3R ok 3k B 3 1Y
PeBev4, WHFFRm . AH RN | R I A

I iE HE: 2019-05-25; FENZR: 2019-09-07

RRHMEE (Sun 1 Du, 2018). FETHEFH L
AT R R A B i) EE R O T B, W
K7 22 E A 43 M1k MVPCA  (Maximum Variance
Principal Component Analysis) (Chang%§, 1999) #l
FIR il 87 Bt e #67%  (Chang F1 Wang, 2006) . #X1M17%
05 10 2 W AN ) e B i 22 S, 28 2 R IBURH DG 1 55
SRR B o B B 10 O 1 T e B A o )
BRI A D0 A SR it TR) e, I ZR AL TN LP - (Linear
Predication) (Du 1 Yang, 2008) Fl1Z HAr{L L1
R (Pan 4, 2019). {8 R FUEAH LL AR S WS E %
PR B T2, ARMNZ T i R 25 2
T A o TR i Y A A e DI IR B ) A
B IAEEAY (PMEA 4, 2017), 38R AR g IR
il A A 1) AR e B AR B, A i A £
FEorff (Sun 4§, 2015a) . 2= F-MENIAUH B 32 A1
B (Sun, 2016) A IE D 45 RS 43 BT

BHETHR . H%KHAREILS (49 :42122009,42171351,41971296,61871177) ; WiT 44 A RFFEHE4 (45 : LR1901D0001) ; 644 H 4k
Bl 54 (445 : 2021CFA087) ; T 0% T B 0135 H (475 : 20215089, 2021Z107) ; WiiT. 448 48 J@ i A SEAS Bl 55 2 & 31 4% 4 e Bl (4 5

SJLZ2022002) ; WiiT48 A SR IETRHE I H (4% :2021-30,2021-31)

E—EEE N IMEAS, 1985484, 0452, WF 9 Uy 1)y 22 V508 B P [ A0 R g 12 5 70 J S (B 0 . E-mail: sunweiwei@nbu.edu.cn
WISEE T : 1L, 1982 4R A4 B  WE5E J7 0] R e i i B 1% S ML a4~ o E-mail: pengjt1982@126.com
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Al (Sun Fl1Du, 2018). #iEi R EAb11XT H br ek L
AW SAC R R, B BRI A SR AU .
TR T 4 I e BE R & A (R A 28 1 5
Z (Al rp, R R PO RIT R PEL, IR
Jik (Yuan%§, 2016) FlgfGRISHELE (Wang 55,
2018) .

R SC (Spectral Clustering) J&— P L[
EWB R ITIE, T TR 4R Y AE R
RRHARBH (von Luxburg, 2007). jiH2HE
% F) FHAS [ i B 19 AR B 1 B 6 o A At 3 G [
7 (BRI ), S BAE B AR IR R
JOIF BRI BT o SR F A AR LU o O 1 A
FE IF B SAD (Spectral Angle Distance) . #H & R 4k
CC (Correlation Coefficient) 16 {5 B 5B SID
(Spectral Information Divergence) . VT4F3, [ # i
i 87t WANEEN=D 1 3 e S BT N 25 L
WA AR RS, P i AR B SR i B
Z IR EAHEE (Sun %, 2015b, 2016) . 4K,
R AR B 3R e O T T SRR IR e B
AR A, TERAEBE B A ARURR BE I, AR BLAE P
B o Z BT M R B B R, DT R A i B
THRMEPRCR (XiadF, 2014; SunF, 2018).
IS, bR AH R AN RE Al i P BRI — 1
AR RIS, JFANREAS 58 4 R AR B i 2 A AH )
FEAE (Sun ¥, 2015b) . LAMHSCRELCC oA,
AL AR 30 Bt 2 TB) A AR DG 535, T 12 A B ipk
Bz E i fE BT Xtk Bk dE H iy e S
BAEUOR L A MR HL 22 5 B 3 e i AR R
Bro B, H LIS SRS 05 A A AR AU B O A
RE A R P BOR R FT s RO IEAS B, TCHEAS 2
JEF RN T SR AP BT

