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BEF 0 EFNH S ISR GEERINIT A

MKk, EEHR?, RER, TIK

Lo EE R (5B S8 TR, R 221116;
2. M EAAE MR KRS AR 2E S HAR B, B st 211106;
3LE RS MIR KRS B bR, mat 211106

B E: BOLER SRR EUR MR TS N E R AR Z —, CA7EE BN | 27T S5iE 2 a8z m
R AR L, mGTE ER r 2E AR E SR B B T A S AR AR S T K 7 I B R AR A N . U 3 T TR AE R
PRI, REAFH BRI, SFEIEBRAE S FT 0 Jain Z B e i 25, M fa i BT 25 5% 2%
PTG SR IGIR) T, A SCER L B 43 ZE8RHLA 04 i DG SRR SR U 15, DRIERRIE SR LS 4025 8 Z T 1 3
e, RRAERETE ) T SR 08, R RTMZE S, AR SO T RN LA S 2SI B i S
FRESRIBOBE RIS (1) LIRS R E AU 6], SR ) LR B s om0, s T
AEME 5 S I B L 2R AH SR AY SRSAFAF SR RY 5 (2) LATREE A S 2515 softmax BRECH B, Kf softmax 43
AR A BITREE H gifiB 2%, AR S softmax 70 AR HHIRZS Y DAES FRAF SR HUELAY . S 3R 15 SRS HTDAES
PEHIAH , AR SCIR G T X L AR A SR e SO0 A i B . 738 S vm i Tl R B 4 v il R Bl LT R s 0 56
WE, Z55L Y, K SRS M DAES 5175 H AT B W 09 A AL ME A ek, o 0 6 1% R 4 2548 45 OA (Overall
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Accuracy) . AA (Average Accuracy) . Kappa EA T 5.03% . 5.13% . 7.30%.
KR FOGIEER S, IR, SrJSERALE, MR, TRIE A RIS

FE4ZES: TP302/P2

A MK, EER,RER, TEMH 2024 EE S LF[IHIN SR IEEGISFERING E GEBRER,28(2): 511-527
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150 5
VB —Rh S A, il 5 B A R 5%
f14 2 (8] 73 FE R RDE TG r BRI BE Ty, T LE4EE

ZoAEVE 2 R KRR T, bl
el AU, HhET g . TR e . B AR
J7% (Ghamisi %5, 2017; RHEE 4, 2021; TR
FE, 2021) . BT EDGHE SR AT DU R0 B E A
FHAB A7 1A il AR H AR iR i RHE B, ik
AT DAAR B b 2 W ) A2 19 Ak 2 B o R R TE 25 15 B
(VLW 4, 2023) . 155 EDOGIE G B
, EDOGIE RG2S (BRAEYE 55, 20205 FEHIE
ISR HIGR , 2022) 2 HETH A2 KREMPIR 2

Fa HEA: 2023-03-06; FEIZA: 2023-07-04

—, EAETIASE XGRS, S HURS T
DUFIAG A 5326

MBA SR BRI Y R 63 RS B Sl 4 B
o B A O (A R AE 2 0 B AR S i G, 2
VT B REMR R R SEAR N . — 280706 0%
e G T R BT AR 2 AR RRAE , IFF1 52
FF ] ML SVM  (Support Vector Machine) (He 55,
2016) . A9 (regression) (FeiZ§, 2012) ZEXfiX
SESEIEAR R AT AT, AT T R v O i R
BIPRAEAR B o (HIX S5 L AU TE R B OLIE £
B MERZ 0 23 AR RE T . S T iR ek
MR AR R, P2 T2 ARSI
SrRITENAR o B0, Benedikisson % (2003)

BEWE : HEHREFESE (55 62101247, 62106104) 5 H FE 45 RRAE 4 (45 . 2022T150320) 5 HFoe 5 | 54 7 BlH & e £ 10

LB BhIH (455 : 2021Szvup063)

F—EFR N WL, A5 M AL ) 1038 R R #8434 . E-mail : xinged_nuaa@163.com
BEMEER N TR, M M THLAR A 2T 9% A8 1148 . E-mail: mely_nuaa@163.com
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Pt 3 T 2 RBEDE S F R RE SR IO E ,
HETF . HisRRAEiC 2 S5 E B 20 e
SRR, AR TARRIROR . 0, AT
Y IRIES B EMAP (Extended Morphological
Attribute Profiles) (Benediktsson®§, 2005) FIE[RIJE
A5 BE ) 5 3% DMP (Directional Morphological
Profiles) (Liao%, 2012). FiRJy ik R ZAKH T4
AR, HOMSEPMERETEA 255 T 5L T 2RHER 7 ik
B, FangdF (2017) FIFH44ERE (BP . S84
K. EAREFHE . Gabor SLHAFE | MEELR
J) ORI A T G EUR AR, SRR AR R
BY, AT RAETTE, ZZ R ERG T
UARDA ey e 8

