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B % 8 B AR R & R, TR R AT
FOGRER B . EG TR R A A E L
AN A 252 10 7 0 B o M ) R AT AR, DA RE A5 15 5
o2 H S LTS I CRTENRE %5, 2020) .
i 3 BT AR S A G R R UEAT M, FRATT AT LR
B i W) 2 W PR G SRR AR, X Al B 15 S L
HIRE S . KL, G R Bz N TR
T NS I SR (S 7/ 2 7 e SN N i Bl 1]
(Jiao 5, 2019). AT, @Gk RS A SR I B 2
A S A e, X R G BRI A K
TUAEUE (He %, 2022). IEAL, BEGIERAALAEL
E/h | NI S 2 O (L B U 8 1 i N R 8
WHE, G ARR MR rE T RE S5 “4E %
SME” TR KR (FRLL%E, 2022). MG, A
BEAE o G RN T 22 m o AT R4t . B2 ]
I3 W B e B AR AE R IR, Ik B s B T LA A A1

i BHE: 2022-10-20; FRENZAR: 2023-05-31

B G TE AR A M R S, X A 2 R
R 2 1) i RS

W BB R 4 LA 40 B THEE, &
TR, ETREULETHE (SunFlDu, 2019).
LT HE e 1 bl B e 4 07 vk AR P R AR S ) DU )
18 G T AN I BEHE AT HE Y DTN B 6 HE 44 F 8 1 15
BHG, T IR R S B E (SufE,
2008) L B B o A PR 4 R 0 3R S 0 o f PR
% 16 {2 E-FDPC  (Enhanced Fast Density
Peak—Based Clustering) (Jia%%, 2016). X Fj sk
3 BRSO R R e L [N R S A
Wi AN I B A, XRE S R EGE R B B
G Z IR AR IR o BT R Oy R
T T 5 & MY B A, 2 E 1 UE I pR B
B, & PEFUN LP (Linear Prediction) (Du
H Yang, 2008) F1HE T ARG BE A PRk i5f B 6 4%
(Geng %%, 2014) . %y BRI T2 T HEF IO T7
X, HEFGBITHEAEE & 5T REMINE

BEE&WA: FRARREEL (475 :42122009) 5 WL “I5"“SURE I & BT (45 :2023C01027) 5 7730 1 28 28 ZERH TR g 351
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e mOLIE G P B oy — BRI, N
AR PRI B, WIBCRE (Yuan 55, 2015) Al
PL R ZEHESL OCF (Optimal Clustering Framework) o
BT RERIETTERIERBEEEE HE S 2
FIMATFESEMR o BT B A 5 ORI B R Y i
ARy i 8 240 SR B DA TR R, G B T i R 7S 1 i3
B¢ 1% £ SpaBS (Sparse Representation—Based Band
Selection) (Chen %5, 2011) FUASHBIANALH b7 2
IRHEL (Sun 45, 2016) o FE T B 9 7 4 A8 B
B AR B L 2 o OB T LA T 2 BLA R A
giaE (IMEE 5%, 2022).

TAERIRER L E-F A mpy R L, %
O 12 30 3 {8 v A A S (A Ok 1 S [ R
K FHLATYE T 2 W] 1Y K 7n (Elhamifar A1 Vidal,
2013), S AL Ak A T ] R 2E 1SSC
(Improved Sparse Subspace Clustering) (Sun &5 ,
2015) bR 7 FE Y IR BR T 25 ] 23R 28 FLLRSC
(Fast And Latent Low-Rank Subspace Clustering)
(Sun%f, 2020). fHAE, mOGHEEBEGEAAIRL
PERRE, SR T LML 5 s MR T A
REAR 4f i RAE = LI R . MRS, X EET7 10k
HRJZRRL, TG LI AR TP IR E I B RRE

TREE 7 ) W 2% BAT 2245 A W) 00 ) (AL R
R A F LA S ) AR, 2 R
e n] LU ) BIAR W 2 0 ARE . L, TR T
75 [8] ¥ 22 DSC  (Deep Subspace Clustering) (Zeng
S5, 2019) W R S AL G2 1A TR R 2807
YRR R, SR, A R TR A (A R 2
M EAFAELL R ILA N, 5B —, 3UA 3T IRE
TS BRI I iE HOCTE B — R R RRE,
FEA R RERRHIE, XA RE SR EA A
[Fi) 2 [1) RS 5 ) 2 W v Dl B, S de 28 %
Bk s R (Sun%F, 2022). 5, WA HEL
B Z RS T8, BH 2R R, &
B 22 I H AR IK R BN R R R, BRI e
B R RN R BB T4 .