BEXF BRI, ASSCHR R 2RI R Ty
7% RMSC  (Robust Multi—feature Spectral Clustering)
RBGHAESE SC IR, BUEAARRMER B B 74 .
MIHLAL S8 SC 75, RMSC I & —H# ik B AR 4R
WAL R S W I8 BE SR 2 1 ¥ 73 4 M A B, HL 32 21 e
A SR TETSE 0 o RMSC 3 5 B 5 B AH AU E AR R
P32 5 2 R AR AR RUE B SRS AR R R, 5K
AN A 1 B AR LR B RIE B SR EL , SR THHBUE
KRB EPSHSS Sid NIl NE A I 2122 S R
MIERAS R o BB —Re e (A5 S . I BOASC
PRI B 22 e v ) R S ) I8 BOAH B I B A IR By
AZEFRAE (Xia%E, 2014), RMSC AEHS /M —

AR AL 4 O 2 READLRE I PR R 7 4 I, O
L35 ARADURE ¥ B9 ik o I AT e oA 0K ok A i A6 I
ARV, SRR AR ) H T F ALM (Augmented
Lagrangian Multiplier) (Lin%%, 2015) SkiEA7{1k
KA, #E—2L, RMSCHIFIERE T ERRE A
BB AR RIS A, A A 2591 08 U S i3
E% o AN K HH Indian Pines Fl1 PaviaU W94~ & FH 19 &
T BBAERE, X 5 M 32 A B Bk £ vk
Bk I B

2 BRI RIS P Bk %

21 BRIERERMNBE—HERMER

R s Y T A 14 BT A e B AR il — SR P Y =
Ly yyle RN, o MATN 35 8 R A KA
P BRI, oy, o i DB R Y [ B 5 U 3
BB FHERN D =Y (:, k) e R", Hr e ATk
BB ERGIES, FAFTEMEBFERDN . %IE
R R NV EPSE N S A EP S I N
SVEEOR, ARSCRADGIES B BUE SID. 1 REL
CC. PiHrin K 1.6 (Laplacian Graph) (Sun
Du, 2018) FGi% A BEFE 25 SAD St @ £ 4> FFAIE
AR ARARURE [ . STD R AEAS [ I8¢ B 19 AR 0 {5 8L £ 22
S, M Bl S RRIE A AR B . CC RAEDE
BORR SCAE AR SORI AR OC 2R BT I Fi ok # 2 4h
RAFOCHERAAE AR RE o LG 25 I By INTE SR
JELER, ) FHIE B ARG 4y, A E A IR 22
FROE A ARAURE RS o SAD 2% JE I Be G /i B 22 5,
) A sz W I B o e B R 2 S R AR AUE B . |
WANFRIERE R, BN RRAIE A AR DU B AR RE 8
T ER A BRI M A S E R, # AR
AR %
22 SZEHEIVERFERMGITTRE

T _F 3R 4 ANAFAIE 1430 BEAH BUREL PR 1 i DA e —
J5 R R ALY RS AEH , RMSC i i A4 £ i Be
SRR TR A AR IE A B A I BE AR B, o
Y48 75 BT AT i B N T SR 2RSS A R AE o AH b
FEAMRFHE A I BOM VR RS 8" n] A3t g P 2

S =B+ EY s.t.,8" >0, rank(B) =
r|EY) < K.i=1,234 M

A, 89 e RV V435 Gk (E B EUE SID, MG
ZECC, PP K LG MG ff B I B SAD
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P A B 0 B BEA U I, B e RY Y W REsR 1Y 25
HHRIERE, EY e RV REASRRAE 15 22 50
AR LM P B 22 O 52 . 29 I rank (B) = r BB
WA B B O FR . BB TS [ R EE M, T3k
ST T2 ) () By Bl R EE K,
AN TR 28 500 ) U5 Be AL 2R 0/, DTG 45 56 1 B
HAMRRREE M . B —FRAF A A DL P AR REAC R R
AP BRI R, L] BV | < KWUE S
— FHABLE I 5 25 A AR LR B ) 25 R/ . R
X (1) MIRB ARG B o, REE 70 g th RS AE AR
R RS (5 8., AR 52 0 I 4 AR
PRI I B RS FE R
W R, B HOR L, JE A AE NS 43 BIAR it it

DL R AR AR BN L YE B AR S5 (Sun 55, 2017b) .
I, 25 A MU B B 6 SR A 5 6 — S ik
J7)

min|B|, + A|E?| .s.1.,87 = B + E©,

. ‘ ()