FneE2] (Scholkopf %, 2021) W EGiEg Kl
BRI T — MR E R, H R
F 2 I ALFER 5478 SR (Sparse Representation) |
K # %7~ LRR (Low—Rank Representation) , . {H
FPEF 7R BR (Binary Representation) 25 . i B ¢
IR — AR AR R AR AT L ok | iy LA
IRREA W2 G R AL RN, g o) e R e X 2
MG B EAT gAY . H UL AR B R R B A L1
ENME (Xing %%, 2020)  Hif BN 4L (Chen
85, 2011) ., HWHMAY (Zhang 25, 2013). Hik
IO A B S (Fang 45, 2017) . Bk & i B0 A 7
(Zhang %5, 2014) %5, fIRFkR R W2 7R (R R 29 0
THBEOLIE G RN —MERRIERX (Xing 55,
2022), T ARBUBE 2 R 455 B o Chen 55
(2020) i Hh AARARAD ) e/ > —3fe [l )44 LRDLSR
(Low—Rank Discriminative Least Squares Regression)
T30 3l A PR 29 RORAZ A5 A R AE . —AERRAIE
PR AR TE H 0/1 25 A h SR mOGIE E
B FHIE R (LiAE, 20225 Jia %%, 2018;
Xing %%, 2023). Xing%§ (2023) 2 T —Fh3EF
JRIER TS TAERR AR 2 Ok, e X RO )
AT E] L S SLOEE ) RR AR, AR
Ji 0 3 B Ry HR G TG B R AT IR A, R ELAT
JRERIEIE bR SO R A AR AR A AR A, TR
IIRAES P UGS AR RIRCR .

DR ) R S AR B AT . R R IERIL AR
)05, RERS X B MEAT E R AR ), T L
25 9 A0 34 BB AR BHE 5 5 IR 2 RAE B . Chen
S5 (2014) EUCK TR AT I A mOLiE EER 526
55, FIHIERR X A Bl g A% g ok #) R B 16 2%

DAE (Deep AutoEncoder), 3R7% FIL BT 2 FR1E
Z WA &, Chen 5F (2015) F VR B & 15 W 4%
DBN (Deep Belief Networks) /8% 155 St i L 1)
& 2 [ — GRS R AE o BE XS AL S8 11 DBN AR AU T lim
FVREAEFDMNPEAR R R @, LidE (2022) Wit
T —F i F £ DBN (Multi-DBN) 544 1) 2% 2] %]
%, BEME IR OLIG FR IR B R IE Rk . 4 R
28 ) 2% CNN  (Convolutional Neural Network) J&
I DR TR EE 27 S 45k, T8 OGS BRI S
5ok, oW T T, SR IBCRAIE A9 )00 P
B Xudf (2018) KemGib EUR AT DI AL 2
It A S BCE T A R A 6 B R i 5 1
P28 HE S, AT [v) IR i I PRI A5 610 1 U2 R J2 A
W T4y 23154 . Cao % (2020) # F 3% > AL
(Active Learning) I CNN £E il 2 58 —HEZL A, DU
0 R OGS Ry M PERE . Dong 55 (2022) )
TR R B E L M4 GAT (Graph Attention
Network) FIIETFIRZR AT CNN [ EAMEE, $24 T
GAT Il CNN ITACRHAE Rl & 07 i, IR T Rotis il
Bors, WBAR TR RO . A, A BT
22 W 2% GAN  (Generative Adversarial Network) .
Transformer 45 #7 B TR B2 %7 > Jr i L 2 & 4k B &
TG EUR A e . N, Bai5F (2022) #EH
T —FhiE G aE R, $ GAN. Transformer L)
KRG —2ok, BATH Transformer SCHF 1942
Jry Ja% 32 W R Pl A AR SRR 1Y Jeg SRR Y YRR AL
ARG EUR T e h S TR EF 4G

OIS EHR R R 2 AT B AR R IR L
BT 2 A AR 2 TR0 5k P B B R AR AL, R EL
EATE BT R TS 1Y . BRULIREE )
T3 R H AR T AR A 2] R AT 2 (B2
PN w21 73 2 25 3 B B 3 B 05 (end—to—
end) MZEE5H), (HAET AT B 1E 3T DAE,
CNN 45 19 F5 fiE £ B J7 3: 5 5 T softmax. logistic
regression 5 [ 43 S a8 LALLM . A 7 ik
PR R SR I, — AN SR AR 5
X AT fiE 23 S BRI FRAE T AN S T A e A
T 25 RALRE o X FIASHE A AR AL 7 2 A A Y
5 A AR IR Z R E R OC & o ARIT SR A,
Oy RAAEAAR R T — @ A o Y A A
VERCHY IS e, g R RYr . R, HEdE S
FTUANDE R I i, 0245 R — R 22 (Tan Al
Wang, 2007). Ittoh, B 1450 T —kRelE, |



