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1 51 5

5 6 3% 7% J&%  (Hyperspectral Remote Sensing)
LR E A BRI, BEE AW A 6
RNEIR/EST C I N b | s NIV S o
ol 75 v 63 2 SO Ay 21t 20 i T B 4 AF 5T )
Z— (EPKE E, 2006) . mGikiE &% HSI
(Hyperspectral Image) J& BSOS TE HL B4 I 3% 1)
AN AT IR LLAMFI ZDAM IR, AR AT R
eI SE HDOGE o B A m e R AU (R %
45, 2016) . HSIEL & TR E Ry 4R AT ADETE
SHAFE, HrP R ER T LI 0 5 R E
KRGS Rt iy i i (5K BB F 5K S AR
2005) . PZIGHE S A S HST P RN R B T i
—BDERERHIE , OGS R AE AT ] T U 3 sk 5% T
LA RRRL (Rasti %, 2020) . FGikiE G4
I3 IR 5 G T 1 R AR A BRI N v A G HE Y
— ¥ (5KIB ML E AL, 2013; Bioucas—Dias 55,

rim B HA: 2023-09-19; FIENZR: 2023-11-19

2013), SR LA AL ZRE0E | ST AR A
RN R B 2 R R, HA (AR50
FEEE 2P (SR R G 4%, 2014).

Ak, P2 MBS MHLERE]  WRIE%
DM CIUN-Dn st A e I D
BT R0 2808 (Sabale f1 Jadhav, 2015;
Hong%¢, 2022). {HikSe Wiz Mk EKiEf
FREEFEANT 25 AT U S5, T EL Bl 25 X 26 TR 32 i
O, HWZEINAENSEE L, G mhHRER
AREARMRE L . YHIRSEREARBRR T,
IO W2 5] ) HSI r AR A 5 R AE T
ROHCAE YR 4 b R B b, (R 7E A B ol 4
R (L%, 2019), HEETZERS
ik E B B T, RBUR B bR iC B
JEAEH RMERY o R R I R R AR
PRICAEA TS E L KA, AR IC )
AR R HIR, BEERH . BREAENERNE,

EEWE: HEARPAIES (45 U22B2014,62101072) ;s WIH 4 H AR EE4 (45 :20211J40570)
F—EEE N BA U5 ED R R R IE S5 HT . E-mail: hnuyangx@hnu.edu.cn
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e T RIR B 23 (6] R 2 A8 g, % — it
T R BT A AR T AT AR I B R, AR
S b B A BE A S AR T XS N2 PRt ] BE AE
R B i E IR T A bR v D B e e T 1RO
FIHE DL T U ZR— TR BB R AR W AH A I TS ) —
PR

T A T R R s R AR DT vk, AR
B B AR L X B s AT IR . X RO B
52 AN BE AR SR SR B, S REA ALY
EH RN G SRR Z M C R, T,
PO R~ RAE AR ) 1 Tz A . P2
o AR e B A o) DA TE AR A A ) g
CHESLT AR, SRJE X e R AR TOILR
— ARSI L, L A gt g, HERR A
i L5 45 (Zhao %5, 2021), Ykt 2L ik
HE R AR ACAC W 28 S8 O R R AR T
GRUF R FRAE SR IO 28 )5 i b — o328, TEA AR
R BN S M 4 o XM B IE A2 ) AL
PAE T AT AR TR, T RUA R
PRic B AT A B2k, RmERLERE. SR,
PINGRAT 55 F1 R AR S5 AR A FfE 25 5 R XL AT
SMERESE) , MM ORI ) Z M sE A, HE
PNSREE R 22 0 HK, X S607 0 T B Il 24
A WEING B, AN b Johs 2%k
ARG, IFABETE > 2N Zrad A vh 2o {2 b
A ERAG BN S r AR, T DU 2 s 2 X
R E .

2 W 53 2 (] P P A A 25 B dis R T 25 KL
R R A, Hh S BN A
P 25 FE A R 4 /Y TC B 48 A AS AR D I 2k B
(Zhou %5, 2018) o Wi 73 28Ty Th 2 AL T M [ 36
S B ARICAE AR FNTCARICFEAS TR R AR 25 8] | B 42
AR, T R A TCARICAEAS BE BE i S8 B 1Y
iR B R AR, T LA A W A s I R i
A H A W4 a972 /LG8 71 (Padmanabha Reddy 5% ,
2018). FeMRGEita B 22 R, R E KL
g3 R VAR R e o] (WRR oy B ~)
(transductive learning) (Wechsler 5%, 2004). %%
270 2 Qb PRAEASFEA S 1] v i AT 25 5 R A £ dls
AT N2 h AR B REAR R bR 25, HE
B S PO AR N R A i 28 AR 2 (L B bR 2%
PERESE) o G2 > W) Hh BRAE A2 6] N 245 5 1Y
INZREAE , AN ZRBds i AT 2RAR 28 R RE A T