B>0,i=1,2734

o, ||| A, A R I WAk S Ok S i A
AP IR, A SR A ALM 55 v R A Ak SK i 0]
K (2), BIAMIBIAE R Q e RVY, WAL N

min "Q " + /\H E© " ,st,B=0Q,8" =
. | )
B+E"B>0i=1234

FBRIEC (3) BRI 7R AT LU TF
vBQ.ED =] +ale ] + S -0l

itr(/l“”(B +EY-S"))+uw(AT(B-Q))+
=1

4
%ENB+EM—WWQ=L13A

“
A, AVHNAZRIMS I H T, w2 BT BHL,
tr() JSEFEFEAYIE . 72 e+ 1 AEIR T, 4 [ HoAth A2
TN, AR QI EEH AT LARE

min[Q | +w(AT(B-Q))+
,u - 1AL DAL ©)
5||B_Q"p+ 2w 2u
B2, 3 (5) AR
. A" Al
m&n||Q|L+'§NB—Q+M ﬁ,_? (6)

A 2
%%ﬁ%ﬂﬂb&%@%@%%ﬁ%%%*%ﬁ

%, A (6) ATLAE LA

2

. A
m&nHQH*+g”B— Q+ﬁ )

Fefelsts, [ HALAR R, SRR (8) REHr

=N i
A EY

%PMW“W+§2WW—@W-B_”j

(7

2

wl] ®
i=1234
ok, W HARAE R, SREX (9) SkRIEH
BHEB,
4 W 1%
mmzthW—W+é— +
5= M
AT ' 9)
”B—Q+ ,st,B>0,i=1,2,34
M r

R, A
FTA,, FIAL,,,

Byvy=Ay +u(B-Q) (10)

AD =AY+ u(B+EY - 89)i=1234 (11)

B AR (1) — (1D, R

ST B+ BV - S| < e MI|B - Q| <&, fi

BB W B SARMUSERE B = B, 0
2.3 FAGSESHECEFERRERTE

FAALAE B2 A AR RS B, SR R
TR R A B B T4 . HAE, MU BRI
H— b B R . Lk, 8 AR AR A A3 ok
BV RE U, HoAg—5 Ry B 5 5w B 1 A k>
INPAE AR AEAE XS B A ) . 42ROk, R
e U W — 5 T IH — R Ab B, SR K- (E R
TR REE EDARIMZGNT . s, g —
25 v B B T SR AT o e X N P I BB ) B
BEF4E . RMSC I A AU BB AR AR A4 -

(1) 48t 25 ST 2 AR UM 7 T 1R Ry — 4k 1) %
BHiFE Y, FIHSID, CC, SAD FILG EEHE, 434
a2t 4 AN REAIE A I8 BEAR BURE B 5

(2) tE RS REEAR (2), HEAR
U AR R R B 53 A Ay AR R A AR B 150 2 R 0

(3) RHALMAZRMKICRiF (7) — (11),
HE AR D B2 A H RIS B

(4) RITHEHETT R BRLGA MR B,
K53 A I BER) kAN AR A2

(5) WA Trh FHR 5L 0 S5 10 0 B

AU T T A B H
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R IRI B HTIEBIE D = ¥ (:, k).
3 S

3.1 SCIGEE

Indian Pines £ 45 1 92 [ 345 8 I 27 1) 38 J8% vy
SEmy R T 1992-06-12 38 1 35 [F JPL A%t
TEQCRAEMGR], AR PR R 20 m, g
] 247 200—2400 nm, A B Ak Bk o 200 1.
P 1 kg S5 [ B AR 22 40 M P 7 7 I i DX PG 5 8 kem 119
—/NHRIXIR, SR 145x14518 5%, 1626
Wy, HESHEAFRIERL

K1 Indian Pines 1%
Fig. 1 The Indian Pines image

%1 Indian Pines #{FHI W ELHAREFER

Table 1 Ground truth of main classes on Indian Pines

brag ESil AR
1 H A 46
2 G E T K Hb 1428
3 D HE K 830
4 ES 237
5 /0 483
6 FHLA A 730
7 e 1 R 28
8 TR} 478
9 ek 20
10 TR 972
11 Uy [FNR) 2455
12 pNA 593
13 INAZ 205
14 RA 1265
15 A 386
16 Pagaihy 93
Bt 10249