BEXS AR, ASCHE N T AT 2R IR
F 25 [0] B 2 MFDSC  (Multi-Feature Deep Subspace
Clustering) ™ & i 47 w5 06 3 52 1% B Be ik #% .
MEDSC K 25 [8]— ¢ Be e B AR IE SR Ui . Z R
JERIE SIS 5 DSC HEAT RGOk S I Z Rl 2
UCRAIE SR R o 2 A R BB RN AE ) . HRIA
JE B A B A G it g b o o 1S ) A KA R

B, DX R AELR A A S TR B S R,
SEI A M B RO B Z M A B, A Rl —E
B e nl DL B 3 N b AR R 2 A KR
BRI R, RRHSTE EL A K 2245 1 1w G Bl
HRAE R o XA BE AR . Ak, A IRl — i B
BB E 2 T MR R A IE LA R R Z
(i) 4 A B OC ZR AT DADSD TUARAR B, DT 4 5 I B
VEBE M HERA I . 22 RUBE RRAE H2 BURBEH AT DL e A
RIRYRIERE ST, 4&TF B Rk R A7 2 W Ew v,
JF H e 4 m A i S e, (AR AL HL A B R
Mz ACRE J1 o BLAk, BRI ZAS R T 3R EUEE
BT H 2 BT A A AR B, T Dok Ao iR BE R R
Bt

2 WSk

FEOGIE BT DLERE — M A R R, Fw.
B b 1 =45 iR, AT U X = {«. ., €
RV RFIR o N T AR REAESE AT R B 45 (]
I, MFDSC (E 1) @it LLF 25 BT

(1) 3 2 2 (] — ik B i 2 A He o) T 4 s
TESEAT AL, RS S JE G B, R as ] —
(R B RIE2ES) (FudE, 2019),

(2) FIHBREINGHIRS. 3. LGSR
YESR B TR RUBE R A R AR X6 3 Y1 5 15 001 T S i
Z REZERFHERes Rt 20 E T XUFER, JFA
R 2 AR LM, AR TREALA DAL

(3) k[ RIKZES FERBFBERE, IF
foff P e it o B 11 R0 ) G 2 1%

(4) L35 R A 25 [0 REE E TR,
ZJa IR B2 b B R O B i B
AP
2.1 FE—RIEFEHEDR

AR SC T R R B R R AR R 43 Sk s R
R DL R B B RSy i) % 7 ] AL B
(EYSSTUZEYIIL e
211 ZEEEN

B, BEICIERAR X %A BB RZ 3
3AHRHE AP, Py, P, X 3SETREET PR
Arif)Zs ) Lo R B, Fom B EARUE R B
bro PHRITES P ZRIMAIE, FRES5P,
AT LA AT S o PR FRAR AR B i, 3R



134

National Remote Sensing Bulletin i & 54k 2024, 28(1)

AREAE B RAE, BIEENRE, TR
AR Jd it S R IE 5, XS T
&%%ﬁ%%ﬁﬁﬁuoL%ﬁ%%ﬁﬁi
$a WCHh 5% 1 ) 1 SCRRAE B S 31X
FRAE A, JH R TSR R R 3R 2 18] 4 AR AL EE M

1117 52 B0 X AN (5] 25 18] 45 5 9 i A Ak 34 356 o i A
Aib B AT LA A5 A R T N O 3 A 2 ] AR AE
M 4 i BT M RE CR , IR R P, PIEER
2 TR IR Q,

0 = exp(P -P)

zexp(P - P )
Kb, NRHEDGEZARM G R, Q0 A
AWM EMEEN ., &5, FIH Q5 PitHE A
HEIIEA:

(1)

m:aiﬂuw+x (2)