RARZ R BIFEAT N SR, AT I 285 48 v T2k
PREEFEBIR RS . B 28z T Tk
(Cao%§, 2022; Long%¥, 2023; YangZ¥, 2021a).
CARKEH (Gao%F, 20215 Zhao %, 2022a; Zhou
%, 2022a) . EEE BT (Lopes %, 20225 Zhou
45 2022b; Flores %5, 2022 ). 4l %5 L Fhsmihg,
RN, GG R B B S T
A NUE H By . W8BT3 1T 2 808 1Y 5
BAEEA DA ECHE AR A 1 [a) 8, AR SCXF
AR R G 18 G AR A W B 4 R W T 0 i
1T 78R, BEINS T ORI

2 mLTE G R IR

21 BREEREHNIIRE

F 20 T2 80 AEAXHT, 3 15 it Joy Mot < e o 5
B % 4R OGS ARG & 5, AR SE R 5 —
AT 2% R AL (AIS-1) (Goetz 55, 1985) .
HG, ORI S AR DCIE AL s s m]
WCILLAMEAZAL (AVIRIS) (Green %, 1998),
sed i MOz — (XA, 2021).

55 = ARy v FE A A {08 B o A R R O AL
B (FTHSD), HHEEAUY 35 kg GEUFEMART
¥, 2007), JGiEIHER N 2—10 nm, FIEH]TEE
AL OBZL %, 2019) . £ 1982 4F ] 2000 4F
W), V52 E ZOAE AT R S BB,
&R 5 1 AZ 5 AL FLI (Fluorescence Line
Imager) (Gower %, 1988) . /NEUALZEREIE 51X
CASI  (Compact Airborne Spectrographic Imager)
(McFee s, 1997), F&ERHLE SRR
% ROSIS (Reflective Optics Spectrographic Imaging
System) (Kunkel %5, 1991). HHT, w6k aiiz
FOARGE) Tz AL, i OKHE Hy Vista 24
A A B 2R S 4 A HyMap  (Lucas 45,
(2008), ZE[E HaedWall 2 F B % [ Nano—Hyperspec |
Micro—Hyperspec Ext—VNIR %6 & 1] 7= fit  (Yuen
Richardson, 2010), 2¥ = Specim N KD ]
Specim ImSpector FEREAY (JanZs, 2008).

[l 9T 20 22 80 4R P S 1Tt L O 1A
AR AR, HETC B & E PR T (EKE
G, 2016) o R AL A AR AR KA D ik T
GO EIEAL (SLPIS) (FR4H 45, 2008), #fiddsC
ABOETEA (PHD) &5 (B %, 2020) . S5
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B A A OIS AL (OMIS) R (X 4R 4E 45
2002), &4 PR ARG (C-HRIS) (&3
BE, 2000) ZEZFEAL, 20024F “HMT =5 K
A b o HER UGG S T2, ki E
Bkt B B AN A R ARG A K
(BB 5, 2006). AL, morfis BA (GF-5)
T 2018 4F WL ) & 5ft, 2 tH S A S X A
25 A W ) 4 B m s TR (3BHK, 2018).
B PN D S TR A 44 LR BR LA < 2R —
5 oL E (R %, 2019), HAETE S
SR LI RN . BLAh, AR TFAER G S
BEFT . A Al B R R A Mk e R AR Y ok
et BT WU T 2023 4E 52 SR O & 5, %
TR 4 R A 5L ot R e A el TR
B

22 EREERNATR

F 20 T2 80 4EAR I LISk, FIHIJETE AR Ak
7 b 3 R — B — NI BRI F G 40k, 124
1k, Ebs L E A 20080 1z B H T4 Fh
g E R e, R IR A MGE R
I T PR A I A5 A

A 18 SR O SR - MR U
AAEE L RIEAER, TR i i i A
Y1 1 RBEIA) o FE b b R R WE O 5 i, ST Rk
(Chaudhri ¢, 2019) 3&F HSIXF A&k AR T 2
PEAT5325;5 Chen (2022¢) Wit SRER
FEIERIE S, N T E A B A2 WS
AT B O EG H T A HBE 55 R AR AL
KW (Crowson %5, 2019; XuZ%%, 2019); Li%%
(2022a) {7 FH =5 135 1 18 0 T A B A X, JF
FH BT 2 Hh B TR B 2 ) B R G I FL AR fb . A,
1R T 1 SRR L 3 3 R AT B S R
PRI I ] LS 3 6 A R B 4 oT 2R ORS 20 Ak 45
(Rajesh, 2004). FCMWFFRBIER T &Gk B A
P W IR A 1, Tripathi Al Garg (2023)
TE A BN B M X, TR R T 2R
BTk BRItk Ah, HSLIEHE 12 BT [ SRk &
(Modzelewska 2%, 2020) . VA EREI (Grotte
a52022) 4