PaviaU 54l A PG HE A U7 e KA AR 4]
PEHE, 1 ROSIS UGOLIENCRAEMS 2], 103N
B, 2SR M 1.3 m, JEiEIX [E] N 430—860 nm.
] 2 SR A 4 S K2 X A 5218, K/ R 610%
340183, W&oy, HESHAFEWR2,

&2 PaviaU 5414
Fig.2  The PaviaU image

®2 PaviaUHEHMYWEIERER

Table 2 Ground truth of main classes on PaviaU

bnag eSSl AR
1 GERliiYiS 6631
2 it 18649
3 ik 2099
4 A 3064
5 IR 1345
6 PR 5029
7 Wi R 1330
8 Hhfi& 3682
9 5% 947
Mt 42776

3.2 Lo

X5 % ] Indian Pines il PaviaU (45 %, %
T3 2 S0 K B RMSC 7 1% o % He 1 32 97 D Bt
Ve $E 7 14 45 B 28 g J7 % WaluDI (Martinez—
Usémartinez—Uso 55, 2007) . HEFF 5 0% 7 ik Pk 285
B W {H 28 25 J7 15 FDPC  (Fast Density—Peak based
Clustering) (Jia %%, 2016) . 1EA %5 J ¥ OPBS
(Orthogonal Projections based Band Selection) (Zhang
AF, 2018) IV B SR I 7 95 1SSCo [RIBN, X A%
Gt i B2 07 15 SC-SID,  H R H A itk B AH B4 AiE
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PR FE it OG5 B AU SID. 2R 43 e e R 52
i1l ML SVM  (Support Vector Machine) , € & 7
M F8 45 Ry AR5 ZEK5 FE OCA (Overall Classification
Accuracy) . SVM BY#% RECR 42 1) HE ek, R
A& SCHAIE J5 R W 1 J7 22 VAR R 1 2 8URUE
(https: //www. csie. ntu. edu. tw/~cjlin/libsvm/[ 2019—
05-251) XA B S AT 10 AT A0 A7 1K,
GEINSTR SR N

(1) AEEB TR MY IHE R . Indian
Pines Fll PaviaU 45 45 v i Bk m 4 45 X 8] 2 5—
60, KNS, BENLEI10% E R IIGFEAR, Ha
YE NI FEA . Indian Pines F1 PaviaU % 45 4 v,
ISSC A9 IE AL A 543 5 HU{E S 0.1 410.001; RMSC
4 1 U2 PR 7 235 B 4 0.005 #110.001

K 4T LA 1, OPBSI¥ OCA A% T HiAth )7
. RMSC B OCA 7 6 Ff s ik R B AL, & T
SC-SID, X W L5 A AR U B A H A — A B0
TR B 7 A 10 B L% . RMSC 19 OCA W
T ISSCo 3 /& 5 ol RMSC 2R FH 45 & AR B4 1
Wep AV s 7 7 T 52 M - BBk B RUAE P 1) 5 L 2
N4 T B BOICR . &1 3 FNIEL 5 Ry 45 Rl EE7E
W Be gy 30 A5 1Y 73 S 45 R K. RMSC i B
TR o3RG B i T S RO, HEI4 0925 R

85
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BAESY FREEOCA/%
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w
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609
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BB FERITR e

(a) Indian Pines

==& WaluDI w=f== FDPC

~— OPBS

PREF—3. Wik, ZEARBEBRENZNGT,
RMSC [ A7 kG B OCA B AL

(a) WaluDI (b) FDPC

(d) ISSC (e) SC-KLD (f) RMSC
| LG [ EXESSTEE PR ES S
[ E=S P s—#om [ sk
0 eyt 0 HE—RDE i

L% SNCE Uy oa=2 I PN
[ EES [ EIES B s
B s

K3 AT RAE Indian Pines B35 ) SVM 4325 18]

Fig. 3 Different classification maps of Indian Pines
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o
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[N

ARGy B HKEEOCA/%
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BB IR

(b) PaviaU
—&— SC-SID

—te— ISSC —©— RMSC

K4 ASFEPBEBTAE T R F 209 OCA HhZ X)Lt

Fig. 4 The comparison of different OCA curves with different number of selected bands