Kb, a RV O TN S H, RIEEME)
ZEMERE IR

ENET T

= a

I FAERS :
o
BWBERS

1 MFDSC#if
Fig. 1 Flow chat of MFDSC

212 KEREED

Sz E R SR B L, ek mDObE
AR X RN BB R PR 3B E (B, B,
B,}, X B R AE X R[] B A5 B A A Ak 2
AR AS A BT LA 4545 750 i 4 rp T 1
BERRAE, AT S B BE A X 4, ARG A B,

BB B B VA O,
Qb:fXP(B—B) (3)
S el
e, K Q5 B AT R R AR e U B T
BEHKA,:
A=BY (0B.)+ (4)
Koft, BFIRVIAILA 0 TN ASH, IR E

il A AR B R R W ) EE M

R T RSN A Al —E B R ), A TT
FORH I BRAERT L A B AR A B R A
STHATRA, WIHEZS Al B 2 R

A=ABA, (5)

i I 12 R S HOA B 19 2 ] — B T R
A B T2 R R B BE Ty, B S (BN T30

Bk BRI .
22 ZREBHLEE

158 19 H G i 45 A BE 2 BB — RUBE (R R AIE
TSR ECE AR RE T E R, X BRI
T MR FRERE S, AL, MFDSC I FHZ R EH
it g v IR 3% — ] 8, MFDSC ) 4 i s i 3 4%

RN =GR L, HR/NIF I 1x1, 3%3
DI K 5%5

E, = Conv,(X) (6)

E, = Conv,(X) (7

E; = Convy(X) (8)

E = Concat(E .E,.E;) 9)

FH, Conv,(+), Conv,(+), Conv,(-)53 5]~
BRNR I, 3x3LLR SXSBEREME, E,, E., E,
F bR G R S U RRAE . Concat (+) AR5 1IE HE
SRR, E NS g S M 2 RO TE R o
MFDSC {14 fff-A%5 25 308 73 (o ] Js2  BR 48 11 B At Dt
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Ao BT EEIRAATTURR N X = D(E), Hib X%
RO E N LE S . FRATAT LUR R L2 51 5% o #l 4
KRBk P L T A

Lm:ﬂx—iz (10)

23 BRIEE

MFDSCH H ik JZ R A B 2 R [ 2 i &% 1Y
2 % e 1 e 22 T A i 3 3 119 52 ) IR R 9 1 =5
] [ Rk R 8 AR BB S T n A1
ARG, BI{S Yoo n > 25 (8] 19 48 B2 5300
{d Yoo TP REE B REFR R X
B2 x MZPRAL G, RICBEER “ARAT Rtk
FCHAR R EUNT 2es :

1 2 A 2 .
L, =5||X—XC||2 + E”C"z,s.t.dmg(C) =0 (11)

A, € e RV HARBRBS; diag(C) =025k
CIM LI RET 0, LIkEGT LA ; |-, 012
JERC, LR B R A% U BE A AR e S B R
Ko KRB, T REL SRIG, MFDSCHIH
H 335 R B MU W = C|+|c|". B
00T, KL BE 6 4 3 0 i B R AL O 5, X
WA TIREMBELLE (FTT %,
2015). WL, WFFEHE ] 200 i SRR A
PESRME RS, AR R R,

LE LT, S 2 RE QRIS A kR
A E b O S DI €,

towe = 52 - 2[4 58 -+

ﬂﬂ%mwm=o (12)

A, w IR

X (12) B BEALER BE R 07 1% 2T I
Y. TERALIGR5E Z 5, MFDSC I JH 3% 5 2 %
HRB R BRI RIS, BRI RARAELR,
HRENREFR BB RIZRE T O, &
H A SR e v B T SR S v ) B B AR D e B e
FEIER, HEAR AR AIE 1 PR .