FEAARIE IR TT I, =G 18 T DA AL g
JEIE . RN AT B DL R H AR A S A
FARATEAEIME S (Meng %, 2020), HHEA LR

SEVPN AR A B OGS i, Zhang 55 (2013) )
FH 3 32 G AR T T 5% [ R VG BE 25 3 43 b X
A PLR . B, A BBRADR -
Meng 55 (2021) X4 (2023) FIHH GF-5 1L
A3 T BRI B P AT X
HZEIRZER . TabanZE (2018) M Sentinel-2 T3 2
KA T B B i) —Alh =45 1 i e ik R R R, O
FHUR B 45 B b 2 ) 24 BF 9 2 4 1k - b 2 55 R
gy 2. Li 58 (2020b) #2 i — R IR & CNN A
transformer A 2244, FH M w358 1l DX A8 1E 9 43
%%, Bharathi %F (2022) ¥ HSI H T L+ FMEY)
M2 o Pryzant 58 (2017) H8&H T —AFH
e G T RGO B2 R AR 27 ) R Tt 5 2 AR 1L
/N B R R PIAESE . Mu%E (2019) HhiEH T
— A H CNN M\ Z B[] 2 78 G Al o F 46 /N2 7
EMIT . BRILZ AN, WFIEE AT K O R
& TAYEY AL #4326 (Laliberte 45, 2011) . 4
K B W (Sandino %5, 2018) . ¥ e K
(Abdulridha %%, 2020) . FRFRAE Py o0 B FIA Tl 45
£ (Modzelewska %, 2020) %%,

FEIR T PR BRI T, o 1 R S O
T fh 28 R TR G RS ERAE IR R AR K R . KRR
SRR THLZ . Cai 5 (2022a) &G I5
TR A BRVT. = A YN o 1L ol Tl i DS BHl ORI L
o ) BOE R VRN R T VT 4 A K B o Zhang 5§
(2022b) $i B — B R T v 3 A3 2% o AL 3R IS
i 1 o3 P R R I, DT 20 285 M D 3k T 7K
o Cai % (2023) U FH s G B s s i Kk 75
AR i B s e ~N A0 | P10 Sy N W5, % s ARV W TTI
Elcoroaristizabal 5 (2021) %54 HSTESL T2 =5
MRS BURL Y 9 )59, Zhou % (2023) i i HSI
ST KA Bk B2 ARk, A5 IR 5 SE BRI 45
R, XL IAT DO T B IR B WA R
WD 25 22 5 T B A4 L S AT A Rl o
3mSR IR 2 AR

Fe G R AR 0 IAT 55 S G 8 G AR
A BRI — S E AR5, HH MR G i
AR B — MR E XN 2, TR 8 GEAR
ST Z N, SR (Khan 5%,
2022) , HEE4rHT (Lin 55, 2022), k17 8 &
(Cavalli, 2021) %, fESEPRR A, T 6iE
TG bR IC e LRI, i RS KA R
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Fric FEAR + 43 i B (Camps—Valls 5%, 2007) .
W, T Ar A 2 B 03 2 T R A i R G R
B0 AT 55 O TR B N S TR PSS s (Wang
45, 2014),

H IR 2 fe R A B o 2 AR Y 3R
2, #7204 904E M, Merz4F (1992) f 42
PR = S S . BE)S, Joachims 5 (1999)
P& 2 W B SRR AL Dempster 55 (1997) 4%
TR A BRI B KBk G, 4810 TR
KPW B KIrik. BEENLARE T ITERNLRE,

Blum % (2004) 2 T H/hEIE (Mincut), K
V4 EE I T g SSLI T, esh, WFoE & 142
FR2EAEHE B (Zhu Fl Ghahramani, 2002) . [&]
2 M 4 (Scarselli 28, 2005) . Tri—training (Zhou
FILi, 2005). Co—Forest (LifllZhou, 2007) %)
oo AR, EIBRMZ (Kipf 1 Welling, 2017)
Fe B A AT PT I 2% (Odena, 2016) 4575151
BUS T RIFARCR . BRR T2 B 2R
K.

EOy b |

)
=
I
e

1 2 3]
} 1990s

* *

2000s 2010s >

% [ P SR AL B PREAL RS P
& T S
L EREZ Y ki 4 Bl | Graph Convolutional
% ffa i1 | Network(GCN)
H Vil ¥
bz . ST A AAL T WL Graph Neural i
' Networks(GCN)
S e s
— Y%

2 F k %
X - EATRAER 4 ®
i 5 [~ g R | ORI
i ity vl

77 %

o Co-Forest

B B RAR R ke K

Fig. 1 Development of semi supervised classification algorithm

B 3T R T AR R R ORI AR A I
ARARCAEATERIEZS ) F BT R (Pise FI
Kulkarn, 2008), fEHE 732 iA 3 4% A2k
AR HE ST TFE (A2 > HbRZ B R (G
Holk %, 2009) - F WO
Assumption) . A (Cluster Assumption) FIfE
B (Manifold Assumption) (Zhu, 2008). &
VB BRI S, B 20T AR
R ATk, BTl (R 1Y
TIEMFET R 750k, RN 2 s o