TS 25 HA 72U ARG SRR R O 7k 513

Tt — 2L UL W RAIE 15 73 28 4% Z 18] 0 AN 32 B
IPRERBE , Horp DUR LI G b i
AR REAR B, R ROC AR N RRE, SVMAE
oSt IWETHATLIZE ), b i fE 2 Ak
5 SVM 73 48 M HEAS LT, (HRFAE AT REA 5 Bt
SrRARITALEE, SEOPREIREIE . T LM
W, FERFEARIBGS R I A SVM BRPE, A RRIE
AT KM B0 Afikfs, X% SVM /r R4y
MINTEZR, RSB SVM A 22 irab 38, AT
LB B KRR . TR L, AR
HAT 73 I A UL ) DG T R AR S O 3k, 58
BURRAE P B 70 e AR 1A O S, fo BT S RURRAIE g
URIR IR SN S g € eSS TR EAE S

KEHLHIE R TR, B ARk
arIEATE BEAA IRV R LI R R AE S U
TR LY IR, A SCRHAE STERPTIH48  4n s 34 U7
e (1) Sl 7 BA 2 2 ae UL A4 s 18 4
TSR BOTE, EECE B INEN —RRBIE R,
FEREIINT T T AR IR BN SE R  (2) LARG
R SVM Ir2eas i), ST 1 BT SVM ALY
i 0t 5 AIF $2 HUBE 78 SRS (Sparse feature extraction
with SVM) , F-25 HHLAUALR il 725 (3) DATRE
H 2 W 25 DAE 5 softmax 432848 M ], @57 T3
T softmax $5PE AR JE A g 15 45 1 2 R 2% DAES
(Deep Autoencoder feature Extraction with Softmax) ,

FFHR T B DTSR e s

AR ey |
: o m, L GFBI) KA 485% |
©

¢ :.: :. —— UV _‘

e R 465% -

<«

_ el ESSYMAXERRRE  RHE
S lﬂu)\SVMfl%*f‘ré

EA%@@ R A T R T R T e S T T _i

" i HFIE .

: = .e:%& prLens 1 4995% !

i <’ 0.)@ — ENIEES S —— :

i e %% HR2: £4990%

1 o :

g 1

; :

r

RHIE 5 SVM A AR A AR Ty NG

1 IR 32 Z RIS SRS 73 S R ) 75 491 P, JHG e L DY T 45 o A e 9y v 38 2 A DA 4]

Fig. 1 An example diagram of the incompatibility between features and classifiers, and its impact on classification results, where

samples from two objects in hyperspectral images are partly selected

2 ARk

TEART R, PR M2 RIS B LRI AR SO
Voo XHL, A e RY N BRI = LR i
Ffg (FREFRRNL), FENGREASES, Hib
LFFHEW R, M, x N, IR Z 8. w5t
A~ AR R A e RS, HIP K, = M, x
N WA, 5 B e REW N kR 0 8 g
1%, FHPEMREEASE S, JOPh M, x N, MR R
By 4 SEMIEA N B e RS, HRK, = M, x N,

2.1 RN EEEIEST

AL, ROGHE EAR ISt PRE o A,
RIVRFAE$2 S 20 AR T, O LI P 020 o 2

MUE ISR o — RO, T 7S 5 Ak 48 HOAE
TUME, FEAH &I IR AR, DY AR U AR
ATREANGE NP KA, FEONIN AR A 2% . Wk
r 28 B R PR IR AR SR OB v, IR A $ B
FRFAE 55 X Dz 9 53 2K i 22 TR A2 A5 B E FiC - X
Or 2T AR A B, NI, ASOR G
FEAER S 73 AR Z MM AR, B e — e
i 5 0 JAFANMEA AR AR SR U . ST Bk
B, ARSCHE ST BB o FE AL B R Ol T P A
MEFEIOT R A —RIE U

min ¥(A.2.6,). s1.9.(2.6,)

; (1)

min (A, 2.6,) + ny.(2.6,)
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A, ZFRBAVG I RRE s o (4) RORBEAL Hy
TEFR G 35 o (1) s B 73 8RR I A A B
55 0, 0. 5350y () 5y (NS HES; ni
g () Gy C)REESEL N () PRTLIEH,
JI g 57 00 R AE B B 5 R i i 43 2 2% HIL AR 1Y
W.(Z, OWENHEHREHR g (A, Z, 0,125k
T, AR HUBI AL B2 T o S AR R . A 5
PR (A AR i, i 57 A S AU A R R A 3 Bt A v
FHIET R ER, SR IO R AR %
N 3 2SR Z R B A2 o X PR AP R UE T 4
TERE S W L o AR B INTE 2K, 5 T or 25 4%
A, T SEER A S PERE A B T, T R T A
SIREER . KT TRREMT, AR BRI
K (D) WA AR (1) DRsER S5
) S ML SVM ], 44 5 T SV f) A it A
PEHUBIAY, 0 SRSIE R (2) DAVREE A 4%
2% 5 softmax PRECH B, ST FET softmax F1: AY IR
B H SRR BUM 4%, 10 DAESTE L.