3 SEERAVRE T

3.1 XZREIEE

Y B IEAS SR M ) D B T s A RO
BATHE Indian Pines ZU54E DL J PaviaU £ % 5
HAb P Bt 57 ik E AT X0 e S

Indian Pines $H5 4 & i1 AVIRIS % 2 25 75 3¢
B[ 2R 22 299 M PG A6 70 B RE AL 3 B R 4R AR A
(https://engineering.purdue.edu/~biehl/MultiSpec/aviris_
documentation.html [2023-05-30] ) (Sun Al Du,
2018) . HIAR K/ A 1454 E <1451 K, 1
200—2400 nm ) 3% 1< 5 _EH0A 224 A5G35 i B
PeBeo W T/RKIMBE R R, KER T 24 IR0
B, A4 200 M B TR LN . LA
16253y, FBOR (5 nl 1R B M 2 T (R R 5
DL 2,
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(a) fBOREA A

(a) False color composite

PaviaU ¥4 4 th ROSIS £& s 76 2 K A L
SR 0 A DR SR EC I

(b) HbFEAE
(b) Ground truth

€12 Indian Pines R (0 & R K S b 36 EHLAH

Fig.2 False color composite and ground truth of Indian Pines

2R HRN 13 m

(http : //'www. ehu. es/ccwintco/index. php/Hyperspectral _
Remote_Sensing_Scenes [2023-05-30]) (Sun%,2017)
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AR AE 430—860 nm I K [l E4HA 1034556
T R B, LT 9. ERBERAELGE Y
Bt T, EBREAES o mETz
i, HSAR KN 610x340, S 1 7 fH S8 #E4T,
AT FEARMAT THEY, BETEE K. [150—350,
100—200] (Cai%s, 2021), #FHT)5HPIEHNZE N
82k, HANE A MR MR B EZ LI 3.

(a) fREEBEHA

(a) False color composite (b)  Ground truth

(b) HBFRE

I shadows

[ Self-Blocking Brickst
Bitumen

Bare Soil

B Meadows

Painted metal sheets [JJlll Asphalt

P Trees
3 PaviaU 5 @6 i & S b3 BAE

Fig. 3 False color composite and ground truth of PaviaU

T = A IS A YRD  (Yellow River Delta)
JE EE ED ISR TR Z2Y-102D  (hitp:/sasclouds.
com/chinese/satellite/chinese/zy102d [2023-05-30])
eI ZRAA 7R 8 T s ) AT DRI AR . 7R £ BR 2
KRS EE R IR B e, YRD B9 R B A
L9 B, SRR/ R 1147x1600, Ry T (552
B dEAT, XSARIEAT 7RG, BOTEE Y [490—
600, 775—890], ZJLHINI 32, Hix
R 5 T B 2 FLAEL IR LK 4,

32 TREE

B A SCHE Y MFDSC 5 5 80 32 30 19 07 B2 A &
U B AT, XSO AR LP (T
&), ISSC (ETFHiHi). E-FDPC (FETFHEF) .
OCF (RETFEZ) UM DARecNet (FETIHERE2>)

(Roy %%, 2021), #1SSCH IS M 0.1, LPH
TR A AR A U B ik A R AR BB R B R 100,
XF LT i SR BN

(a) [BEEE A (b) HiREAH
(a) False color composite (b)  Ground truth
I Paddy field Idle land River

4 YRDEOR (5 B B R B
Fig. 4 False color composite and ground truth of YRD

i B LB 02545 SVM (Archibald #1 Fann,
2007) AR AE AL AT U 32 . SVM LLAR il
SERBE AL R K, Horb Y 7 22 2 8O IE
PR AR i =47 28 IR UE R o . B B 3 kG
[ OA (Overall Accuracy) HFVEH AR 76943
HKFB ., 43 A BEPLPELE Indian Pines £UHE4E T 10%
IIBREAREANE R SVMAIIZRFEA . X5 T PaviaU B8l
B, AVIGREAR LIS A 5%, K YRDEHHLE 1%,
Pl A VRN AS . A By SR H A 109K,
IR BN B SR IBCE By e 4 25

A SO Y 0 5 v DL B T IR B A ) Ty kia
17 BB 2855 0 Python 3.6, Hifth 4 Fh % 42 5 w7
Matlabh2018a ¥1558 T iz A7 . B A T k1847 i BE 1 35
1% 4. Intel Core i7-10700 2.90 GHz CPU LA JZ NVIDIA
GeForce RTX 3080,