(Smoothness

3.1 REESEE

I B2 )k B TR e e, HZO
AR 22N TR FEAR R BN G d bR 4, (il
15 807 11 R0 43 J5 0 TR R e oK Ak (R R R AR
2020) . N3 Fran, L1 FEE € 1 50l RO TE
AREA, SREOM TR TR BEREA, R X
e B A (R 285 R DI, AR B 1k 1 R SR 3 B
LTz b o LR A IR B 40 BvE 2 A Ik
RG22 2 05, IR 1R
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B | H IR 19 5 2 AR R B 5 A Bl b
— —— Jr, AR TSR Y T EAT IS MO BRI
] HAAAHS Ky
i [j ERE BN ARRERAREL = (v, »), (5 5) -,
% _ﬁiﬁﬁkygt (xL, yL); %$ﬁgﬁ$$U=(xi5 x;a tty xl)
& AR ORI 4% . N N —
% " Wtk AR Y, v s v
?ﬁl 1 repeat:
g P ZHEE FHA BREREA LI ZRAR R m
% BREERES ‘ for x1 e U
- B ) T e ) .
A m 35 TC bR 25 R AR 2 1Y B AR E
- m(x');
T BRI 4t ifm(x') > 6 then
7| m ‘| B (x', ¥ ) IMAEAREREALE L;
PRI 1 2% i
enail
B2 2B a2k end for
Fig. 2 Semi-supervised classification algorithm . N e
Untile U P T A B G KT 0,
LB LTV e R[N ERGI oY L A B s D O N i S el = 2
- AT DR, IS 255 R IR S e RN Gk AR
FEH I A SRS IR R, (A5 2R PERE R I .
. PRt A GRS e — A LR, e
[ ]
" A, IARFRICFEA A BT S8 B O bR S
[ ]
¢ X U1 G aod A v A T 8 BOAR A 12 B P AT
[ )
o . Phbric, BB ff P 7 S0 T TS A Dh bR 2 prad
L Kl . Wang %5 (2014) 78 HIIZA P 5]A T A
oEFER omEER R LI ST, SRR A R A A BT 24U 6 A %
R BRREELNE 3 \ S
. f“d ‘@Eﬁn”%l N RN 22 UL B R 2 A WA, Zou %
1g. ow density segmentation algorithm N N . . N =
i e i (2018) AN B, 2R 1A T e 8 A
®1 EEBEHEE 5O B FEART AN PR , 1 5 AS WG in Oh As 2 4
Table 1 Low density segmentation method AR, EHEREHEEEEEEAR 0.5, FEE X
It Sk st &4 AR, Zhang % (2022a) 2 HURVRE 2% ) X D bR 2
WﬁﬁﬁgﬁﬂM: S (B ASTE N, K5 U G B e 5 72 10 Y
N Zhang % ,2020b;Fan - . . PN . .
R 5 2000 Sngh 5. mehpcn  UEROURER, AR VI AR ETRRL, SRR,
s W 2020sWE20205 SRMEN  PERRS HA BRI ARES) o 8 mGIE AR A
i Wiﬁ’mim S TIR BLATHT  Zhang 45 (2020b) 41T —Fh3ETF MG HE R AL
- K (Dopido %, MR | ) N yay A
A e b e EFAEEIE Was (Q018) BT RS
Al y . N - NN I
B bing % 20000 BOR AW BT 4SS s FangZE (2020) 42 i
T s v e, VRURS, IR RIS, X 2Ty AR o X 5 O
& ruzzone N =3 y : Sk " ~ . o P . . T .
f{% 2006: sorin AL 91T USSR TR RO T OhER B Y
fogp o 20200 B e A, Wu% (2020) I F 250 ot R 2
igﬁg — oM AR REAR S BCONPRZS, IR EME N
G T NS 2 i) — 0 S 24 T 0 97 43 R 5 432 1 B
w e W P Rl

g, AROIFET B . Fang % (2022) 4
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th—FE 522 Irik, LAEBRMES DhAR% . Wang
A (2023) &R MOV B TT I, %7
2 Sl — o3 B X B A [ /N o3 B
s G T RHR BEAT 20 T2 3 5], B HARIC R 3R AR
SRRy RIGIRE SR, AR R .

ST AL R I, R 1k
PO R AR R, BESEE (TR 5 HA S R A
4545 o Dopido % (2013) 3%~ 51 AB A I
GRAET, B S g N IR R L g —
PLAR S H., BEIEAS B A 3 NARAT A9 g 16 4R P b £
HARSAEEREA, LS (2018a) 4&HPR
HIZRH AR S XA IR & PR A 25 5 X
Oy AR AT AR . ARG T A VIR
BOrE e B g 2 2oy R, (RS A
BEMFHEER . L, Singh % (2020) i —
Tt T B S 0 2 AR AR U R G TG R B R IR
SRR RS A REREARIG Z A R
Rl o2 dn, PR ksl R A A, LAk
fm B bR o BRILZAh, Lufs (2016) &R
TS BAR R IR R IO %, S —Fh 2 IR
GRS A ) Bk o O D ) Ak B DI i Y
BRAaEg, JFaE F e RN, Gl PrE
23 [A]— G 3 {7 B ok FU e e b5 45 01 A sh e e fe Ay
BUFEA . Ding %% (2022a) #2417 —F0 T KM
P 1R G T 1R B AR R IS B SR R O AR M1 [
B AT, %5 BT A IR0 s B 3R 2k
R BRI R 2 S E Y
BEHEE IS TR IRCR