(2) ARFEIGFEART/NT /IG5 RN e, 55
IR R AR LR X E 2 [0.05, 0.1, 0.15, 0.2,
0.25, 0.3, 0.35, 0.4, 045, 0.5], WETHER/N
E#RUE A 30, 1K 6 4 RMSC Al H At JLAh 77 ¥ (1 B
R ZRG B OCA Ih& I, BREE RS Bk sr it

Fr—3 BEEGREARNRFEE 2 L3, &5
J7 R I BRI SEKS BE OCA B4R T+ . OPBS ) OCA
1% ; FDPC Ml WaluDI f# OCA 1 £k &5 T OPBS, {H
Y &K T 1SSC. SC-SID FIl RMSC. RMSC i) OCA
TEFTAA Tk R AL, LT SC-SID A ISSC.
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(¢) OPBS

(d) 188G (e) SC-KLD (f) RMSC

B e v D ww I Rk LRI
B i 2T #+ N v v
K5 R[5 ZEAE PaviaU 34 9 SVM 432K 4]

Fig. 5 Different classification maps of PaviaU
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G — I SRR AR R R E 43 /% B —RUWNGFEA HIRFEE 53 /%
(a) Indian Pines (b) PaviaU
—a— WaluDI —+— FDPC -v— OPBS —A— RMSC —<4— SC-SID —6— RMSC

6 AFIVIZREEAS K /INT 1925 Ffipl Btk #7714 19 OCA i £k

Fig. 6 OCA curves of different methods with different size of training samples per class
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(3) AETFERHAERCREX . K3 AT
B RN R &R 2 i SR ], P
i 7 b B 1 4R RN IBUIELYE BT EY oy 10—50., 5250
PR 5 MR Winl0 (300 HRML, B FCE N
Inter Xeon Gold 6130 CPU 2.10 GHz il 64 GB N 4+,
IRAS T 5T MATLAB 2014a, 45 F0 53k 31
SR [ Pt o i BB IS g Bt A5 SR (1)

F(2), ATLLEN, OPBS 7 vk 4 I Bk Ak s
%, AR . WaluDI i3 B RCR AL,
e B % B £ HL T FDPC AT OPBS. FDPC Al
OPBS MR L de i, (R BRI I B T B 45
2%, 1SSC. SC-SID Fl RMSC W RCR B
T HISSC 1 SC-SID, {H RMSC I Bt 145 19 4> 2565

JEf i

R3I TRIKRIEFESERITER B

Table 3 Lists of computational time from different methods on two datasets

i . Wi BOSSPERY T 5] /s
i

WaluDI  FDPC OPBS ISSC SC-SID

RMSC

BRI I TR /s
FDPC  OPBS ISSC

B k

WaluDI SC-SID RMSC

10 542.1 327 011 0.83 0.39 10.62
20 543.0 333 020 1.18 0.71 10.92

Indian Pines 30  544.3 3.41 0.28 1.66 0.92 11.93
40 5447 359 037
50 5453 372 041  2.60 1.30 13.11

2.05 1.14 12.74

10 1760 591 087 047 0.83 3.30
20 1760 6.04 1.03 0.62 0.94 3.91
PaviaU 30 1760 6.09 137 1.04 1.02 4.52
40 1760 6.21 214 121 1.25 4.64
50 1760 6.73 231 1.6l 1.51 4.82

(4) S X RMSC I B FAE 2 /AT, 52
rrp, Indian Pines Fll PaviaU B4 i) 3 B T8 K/ Nk
WHE N30, SHA LR E Y [0.001, 0.005,
0.01, 0.05, 0.1, 0.5, 1, 5, 10], 4% Indian
Pines Fll PaviaU U4 H AN [R] A X 7 8 B A o3 20 i

OCA. TILAFEH, BEZE A BB ETH N, RMSC B
TR OCA I P shE Sk i hae . Wik, &
EO I IEREXT RMSC s 47 R, ml ABERR /NG
X RA PRI B T4 B R o SR

R4 FEEMNLSHA THRMSC B4R E
Table 4 The OCA of RMSC with different choices of regularized parameter A