33 TWHER

331 SEBEXTL

T 875 MEDSC J5 i e I B 20 1A 50k
FATEA T o3 A0 o 32 5 50 o AR a2 I Bt
B RS AR T P RE o AR AE 5—5011)
JEEIN DL S A Rl Beitt A R R e . 15
JErR T AN T AR AN R e B4 RN T 7 2 ith 4
Kl El6—KE 8w T 6 ik fE B4R/ N
30 I A A 21 1 40 245 B ] . X F Indian Pines 03
45, K5 FBIASCHE 19 MEDSC PEREL T HoAth )7
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U R P B A R . Y e R B B b, RE % ik 2o 42 U BE A 23 JRORG BE o T i I SR g 1Y
MFDSC L RES IS A EE R X SRE L . MEIERRIEBL  ISSCWR T IE TR S Jrek, (HAEfe gy kb
BE—ERCR R, R TR T By R XA E R . OCF /Y73 IS BE Bt % 8¢
REUR, XULW] MFDSC RERSEE£% IACRMERY DB BeBd i 3 TR R B . IR 6 h g
T BETRESAININERBERR 26, J B MEFDSC 1 3t R S e i Sk G

S 10 15 20 25 30 35 40 45 50 5 10 15 20 25 30 35 40 45 50 O35 10 15 20 25 30 35 40 45 50
T ige i B ik i B A s i Bk
(a) Indian Pines (b) PaviaU (¢) YRD
—#— MFDSC —w— DARecnet —+—1P OCF ISSC —5— E-FDPC - — All bands

B5 ANTE B BERCR T AR DT R A R A L
Fig.5 OCAs of different methods with different number of bands

(d) OCF (e) ISSC (f) E-FDPC

Stone-steel-Towers [ Soybean-clean I Hay-windrowed I com
I Buildings-Grass-Trees-Drives I Soybean-mintill [ Grass-pasture-mowed B Corn-mintill
B Woods I Soybean-notill Grass-trees I Corn-notill
I Wheat Bl Oats Grass-pasture B Alfalfa

El6  NI[EJr ik iridk i Be 1Y Indian Pines 432345 5L (&

Fig. 6 Classification results of Indian Pines using bands selected by different methods
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(a) MFDSC (b) DARecNet (¢)LP

I shadows Bare Soil
I sclf-Blocking Brickst Bitumen

(d) OCF (e) ISSC (f) E-FDPC
Painted metal sheets  [JJll Meadows
[ Trees I Asphalt

K7 ANEJT I Pk B i PaviaU 73 2845 R 4]

Fig. 7 Classification results of PaviaU using bands selected by different methods

(a) MFDSC DARecNet (¢)
OCF (e) 1ISSC E-FDPC
I Paddy field Idle land River

K8  AN[RITT I I e Be i) YRD 7345 R 1A

Fig. 8 Classification results of YRD using bands selected by different methods

M S 0] LB R & B, X T PaviaU S04 48 5K
Ui, MFDSC (43285 LR M, I BLAH L HAlh
T EEAREM . Bk DARecNet fF Indian Pines
AR RIS, (HRTE PaviaU B4 4 LA E1K
ARG AN E, WK T ISSC. OCF H 4K 78 BT 1
P B 10 F 35 I 43 20KG B Je i, (HO2 ANIBERE .
E-FDPC 5 H A5 Al b BB K200, B
IR F]— R, SR 7 3k 0 5 K %

LT . 7 PaviaU 804l 45 1, A Jr i 09 OCA i &
P T B, Xl feJE i T PaviaU 80454 A
B HAR RN AR TR
XTFYRDBaSk U, hTPREARERK D, 6Ff
S 7 VA B AORS BE RR AR AR LA K A X
MFDSC FIDARecnet (RSN, IEHIAH LA
JrdE R . LP RIS MFDSC 1 DARecnet
FEIT . OCFFISSC I BL T “HEECRAE” B4,
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332 FritEEE=EDHT