2.2 E-TSRSH4HHEREN A &

ST s AR R O, 2T
Wit B W, 15 WA =27, H ZJ0 e e,
HAA BRI R

min [ WA - Z |} + «[ Z], )
K, We R o MIENALSE. I T @& HA
SV M RF B i AR B OB AY 5 22X SVM i 47
EEIR, IHERA IR ABIBARILL (2) o &
iz b, SVM 4R & RIS [] 2 7 A A 1] 1) e K [) B
PRI AREARS AR, WAE—ERRMET,
AL R AT B LA K 8] B 0 FE AR AE S0 A . 5
WA = Z, FHR4ESVM EEIS, BEMS S ML SVM R
G WK buiY)

gwﬂwﬁi st. Z(w!'A) > 1 3)
Kb, ZAIERfE R ARFIREARBES . #E—2DF En
sAs e, X (3) Al IR,

£ K,
min|[ W, +y > > £
A i=1j=1
st Z(wlA)>1-£,.£,20
:T:tq:‘, ’)’%%Zﬁ*l%%%% ’ fl]ﬁﬁ&gmﬁio }:y?[/j\’

Fe B e SVM AR (4) 1R LR, i A 21 H
BRI (2) o, AR HA SVM FRER R

“

BLRRIE SRR SRS, R .

E K,
min [ WA - Z |+ o Z], + B[ W ] + 72253,,(5)
o =11
st Z(wlA)>1-£,£,20

Kif, BERTAABE, |WA - Z|) + ol 2], W
AR BIW [, +y > > g, LR A

SVM P SERRAFYE . PARFAE R IO B 6L 75 T 6
FUAFE R 15 SVM PR I0HE 0, RCRHE A
HATRBNE, 5655 B SVM AR I F . 42
B (5) R EERCRI, tu— ik
PV, PRGN T RO . B (5)
IR A A (S SO R 0 AT
VRS S e SRS I AUES (L
UMV T

221 HUEBWSE

[ ER IS (5) HhAsE Z A,
AL W ERLALR AL .

RO T

£ K,
min |[WA = Z ||, + BIW ||, + v > D& "
’ i=1j=1
st Z(wA)=1-£.£,>0.
5] A Lagrange % (Parikh Fl1 Boyd, 2014), #
SEANTR A9 Lagrange J 72 :

L(W.te,)=

WA= 2L +BIWE+y >SS 8-
i=1j=1

iiaﬁ(zq(wi/ij) -1+,

Kb, e FRSEE R, HRARNE, %
& KKT 4 1 (Karush—-Kuhn-Tucker conditions)
(Wud§, 2016), 153 F @AY=+

aL(Wvgvgi,j) AaT
A—ﬁﬁf—zaAWM—ﬂA+%W—
.
S, A12]=0 ®)
i=1lj=1
aL W’ B iy
(aéig)zggw—gu=0 ©)
efzfwa)-1+£)=0 0

WAL (8) —U (10), AT EEA I WHIERY
RIIE A
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222 i
PREE (5) PAERWEHERE, FHETZ
RIPLARERL, .
min [WA - Z |} + o] 2], (11)
SRRl (1), XHELI A ZERP =
Z, R (11) FH T
min|WA = Z[ + a| P + AP - Z], (12)

=
TEZ

X9, A HHE . i ADMM (Alternating Direction
Method of Multipliers) (Parikh FllBoyd, 2014) {ffk
kg, X (12) MR T AT W=
REAATE], R

Z=WA+ AP (13)

P= soft(Z,zoj\) (14)

o, soft(a, b)=sign(a)><max(|a|—b, 0), sign(a)
AT PR

Zid (8) —X (10). KX (13) —=K (14),
ALK th i ry 22 w, BlE S I REA R S A%
A BN A R W X TR AR TR A S
B, HFHMERTFRIR A WB, EARR A SRR Ak 1
iR o iE—2 . R SVM 4328 28 XHRHE WB
rtE B, RBMFEALE S BIRE(E A .
R
A CHREREIGIGEBRA e RN RIFER
FOCIEEIR B e RN
miatk: W, . Z. P, &
Frin I B

EE2N
LW, £ &)

ow

(1) MRHE=C (8) AR 4L

W,
aL(w, &, e, .