B g ) WS WL P A B L A 45 I R
B . W R BE R, K5
T 38 K5 P A Y B 45 (Vapnik F Izmailov, 2021),
XA 7 2 ) FH R A5 1 AR BRI 2R T oA
PRic pIARIC . S 51 AB 8 sy, 2 55e )
I E AT A WA, XA RES TR .
B 1) B 5o ) 7 VR AL A B T SRR ) B AL TSVM
(Transductive SVM) F13& T E AR &AL FE 5.1% LPA
(Label Propagation Algorithm) (Zhu il Ghahramani,
2002)

i 2 RF 1 AL Vapnik 55 (1999) i i 42
, BIFFEE AR ) TSVM AR B S A 1) S ALY i A
S ATHAFAE Q00 2 BORBE AR 25 15 J2 A9 AR 14 55
FH# (Guyon 5, 2002). Hik, #F5TH A8 &
I T3 W B S HE Il i AL (Astorino A1 Fuduli,

2015), P s o B S Rem AL (Qi S,
2012), SR SCRem L (Shi %, 2011),
i 1 U fE e W B S HRp 1) ML (Fan 5, 2011) 4§
EZ UGl R

PR B AL 1R T 2 — PP L T B i 522 o 4R
R BUR (V€1 TE Sk i i I o )
RARICHI S o LPA WK A J5 75 V5 S B0 bR 2 i) 1% 7
FELEHIB TR (BaidE, 2020). LPAIfE#AJEE
TR A A B v A R . MRS, JFHonT
DL B AR 4 . SR, AR e I R A
FOT o BRI A A5 (SRR TN 55, 2013).

BT g ) B, BRRCE AR I 2 R e
F %, BruzzoneZ§ (2006) RICE N B Gk kG
P4 — R ET B TSVM, B63F T TSVM A B T M
F G AR T ) ARAR IS TR I B . Huang 55
(2021) & T —F R AR 3R /A e 1T Rt
T AR I i R 2 2 T . E Liu 6
(2021) ., Dong % (2022) J Liu%§ (2022a) %53C
Bk, TR AL IR AL L T GCN A1 CNN fl
B TE— I 4% v 0 S R 12 B3 5 B LR TR
JERRAE . (H X5 vk I Ghoad B2 75 20K 42 R A0 4B 4%
R FVREAE R PR e A s A, MELLR G
W, RIEEEE AR E &, IS TR
BECHE . (Hamilton %5, 2017) SCHR ) EIREA FI
E 4 GraphSAGE fift o 1T 4= A LI 25 07 75315
B2 E RS, Yang & (2021b) 1 SE ¥
GraphSAGE 5] A HSIZ32E, Jf8&R Ttk —2s [l 1A
J& SAGE (S2GraphSAGE) #.ik. ZJ5, Ding %%
(2021) FIHZREEBR, BIKTIHEERE,
Ding% (2022b) %54 GraphSAGE FliE: L, 4%
T EREARERAERE (SAGE-A), #idiEEN
il 2 5 T GraphSAGE M RFESEHLEE J7 o A 5 iRl
AR B AR B X 53 28 5 Al R (R AE, Zhong
& (2022) R —F B A E—2 BITAM T
IZ 7 R AR 2% S T AR 25, ] LABK 15 Si b
ZAGHE ki e bR . FIRMR R Z M %+
KAEMECIE—2s [ &, H kA 7 ny RAPEDE
o SLIREERERW, HPRcmRERMB LS (B
MEIFRICRZE N3, 5E104y) B, Frigih pss:
T HA A 275
32 ERKXFE

Az 1 X T i A i A s o A — 3, AR [
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— AR AN, SRR S BRI R RS s R T4
ARBMER, e R R R R A AR %
MSE eI R B AR U, Fe T A il
AP E BRI Tk FEAA PR B S AR

(AutoEncoders) (Gogna Fll Majumdar, 2016) Fl4
AT P 25 GAN  (Generative Adversarial Networks )
(Odena, 2016) (£2),

®2 ERAFTERRUEEE

Table 2 Representative algorithms for generative methods

Fik ik e e
SCHik (Pande F1 Banerjee , 2020 ; Feng 25,2020
EEars FCBR(Pande #l Banerjee, 2020; Feng % WA et 4 e Y REre
Teloglu Al Aptoula, 2021 ; Jia 55, 2022a)
SCHik (Zhan %5 ,2018; Liang %5, 2020,2021 ; _ G AR FaE , 55 BRI
o A 4 " e R RRRA .