A S o AT A S 205 B ALE (Average
Information Entropy) . ~F- 3 41 X} /i ARE (Average
Relative Entropy) (Sun %5, 2016) F1°F {5 B kb
ASNR (Average Signal-to—Noise Ratio) X AN[d] 77k
Tk ) 20 A BEEAT RE BEr BT . ALE JBOR 3 B i
e B AR AL A {5 B UK . ARE BY(EBOR R
U B 2H A T 7025 B BOR TUAR B /. ASNR 1Y
(BB R 37 il 2 1) I8 BT 5 Mg e B /A A S B
Z, MADEBHREMESIRINE 13 PR, B
SR ENZITIER I

#1 AR[EFE¥ Indian Pines EFTi%k il BT F &R L%
Table 1 Comparison of selected band subsets by different

methods on the Indian Pines dataset

Jiik: AIE ARE ASNR
E-FDPC 8.56 64.51 16.20
ISSC 9.79 62.29 10.00
OCF 9.29 71.68 14.91
LP 10.44 32.79 7.64
DARecNet 10.02 58.46 7.78
MFDSC 9.70 64.87 10.07

TE ML R %A R R B R

£2 AREFIETEPaviaU _E ATkl BT ERLE
Table 2 Comparison of selected band subsets by different

methods on the PaviaU dataset

YIRS AIE ARE ASNR
E-FDPC 11.33 12.06 2.05
ISSC 11.32 10.57 1.85
OCF 11.32 10.47 1.86
LP 11.29 12.39 1.91
DARecNet 11.34 10.30 1.88
MFDSC 1133 10.06 2.02

TE: ML Rz R Bl

®3 AEFHEEYRD LFTEK R FEMILE
Table 3 Comparison of selected band subsets by different
methods on the YRD dataset

Ik AIE ARE ASNR
E-FDPC 10.13 0.19 2.53
ISSC 10.12 0.21 3.13
OCF 10.09 0.18 3.09
LP 10.19 0.27 2.97
DARecNet 10.25 0.20 2.95
MFDSC 10.17 0.50 2.72

T IR %A bR h R B A

MNE1—FE 3 AL, 7F Indian Pines 09
& h, E-FDPCHIA 5 & % ASNR, i H: AIE N J2
PR R 2200, 3k T 8O SO B AN FEAR
LP HLA e 1 ALE, {HJ2 I ASNR Fil ARE HUZ FAIK
), XWMERE T N ALPR R ERKE.,
MFDSC # 4 fie i 9 ARE{H, X i MFDSC T i
FIPEBETUA AR . ATE L M2 ASNR 5 ISSC F{EAH
VT, TR Al T et B — e g S 7E
PaviaU % 4% 52 v, MFDSC 4 AIE {8 1Y F 5% & )
DARecnet f£ 0.01, H: ASNR 1% H 5% =5 #91% 0.03,
JEMET ASNRE& L 214, XWARIE T MFDSC g%
53] 1 50 2545 5 . DARecNet ) ASNR F1 ARE
HERMRAE, 37 HASIRE AT —44
PR R . 76 YRD BHESEF, OCF A Fem iy
ASNR, {HJEH ARE Fl AIE 510, 3% 530 7 HAS
HKFMAME, MFDSC 1Y ARE {8 b H At 7 15 55 4%
A%, X AT R RO T A gk i vy
5 T RFAE AR XA
333 ITEMEITLE

AR SR MEDSC 5 HAt 5 R0 05 2 A7 1735
RORIRT L o & 4 AR J7 5 % 4% Indian Pines ${
4R . PaviaU £ 42 A YRD £ 45 30 Nk B Jr
AR TR X FE o

R4 REFEHEREML
Table 4 Computational time of different methods
/s

WRES Indian Pines PaviaU YRD
E-FDPC 0.79 0.25 0.21
ISSC 0.81 0.72 0.42
OCF 0.67 0.21 0.11
LP 16.08 9.87 7.06
DARecNet 1920 1046 88
MFDSC 71 42 22

MF4TTLIFH, E-FDPC. 1SSC L} OCF )y
LT I )20 BT R 2% 2 i) DARecnet J5 i
TR, 5HAMI %R 2B
Ko MFDSC FILP #)3H5 i [] SR AR H Al 7 v B
H—mEd#, HakmErZzBEN, FRiss
Oy K E ML RCR /M, MEDSC 1 25 5 R B
A, RENE R R 2k R G 2 15 A0 3N FH B AL A 4y
35
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4 %5 B