(2) KR (9) LIS (a;,Q)
E%ﬁfn,’;

(4) AR (13) HETEH Z;

(5) AR (14) HHETEH P,

HEIAGE

W B

(6) THHAEECIEEIE BFHE WB;

45

B < WS R AR R WL RDGTE RS BIHFAE WB.
2.3 E T DAESHIEREN T %
AL DAES I K R BE A 415 [ 26 5 softmax
SRR R EAE e —E, TR LIS
FUGRARAE, HIE 2R R
mmi i+i%
L, AL UL VASIEARENEREZE (1<
J<J) RO RS A B DL R A AR R, HL A=
Vi A, PIFA, = A; loss,, HKT softmax 73248 1Y
PR RE; o 5 E B ENILSE 8 ks
BB AT, A ME TR (RIS J2)
PR AL, BRI (15) ATl T -
L2 Hgmtis e 50 (16) prgdkm magE=,
min |4, - UVA, | + o |ViA,| -

A - UV/ A,

VA, "1 + Sloss,. (15)

K Vi,

- & A 16
=lr= e

K, A, e R% U, e R, V,e R"¢ (RFIG
SRR TR S RO o B (15)
WiJ-1Z2MiA. U. Vv, (1<j<]J-1) n[HE
I bR AE B L A N 25 I R AR AS, 5 T R
U,. V, BRI (16), M TRAE, 5
NSRS = VA, BB (16) 50T
min |4, - U,v;4, |+als] +x|s-via,] -

K, R V/I;Alk

17
> ;Z‘log ie‘ VA ( )
e I

A, W ERSE. T, ASCES R (17)
DAL R A i A

231 MHEEU,

WERAIEL (17) Frgv,. SAA, WA
FANE U, a0F
min |4, - U,V]A, |, (18)
AT RN A R R
U, = AAV(VIAAY,) (19)

232 MRUHBETES
MEE U, VAER, BRI (17) ATE
mino | S|, + x| S - ViA,[] (20)
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i et Sl MR, R

S = soft(V.,TAj,g’i) 1)

233 RHEEY,

MRS U, M S AR, X (16) AfE N
WA TAEV, B, R
QPWL‘UM“Wi+43‘V“Wi‘

K R V/[ 4,

52210g Re ’v‘ (22)

k=1r=1 PV/r‘AJ‘

s=1

M T
o 1 wvia L ols-vin )
K, via,
5’Zilog i‘e‘ V..A (23)

EXL(V, AR (22) (9 AfReES, HET Y,
PR RN

aLa (V V) _ 2(A,AV, U0, - A, AL, )+
J,
Al v (24)
2w AV, - AST) 45D | 1| x4,
=1 zeV"'A’*

1

S

i

ARG BB T ek, AR v, wlaEad T HORE
Hr, Hl
oL(v,)
v,

ﬁq:“ 0%%7?\‘%2%?‘9 V/:[le’ ijv T VJR]O
2.3.4 DAES $#1E+2 BUM 2% B9 i)l 5 5% B

TN 2R DAES FRAEFEHUM 2%, A SCHE H—F
P BN 2R M o 1 ST I 4% i BB AR 11 o A )
softmax 7 2g8h, #7 KT DAES B & 6% RIS 4
KR, R B ZRRIS T . 7258 —Br
Br, PR 2 IR A SR A SR IIZ5 DAES 4328
FHERET T - 125 softmax JZ, XFER]FH WAL S
PITREE A dug Tl M 2%, 7T A= 2T T - 12 S
A, UV, (I<j<]-1); TEE_prE, Hh
WESE TR BhRlE—BIlgGmmA, TERST
ZEERA, WA =4, RIERIERX (19).,
(21) . (25) Sk, BRIk U,. V,o A3

V,=V, -0

DAES %72 iy b LR R AN 4725 2 TS
A CAEREDCIEEERA e RN REFTER
EOGIEEE B € RV
¥itate: U, v, S
¥ DAES P 45 155 750 5 ) 04 45 1iF i A 2] softmax
y2Ege i, BT DAES 19 8 6 3% KR 25
Ik
IF IR
J-12)
(1) 52 0 U b AR A kI 25
DAES HiEMIRT S - 125 softmax 2 (W B AL S
MIREE H A i 2% ), TR 20T T - 12
E’JU,-\ V, (I1<j<J-1);
YIkbrBe— (Y2 DAES 25T J)2)
(2): W55 T - V205 AR RS T2 0%
/\, A A,=A1_1;
D
(3): M0 (19) TEEEHE J )2 MY

25 B Be — (Il 2k DAES ¥ 2% i

U5
(4): A0 (21) BRI AZ S
L(v,
5): Rt o0 i ga )

I (25) BERTAASARE V)

TEERGE

DB B

(6): % ALk AR BB CIZkM DAES
Mz, RIS HIRHE VB

45

it MREAEFE U, WASFEREV, (1<j<J-1),
EGIE MR BINFFIE VB,

3 SRR A

AT BT B H A SRS T DAES 45 AE 12 By 1k ik
TS 53T o ARPERTSCA AT, SRS HIDAES Ji ik
43 AL SVM 43 28 28 45 E F softmax PRECKFIE, H
fEFRLIL, ARSCEE SRS I DAES Fr MU =
T R 23 51 i A 1 SVM 43 28 25 Fil softmax 43
Je, W R A R AR, HE— 2 M X T gk
Iy REERIAT TN .