* OCA/%
Al
A=0.001 A=0.005 A=0.01 A=0.05 A=0.1 A=0.5 A=1 A=5 A=10
Indian Pines 81.89 82.12 82.47 82.19 81.99 82.07 91.98 82.07 82.28
PaviaU 94.76 95.12 95.04 94.81 94.57 95.02 94.78 94.98 95.22
N T, RMSC B 741 OCA WAL T At 5 b
+ én Tu

AR SCHE B 2RI TS R 2K RMSC B AR Tk
LG i% R I Tk AR AR AN 2, $TH1%
45 SCH T m Gid e Be e B A UVRHIE AR B i, 2K
U B PR R . RMSCIA I Bk B B 1 R ik
BUE B RR . AHSCHER H 22 s i I B 4 .
WOTEBEGOLIEE B HUE . MCRE. JeikmiE
LB RN T PR 4 B S A AR I, 4
W B LG RHABLE B 174 SR A ) R0 Ay B — AR B 1)
Fis i AR A B AL s I ALM 5 sk Pk sk g B
b R AR, SR I 3R 2 Uy ok 1k B A R B 1A
FF Indian Pines Fll PaviaU $ 5 0K % 11 4 41 5L 56,
B UE RMSC T ERRCR . SEIR 4 R R], TRy
P B4R R /INFIA [] 3 0 ) I R A SR A LL A5 2

W 7 % WaluDI, FDPC. OPBS. ISSC #1 SC-SID,
M H AR . [, IERE S5 A X RMSC
BB BRI, BN A BRI R
B RKGE . Ja g TR X LT 2 0 ik Br ik £
Ik, RAEZ IR E A E ™ GF-5 LA R
TG — 2L B UE AR SCHE S I T v o
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Robust multi—feature spectral clustering for hyperspectral
band selection
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Abstract: The Hughes problem together with strong intra-band correlations and massive data seriously hinders hyperspectral processing
and further applications. Dimensionality reduction using band selection can be used to conquer the abovementioned problems and guarantee
the application performance of hyperspectral data. In particular, spectral clustering is a typical method for high-dimensional hyperspectral
data. This method finds clusters of all hyperspectral bands on the connected graph and selects the representatives. Unfortunately, the regular
similarity measures are negatively affected by outliers or noise of hyperspectral data in measuring the similarity of different bands. They
could also only represent one feature of band similarity and have respective limitations. Accordingly, the obtained similarity matrix could
not represent the full information of band selection required and could not guarantee obtaining aimed bands from spectral clustering.
Therefore, we propose a Robust Multifeature Spectral Clustering (RMSC) method to solve the two problems mentioned above and enhance
the performance of hyperspectral band selection from spectral clustering.

The RMSC combines multiple features of similarity measures for pairwise bands, namely, information entropy, band correlation, and
band dissimilarity, to construct the integrated similarity matrix. It utilizes spectral information divergence to quantify the information
entropy between pairwise bands. The coefficient correlation is utilized to measure the band correlations and construct the similarity matrix
of band correlations. The Laplacian graph is also adopted to construct a similarity matrix and show the dissimilarity between different bands
considering the inner clustering structure of all bands. The spectral angle distance matrix is constructed as well to reflect the similarity from
the aspects of overall differences. The RMSC regards that each similarity matrix of all four features reflect the underlying true clustering
information of all bands and has low-rank property. It formulates the estimation of combined dissimilarity matrix into a low-rank and sparse
decomposition problem and utilizes the augmented Lagrangian multiplier to solve it. Thereafter, it implements the regular spectral clustering
on the integrated similarity matrix and selects the representative bands from each cluster.

Two hyperspectral datasets are used to design four groups of experiments and testify the performance of RMSC. Five state-of-the-art
methods, namely, WaluDI, fast density-peak-based clustering, orthogonal projections based band selection, Improved Sparse Spectral
Clustering (ISSC) and SC-SID, and support vector machine, are used to quantify the classification accuracy. Experimental results show that
RSMC outperforms the five other band selection methods in overall classification accuracy with shorter computational time. The
regularization parameter is insensitive to RMSC, and a small candidate could produce high classification accuracy.

RMSC is better in selecting representative bands than current spectral clustering such as ISSC. It can also be a good choice in
hyperspectral dimensionality reduction.

Key words: remote sensing, hyperspectral remote sensing, dimensionality reduction, band selection, spectral clustering, robust multi-
feature spectral clustering
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