ARSCHE T T 4RI 2 () R
ik ik Be kB M 4% MFDSC, 4G, BiBIhinA T
23 () — 5 B T ) R R AR R 7 R S (B T
2SR IS A B PERE R RZ MR, 1G5 B HURRAE (1) X
arEE L R, RCHRB T R RE ARG,
TEAN IR ) 45 J2 B0 1 100 R 27 20 B0Hi 7 AN TR R
FEALA T BT AE RAE , B 1k 3 B0 R 4 R fk B 42
[Fi] B e A A% 0 U0 B B B 7 0 DA AN AR M 1) 1 B
B EDCIE AR B BRI C R W ), { RIK 2P,
N TE G i 2% AR 1 2 [R] R 3R B 25 0] ik &
BOERE, P RANERICRFBRAWETFE. £
AN S R FW], MFDSC 7E A 4537 (14 313401 i) Py
REME PR B B P4, (R, T HAEKR
JZRFRE, MFDSC X NAERY TR K. B, )&
SRR T AR 50K BBl R it A Rk 2T R
T — 25 FEAR T A AR
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Multifeature deep subspace clustering for hyperspectral band selection

HE Ke,SUN Weiwei, HUANG Ke, CHEN Binjie, YANG Gang

Department of Geography and Spatial Information Techniques, Ningbo University, Ningbo 315211, China

Abstract: Hyperspectral Images (HSIs) contain abundant spectral information of ground objects through dozens or even hundreds of
contiguous narrow bands with a high spatial resolution. However, HSIs are plagued by strong correlation between high-dimensional bands,
which increases the difficulty in processing and applications of HSIs. Therefore, dimensionality reduction is one of the important steps of
hyperspectral preprocessing. Band selection can effectively preserve the spectral significance of HSIs; thus, it is broadly used for
dimensionality reduction. Unfortunately, the existing hyperspectral band selection methods typically consider inter-band relationships in a
linear perspective while only partially focusing on multiscale information and demonstrating susceptibility to noise, resulting in poor
performance of the subset of bands selected by existing methods. This paper proposes a multifeature deep subspace clustering for HSI band
selection to overcome the above problems.

MFDSC embeds the self-expression layer into the autoencoder to learn subspace self-expression coefficients, which considers the
interaction of spatial and spectral information and explores the inter-band relationship with a nonlinear perspective. In addition, this paper
couples the spatial-spectral attention and multifeature extraction modules with DSC to further reduce the interference of outliers and
improve the learning capability of latent representation, thus enhancing the accuracy of self-expression coefficients. MFDSC starts with a
spatial - spectral attention module to reweight the HSI to suppress useless information such as noise. Afterward, MFDSC uses convolution
kernels of different sizes to extract features at different scales for encoding. Then, MFDSC learns the subspace coefficient matrix through the
self-expression layer and reconstructs the original HSI using the decoder. Finally, the subspace coefficient matrix is partitioned using
spectral clustering, and the bands closest to the cluster center in each class are calculated. These bands are the final results of band selection.

In this paper, the proposed method is compared with the five state-of-the-art methods in a variety of experiments on three hyperspectral
datasets (i.e., Indian Pines, PaviaU, and YRD datasets). The support vector machine, which adopts radial basis function as kernels, is
employed as the classifier. Experimental results demonstrate that the proposed method can attain better performances than the comparison
methods. Superior results are obtained when the number of bands reaches a certain number instead of using all bands. In addition, the
computational efficiency of MFDSC is acceptable and significantly faster than that of DARecNet, which is a deep learning-based method.

MFDSC considers the interference of noise and outliers on the self-expression performance of subspace clustering. Meanwhile,
MFDSC nonlinearly learns the latent representation of data at different scales without deepening the network depth based on multiscale
autoencoders. Thus, MFDSC can select a representative subset of bands and reduce the difficulty of subsequent applications.

Key words: hyperspectral remote sensing, dimensionality reduction, band selection, multi-feature, deep subspace clustering
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