3.1 RBEHIESIEMER
2 S0 Wi SR e D' PR A R 2 e i LR
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R IEAT I IAE 5 o3 . — 7T, 1R DG
1% % JH Salinas %4} . Pavia Centre %4} ) & Houston
Bl o Salinas %04 2 b 58 16 4 59 09 T0 A B #5 4010
AVIRIS (Airborne/Visible
Spectrometer) & &A% T RN, FAHEMYZ 3 E N
R JE M Salinas ILAFE -, A& 16 02851, R
SN 224 x 512 % 217, TSR, SIER 20 K
K DA B, b A ) RO 2 OR 1 —2F
152 204 x 256 x 108 K/NAY LK diE . Pavia Centre
B s 2 1 ROSIS  (Reflective Optics System Imaging
Spectrometer) &IRAF TR, 105 M B KA
i (Pavia) HHCHIER, G& 9. NET
SEHy, FBRECE MR B, I NS TR A HER
13 BIRSE R 103 x 365 x 238 (Y245 44 . Houston
B4 J& A NCALM  (Airborne Laser Mapping) JIr &
B, FOB IR R T I 2 A bl M B A X, R
/N 144 % 349 x 1905, 4035 15 HISH. 5 —T5
I, BRI EHRICH T In-Vivo HHB (In-Vivo
Hyperspectral Human Brain) (#g4E , %54 4 2
Hi— BB AREOEIE RERG AT, iRm0
FARGEFE AR LSO . BARAHPLEL 55 400—
1000 nm A GHEVE L, DG HER R 2—3 nm, T4
K 826 IS . In—Vivo HHB udls 2355k A
TRV 36 D CIE RUR NG, FR2H R8RS 441
F QEFAL., Mg M USE %)

R, T R HIFM AR, A
SCAERT T 345 FH AP Fa ke i 5 A /] 7 vk 3 26
iR, PR SR ER B OA (Overall
Accuracy) . “FHEIUERME AA (Average Accuracy) LA
K Kappa 250 BRUERE OA HFiHH IE /325
WG E At FIUERA B AA T2 B 285 19 °F
PUEZE A . Kappa REUEEIE IR E M IEH
Fr e ARSI, B9 R AR S I
TIEE R

32 BHLSMSEE

ALHSRS (ffia, B. y) FIDAES (ff%
o 8) RS TAT XS, HARBIES
WD IRERE . PG, T X e S A T
A, DAMEREE R GG e .. A IR S5,
TSR AN s G B R AT S g A A, e
AERUE, SRR e B R L I
TEH Salinas (5 G 1% EURAE b 28000 b 5 85 1 52

Infrared  Imaging

R, JEFIFHOA. AA LA K Kappa 6 bRt 45 Stk
I Mok, SHMIEIERD (grid search), S%K
a. By, o SHMUETEEIF R (107, 107, 107,
10°, 10', 10*].

3.2.1 SRSHZEHMSHHTEIERE

K2E2 8o, B vy ASFEBUEXT SRS J itk
it (£ OA . AA LA Kappad8hr [) HI52IR £ .
ME 2T IEH, Ba =107 B=10° y= 10"},
OA 5 b5 WL 3 BB 55 K, BV UL B SRS /97 fig £
o Ma< 102, B<10°, y< 102}, OA. AAL
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Fig. 6 Classification maps of different methods on Pavia Centre
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Fig. 7 Classification maps of different methods on Houston
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Table 1 Metric results of different methods on Salinas

1%
RAW EMAP LRDLSR MFASR RPNet SMBN AL SRS AL DAES

VE AR 1 99.9+0.2 100£0.0 100£0.0 100£0.0 99.7+0.0 100£0.0 99.40.1 99.2+0.1
VS AL LR 2 99.0+0.2 100+0.0 100+0.0 100+0.0 99.5+0.2 99.4+0.2 100+0.0 99.6+0.1
PR 1 99.6+0.4 99.4+0.2 99.420.1 100£0.0 99.8+0.1 99.7+0.2 100£0.0 99.7+0.1
PRk 2 98.7+0.7 99.7+0.4 99.3+0.0 100£0.0 100£0.0 100£0.0 100£0.0 100£0.0
RHFih 3 99.9+0.3 99.8+0.4 99.9+0.1 99.5+0.3 98.9+0.2 99.8+0.1 99.6+0.1 99.8+0.1
BAE 99.3%0.3 98.4+0.6 99.3+0.3 99.8+0.3 99.3+0.1 99.620.1 100£0.0 99.8+0.0
Fr 87.5+1.8 84.842.0 82.540.7 99.8+0.3 99.6+0.1 99.6+0.1 100+0.0 99.6+0.1
AT B B g ] 99.4+0.1 97.8+0.6 95.5+0.6 89.4+0.9 93.2+0.6 95.3+0.6 94.4+1.6 96.7+0.9
TEFF R 4 el 96.3+0.7 99.9+0.3 98.8+0.3 99.9+0.0 100+0.0 1000.0 100£0.0 99.7+0.0
FORA SR 1 2 95.8+0.9 100+0.0 100+0.0 98.8+0.4 99.0+0.2 99.1+0.1 99.4+0.1 99.7+0.0
AR AR ASE 100+0.0 100+0.0 100+0.0 99.6+0.3 97.6+0.4 99.6+0.1 99.5+0.0 99.5+0.1
AR5 TR B B A3 96.7+0.8 98.5+0.8 97.7+0.3 99.8+0.4 100+0.0 100+0.0 100+0.0 100+0.0
AR 6 BB A3 96.3+1.1 95.8+0.4 99.0+0.1 99.5+0.1 97.7+0.4 98.5+0.3 99.40.1 97.740.6
AR TR ST A SE 72.02.6 90.9+0.8 84.0+2.8 93.4+1.1 94.8+0.8 95.9+0.7 100+0.0 98.5+0.2
%] 99.120.1 99.3+0.3 98.4+0.3 85.4+3.0 89.1+1.9 94.7+1.2 94.5+1.2 94.6+0.9
] 4 ) T ELA A 97.2+0.5 97.120.3 95.9+1.2 99.8+0.1 99.0+0.1 99.0+0.1 99.1+0.3 99.4+0.1
0A 92.7+1.1 94.6+0.9 92.9+0.7 95.4+0.8 96.6+0.5 98.0+0.2 98.0+0.2 98.3+0.2
W TR bR AA 96.1+0.7 97.6+0.5 96.9+0.4 97.8+0.4 98.0+0.3 98.8+0.2 99.1+0.2 99.0+0.2
Kappa 91.8+1.5 93.9+1.1 92.1+1.1 94.9+1.2 96.3+0.9 97.8+0.6 97.740.5 98.1+0.3
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R2 AEHHEE LT Pavia Centre HIF ERIEMIEIRER