Wang%—“,20211),2022;Zh0ng£‘?,2021 ;)

I A )

FI & B 45 2 — ol H 2 D g 00 i B 45 2 1 1% 45
t (& 4), Gt F T s 2 A0 AT 46 il I 24
BURFAE , i B 25 B AR A 0 RRAE B I R SRR 15 5
28 3k I 2 A fef 2 B % % J 1 8008 -5 W00 B R8T =2 1]
M EHRZERD (Vincent 55, 2010), W A 4
i5#% (Gogna Fll Majumdar, 2016) 7EA4: pUAKRZERAIE
HITRIIN 58 bR 25 b4, BERE I AR 25 DL K bR
B EAE B S
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Fig. 4  AutoEncoders structure

TERRFILEA T 1T, Pande Al Banerjee (2020)
PEH—Fh A Shgmid e (3D ResAE), i 3D £ FLA
B 22 Yol w4 HSURFIERCE BV 4E 2 1], A 3o At
BTGS2 [ 4FE, 7E Indian pines Fll Salinas B
LS T R0 KB . 1 Feng & (2020)
W 23X g LA ER TP, 320 X0 S0 A TR
WEB Ry S U E i a4 ih), 4w 1R SR
KRBT o Teloglu % (2021) X4t Jr Rtk ,

$i th P B R Z A S g aS 5 %, IR T
2 I A 2 R VR o2 o BB WE S A i i T |
AHZ IR MRS E A g dy, Caids (2022¢)
M EHE Z B e B R, R0 —FE E 451 A
Gl o 1207 ¥R SR T 45 0 1 AR i 2R B H G
MEsE B T M4, 5% EES 0 KRG I,
WAL SRR GG . A, IREERR T Z
FIBERISERG S5 5 71 Jia (2022a) 21 T —F e
BT 4 % i A8 2 D 46 1) BB W 2%, 3K
LIRS TS RIRCR .

PRAEA OB 28 T R AL, — )
fe D, T X ELREARE A 55— R
BeAs G, T AR B AS AW B 50 4% (Radford
4, 2016). GANYIZDWRAS N
BIAN: AWEREAREL = (2, y,), (% 72), o+,
(200 71)s
Fyth: ARAR G, FBIEs D

foriZ Lk ¥n =1, 2, -

for 55 k5 do

FET AT MRS 1A p (2) IRBUEFEFEA Z
= {2, 2, e, 2y BETANSCAERMEEAX =
xly a, eeexms SRR BRECERTADN G D SHL

end for

ST R A p (2) SRR REAR Z=
{z', 2%, -, 2"

R A G S

end for

Ffif5, Odena (2016) #2Hi 2 WaB A Bt it )
%% SGAN (Semi-supervised Generative Adversarial
Networks) o SGAN (Y YI Zrid # 5 GAN &ML, {HIg
T AL B R, BARERAE R AR GAN 45k

, Ndo;
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PREL TR I A —AEAY  JEH e I, FE I Rt AR
rh R AR e B 29 Ao PR B /Mb . AR LT
Az AR, AR O I 2% fig il A T A A A
AN, B R A Sy ) DR AR
B5 R, GANWAFTEAWCEL . i 15t 0] A4S
BT A MRS (Wang 25, 2017).

Zhan 5% (2018) &IT 75— T —4E GAN
HESLH T HSI A W B o3 2 i, i HESR S T
HSI 2GR A S8R S AR PRI i =
FEAE RN R, Az s mT LA i S0 B A
LA B GRS, TS ) AL TRRAE, 7T LA
FH /b i b 0 AR AR X i O 1S B AT A 25 . B
GANs FURERY R T, Wang 2% (2021b) #2417
— B ADGAN, 7] B 24 A o sy D' 15 J8st (5 Al
A A8, Zhong % (2021) T4 H —Fh ¥
SR PR O BT, B R RO T R
BARFEARNT M . R EINREHSENM, %k
1) S B A T30 3 X T S G AE A A 20, B
AR T RS SENA M, IR T R
F, X GANFEESR IO L 1 R BRPE,  Liang 55
(2020) 4 T — B0 T [ 7 AR W 4 A BN
U2 F] T2 B HSLr2E , %05 R T o) B4 i
AR R BAR R B A 225 5 X
AR, R A RO REAR 2%
S, W s A KR R R LR AR 7 AR
ME PR IR SRS g, DA S Ak nE . AR A
MDA, Liang %% (2021) 2 H 3T GAN 155 5
Uity P 2 W B 1 2 ()R B RIS O v, A
Tt A A FE A . Wang 85 AR H 3L T 38 A9 X
ik e B 2, SeEL TR SR AR B A 2 A X 5
KAz AL tEfE (Wang 55, 2022),

33 ETHK(ERME)WFEESE

331 ZHEFS

BT B RINEMH 28, FIaRZ
[F] 1) 20 50 A AR iC B A A OB, R fR] Il
2 (co—training) (Blum F1 Mitchell, 1998) {24t
Xof 22 A0 V1 B A g M B B R R SRR R ]
ZA e dn R I 20 s 2R A7 0 28, R T
AN TR) 73 2 i B 0% 22 VA5 R B 0 B R AT 0
BRI AHELP G B BCHE A, JF AR R K 2 0
Jo BB SR TR oy e, AR = A R RE

PRI 57 v 1Y 2 B 2 2R R T B2 (Zhou
FILi, 2007), HAWCHSN
WA BAREREAE L=(<x), 21>, y,),
(<als af>, y) EAREREARE U={ <4, 4>, <
x, 5>, e, <xl, xi>’};
R W ANTE
gz ive /[ SURNRIIE§F
T PR 1 S E s
B R
P RHLT
By yKARh, b,
MU H BEDLAER s D FEAE 122 vt D,
U=UWD,;
for j =1, 2 /SR ARESAEAR
L={(xh y)I(< (2l 27)>, y)eL)
end for
fort=1, 2, ==, T do
for j=1, 2 do
b= L) TR B b, b
Pt p A E BIBHE RE RS OREAR D, C D4
PRAE n A S EAR BE T AEA D, C D
H1 D A ARG IE D], DA bR TC B Bl
D =D N(D,UD,);
end for
if hy, h, AR %ML then
Break
else
for j=1, 2 do
D, =D,N(D,UD,);
end for
M D, T BELIIE 2p + 20 DMFEAIIA D, 5
end if
end for
BT B O vk U BRI A 0 A 2 2%
WLREH D 52 BB B . Bl 2k R BSCTE O 1 A
PR R] RS2 , 27 ) O A TR B A 200, B kAl
ARXF IS | A Y RO ) HARR A E Ik 3
AN 1 R NS R T P S | B S L vl
i 3 B [ 2 on] AR B R AR IC AR A RE 55 00 2 4% 1Y
FEEEHE T (Darnstadt 55, 2014) o {HALE B 5470
SEEAE BT 55 vl R AR R L PP RE SR TT
TEEEE A ATAK (Grolman 55, 2022).
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Table 3 Representative algorithm for semi supervised classification of hyperspectral remote sensing images based on

divergence (Difference)

WiRS Sk P e

ZHE SCHR(Zhang 45 ,2020a; Huang 55,2022 ; Feng 55,2022 ; Cai 55, PRI FERIAR X 52, {3 N

. e N TR B

2] 2022b; Xu %,2022) B

gl?ﬁll‘[g‘] RN - A Ern Ay S A 3 S LA A =y B = -
SCHk (Cui 45,2017, 425 45,2018 0u%F,2019; Wang %5 ,2021a) BRI 2R el e 7 A DR A 2 UK

%2

B, il 44 16 U A% ELR ST 1) 13 D6 1 4 JR e
G RL T R EANT A S XAy ik
{OKs Z2 A A0 L ) R i 2R 17 3 5 ok 4 3 o 4 450 1)
(M, Feng (2022) $2H—Fh Z KIS % |]
FROESEHCS G 0 o0 5 0 RHESR . iy ik it
WP L )m i m (EMAPs) . K & kA4 56 B
(GLCM) F1 Gabor $# BU AN [] H b2 (B 44, F
IS BHRRE SR BT AR 2 LR B 2, SRR 2
PGS ZS [ ¢ 1E . Huang 55 (2022) £ 2 R
AR 2R 40 ERN B 1M G 1) e 1 B2 AR O 28
] Z WK BT F o BURRE A, BF5E 3 T 4R
RTERTEDFINAUE LR T E . Cai %
(2022b) £&H—FAHE R B T Gabor Y Z LA
e N T RIS E BRI 2SI TERER
T AR BT AE T T/ 19 Gabor FRAF$2 B 19 7
J1o Li%F (2020a) $EHIETFWAE—GRE—HEG
R ME E3h52], WERPOGERSG . i
F . Gk —aS RS 2 RIRERY, Zhang
& (2020a) $2iH—A A SN EE T 2K E 8
2, DL L )R R o R 2 A . Xu A
(2022) ¥ ZOE LSS & F o wkns, it —
Pl UMEAR A 2 5 SRR, JE R —Fh iR —
SR ZIEIRME . X LTy kA O 1 IR R
MBI IR T R RIRICR
332 BEfEE3

1325 T2 M ERE B 280y, R EA
T AL R A, AR AR 1 5 IR A5 W] LA
o AN ] A B50H Kb B 5 1R R oy ol 2 LB AR, SR
JE M Z B 97 . Nigam 25 (2002) #F98 K30,
TERR A0 AR K JE M A R R i I TR R
BF, BENLAYIE S AR o Z RS, DRI 2
A DA AR A oAk R s SR e FL A g 45 [,
P40 43 - B A X6 A 2 4 0 ORG B 42 T ke 31 B i 2K

Wo Zhou M1 Li (2005) 2 T “ =K%k
%7 1R A I 2R A v A
3SR, A TN 3 o2, R
X 3T 28R IO L7 A i ic A .
Li Al Zhou (2007) 42 i T W [A] £ 4k 3% (Co-
Forest) , %7 MG = RNk i 3440 2888 HET
BHEZ NI B TFoREEnmn, &
FBORF S A5 Z M R s/, B, 7E7 >
o R T 2 R 22 5 5] A BL R bk o s
1E. Duf§ (2011) SEEAFIT SR, FEPIALEL
MARICREASES (B A 5 58 2 U 2 IR
B, TR A E M E R . RIS Ie S
B R IEA SRR, A PA R IC R
A, AT MR A 2N RS F RS . TR
FUSHISE R, RS ERH RN A £
R, AT 5595 2] s Z Tl HAT W3 o (el
225, RIVRT3E i AR B A O BRI AR AR 1 O ok
Tz A kRe .