Table 2 Metric results of different methods on Pavia Centre

1%
e eSS
RAW EMAP LRDLSR MFASR RPNet SMBN AR SRS KL DAES
K 73.6%5.0 83.843.0 80.3£2.9. 85.442.9 97.7£1.9 99.5+1.5 100£0.0 99.7+0.4
A 37.849.5 60.9+7.1 62.548.0 75.9+5.1 74.3+4.4 89.242.9 94.6+1.5 92.8+0.9
Wie AR 94.7+3.6 99.7+3.6 99.7+2.8 99.6+1.1 91.1+3.7 75.7%2.1 71.9%1.9 86.4+2.1
% 98.0+3.2 95.9+2.1 99.3+1.3 97.6+2.5 89.1+3.1 99.3%1.9 71.6%5.1 73.3+4.3
i i 70.3+4.4 93.242.9 73.8+3.5 88.6+6.5 99.6+1.5 99.7+1.1 99.4+0.4 92.142.9
it 62.2+8.4 61.148.9 57.945.5 85.2+7.1 98.8+2.7 99.1x1.3 96.5+2.3 97.6+2.1
5522 98.7+3.1 97.6+3.4 97.6+2.4 97.5+2.3 86.0+6.5 81.5+6.5 82.7+4.3 90.1+3.2
i 70.9+5.5 73.7+9.8 85.8+6.7 87.2+4.1 95.8+2.5 94.2+4.6 99.9+0.2 99.7+0.3
e L 85.3+3.3 79.3+6.4 70.1£5.6 86.543.9 95.743.0 100+0.0 94.642.5 93.543.5
0A 86.8+7.4 90.2+8.1 88.3+6.2 93.345.6 95.2+5.0 96.1+3.9 97.4+2.9 97.6+3.0
MR bR AA 76.9+5.1 82.8+5.2 80.8+4.1 89.3+3.7 92.0+3.4 93.1+2.4 90.1+2.0 91.7+2.0
Kappa 80.36.4 86.1+6.7 83.2+5.4 90.1+4.8 93.3+4.1 94.5+2.9 96.3+2.2 96.7+2.3
T IR R RS EE
£3 AESHEE X7 Houston £13E _F HIIEMIEIRE R
Table 3 Maetric results of different methods on Houston
1%
. SR
r RAW EMAP LRDLSR MFASR RPNet SMBN AL SRS AL DAES
HH 1 90.9+0.5 92.9+1.2 95.0+1.1 943422 95.6+1.2 96.7+1.8 97.9+0.9 99.8+0.1
LR ) 99.5+0.1 98.5+1.1 96.8+1.2 98.8+0.2 98.1+0.7 99.3+0.1 99.3+0.1 98.5+0.5
H 3 98.5+0.5 99.3+0.4 99.6+0.2 99.5+0.2 98.5+0.2 99.9+0.0 100+0.0 100+0.0
LEPIN 87.1+1.5 90.1+1.4 90.7+1.9 97.8+0.1 96.3+0.6 94.8+0.8 98.1+0.5 97.5+1.1
fant: 97.320.6 99.2+0.5 96.0+1.3 99.40.1 94.4+0.8 99.0+0.1 99.1+0.3 100£0.0
7K 83.8+0.9 96.1%1.2 96.4+0.4 96.9+0.8 94.1x0.3 96.9+0.9 96.8+0.8 99.0+0.8
g 88.6+1.1 91.5+1.6 95.5+0.4 94.0+1.1 96.0+0.8 98.2+0.9 96.5+0.5 99.2+0.2
Tl X 85.4+1.3 86.5+2.1 83.0£1.1 88.2+1.6 93.9+1.1 90.3%1.3 95.1x0.1 96.4+1.1
TE % 94.9+0.5 89.1+0.9 92.9+0.8 94.620.9 96.8+0.9 94.2+0.8 98.5+0.3 98.9+0.5
N 96.8+1.0 91.1%1.3 95.4+1.9 94.120.8 97.4+0.3 96.0+0.5 98.4+0.1 98.7+0.5
ek 85.7+1.9 94.0+1.4 93.7+1.4 96.920.5 96.2+0.7 97.2+0.5 98.8+0.1 96.5+0.9
=41 80.1+1.6 91.6+0.9 92.1£1.7 93.7+1.3 93.0+0.6 94.9+0.9 96.7+0.2 99.5+0.2
15442 64.0£2.5 77.8+1.8 71.2+2.3 67.4+1.8 76.2+1.1 83.5¢1.1 77.3%1.0 80.322.1
Bk 99.2+0.2 84.5+1.6 97.4+1.8 98.8+0.3 99.0+0.2 99.80.1 99.6+0.1 98.9+0.3
HI3E 92.9+0.9 95.5+0.8 97.3£1.5 97.020.6 97.8+0.6 97.120.3 99.6+0.1 98.7+0.4
0A 90.2+1.8 92.242.4 93.1£2.1 94.6+1.6 95.4+1.1 96.0+1.0 97.3+0.8 97.9+1.0
PR bR AA 89.6+1.0 91.8+1.3 92.9+1.3 94.1+0.8 94.9+0.7 95.9+0.7 96.8+0.3 97.5+0.6
Kappa 89.5+1.5 91.6+2.0 92.5+1.7 94.1+1.2 95.0+0.8 95.6+0.8 97.1+0.6 97.7+0.7
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Fig. 8 Classification maps of different methods on MedHSI No. 015-01
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Fig. 9  Classification maps of different methods on MedHSI No. 020-01
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Table 4 Metric results of different methods on MedHSI No. 015-01
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Fig. 10 Result comparison of the proposed SRS and DAES method with/without embedded classifiers
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Abstract: As an important technique in image interpretation, hyperspectral image (HSI) classification is extensively used in many fields,
such as remote-sensing observation and intelligent medical service. HSI classification may comprise label prediction based on feature
extraction and based on classifiers. Although deep learning can directly obtain the classification results by one step, which is achieved by the
end-to-end network structure from data input to classification result output, they are actually viewed as a direct cascade of both feature
extraction based on deep networks (such as deep autoencoder and convolutional neural network) and classifiers (such as softmax and logistic
regression). Most current classification approaches do not consider the influence of classifiers on feature extraction, which may cause the
incompatibility between the extracted features and the used classifier. This incompatibility is reflected in the poor matching relationship
between the classifier model and its input feature data, leading to poor prediction results. Method To remedy such deficiency, this paper
presents a novel kind of HSI feature-extraction methods embedded by the classifier mechanism, which can ensure the compatibility between
feature extraction and the used classifier. Thus, the features can be more easily calculated by classifier accurately, and classification
prediction results can be improved. Two specific forms are given in this paper. 1) The sparse representation (SR)feature-extraction model
compatible with Support Vector Machine (SVM) classifier is built, which embeds the SVM property into the SR. 2) The deep autoencoder
(DAE) feature-extraction model compatible with softmax classifier is constructed, which integrates the softmax function into DAE network.
We also provide the optimization strategy to obtain the optimal solutions of the SR and DAE models.Results The proposed SR and DAE
models are experimentally evaluated on the remote-sensing HSI data and medical HSI data. The experiments consist of parameter analysis,
algorithm comparison, ablation study, and convergence analysis. According to the parameter analysis, we validate that the values of
important parameters have obvious impact on the performance of our methods and successfully select the best values of these parameters. As
suggested by the algorithm comparison, the proposed methods achieve better classification performance than some state-of-the-art
approaches, which have obvious effectiveness and superiority. The overall accuracy, average accuracy, and Kappa indices in the HSI
classification task are, on average, higher by 5.03%, 5.13%, and 7.30%, respectively. An ablation study is conducted to demonstrate the
effectiveness of the compatibility between feature extraction and the bedded classifiers for the performance improvement of HSI
classification. Convergence analysis indicates that the designed optimization-solution strategy can meet the application requirements of
reliability and rapidity.Conclusion The proposed SR and DAE methods realize good compatibility between feature extraction and classifiers.
Accordingly, the extracted features can be better calculated by classifiers, and more competitive classification performance can be achieved.

Key words: hyperspectral image classification, feature extraction, classifier mechanism, sparse representation, deep autoencoder network
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