TE DG 8 B AR B e, BTl
L 2 W B 0 28 O 1 R B B IR A R 43 2 2
(I FEPE R 22 S PE . CuiZs (2017) 4R FRZEFE
ABCRABRES, AR IIGAE 28 Z G = B
ZREVER IR, $5 0 22 R A4 2848 R T
KM Z AR, WA RON 2 RHEE . S
(2018) #&—FfEH 4 A F B 432585 PIAS
SVM, — A KIEAE (KNN) LA K — A Bl HL 7% Ak
(RF), i1 2882t RAEARSHEA
5 TOR 25 FE AR B 1R R NN AR S A7 bR 25 4 A 2 T
MBI S5, B T HEARR S22 %M. OufF
(2019) 48 H R I 1E D) Ak Jeg 35 40 331l e A O 5 1064 7
S PURIEAS EPRE, JFAG & 3 FhOAN [ JEfl 73 25 2%
AR FifE TR S 3 0 ) ik A LR B Fisher 4] 51 23 B
TR AFAE 0 5 S E A 04 0] B . Wang 45
(2021c) HE /N I S 1 A B S = I ZRABE TR X6 9 Fp

(Tri—training) 7



MR 5 ROCIEIBEGEBOR I 1 T it 29

PAZ R OGS AR ST R, ZOTEAME
A2 UM M A TE bR 4, M2 LA 70 248 1Y
DG A B 22 54 R FI MR R = A5 20 Y DL
BB T 20 MR, 9 M As 5™ F gl
HiRTIESOR SR
34 ETEMAE
HSLiE A & R B, BB 4E kW
o (IR HST 3R J 2 AT LUK i 4R i 46
FIR) S5, DT REAR AR B2, ol /D 4R E 25 [ 1) 2 2%
PEo HWK, IR RS TR RERS A AR b4 42 21 Bl
PR RZ AR, I HAEB IR R R Z 0
HYAHEAE AR B o TAH QAR 2R Z 8] 14 2 8] ¢ Z2 %)
SRR BRI . e, EIRFRRITE
FVFIEARRBIR R Z R L 4, I A vr 5 B 7E
AE RE BT #E . X S AR BRI il & AN [
REZERER, DU G 52 B b g gn # -
SRR AR, TR M 3 2K 7 R TE HSI
73 28 A0 2 B O B 22 i SCTE RNz N (A
A, 2021
PR R S — R LR LT IR A2 M B 5
%, HAOWAS
BN : AWREREAREL= (2, v,), (00 72), oo
(w0 v.)s TFREREARLEU = o), 2, -, ) HWE
o TS a;
iy TCARBEREAREMIIRE ' 5w /b
PIGAR SR Y, AR AR 1,
TOREA Sy 05 BE T 1 5 12 A I 2 8 o R A5 48 4%
HRE W, T WAETRS G F = D'"WD ™",
repeat
F+1D)=aF(t)+(1 -a)Y;
B RPRICFEAR UM IR i Y =
F(u)/sum(F(u));
t=t+1;
until FZEARIEL
Fifi 5 Pl 4 25 M 4% GNN - (Graph Neural Networks)
(Scarselli 55, 2005) LDLRHRESER 24, w8 T
— U P B B L TR 22 Y % R BT LA
g aZs, RIEAERML | KRR RIZE | &4 ™
IR RS M, Hop, KBRS TE &G
BRI RAT 55 T R O R E AR . &

& BRI 24 v ] 4 B /IS T A AR e A R A o
B A% FH T AR RROL AT 250 R HL0 85, TRt
RE 721 1Y 3 N e o T A5 v AN BT g 2K i i B
(I

Pl 5 B 25 AR J5F Bruna 5% (2014), H
YA R RSB g, IR g
PSS TIE SR M2, SR, YR Y
ZHF, %7 SRR R ] 5 2% B A0 A .
MiJ5, Defferrard % (2016) #2H T ChebNet, P}
] 52 2 B BRAR B M. fEBL LAl B, Kipf #1
Welling (2017) FFH— iz Lk — 2L {t ChebNet
S RERAE, R R EIMGE T E 2k,
BEAb, TR0 1 T 3 AR 28 I 4% TG 7k Ak B H 4
FCP WAL B, Hamilton 45 (2017) #2H T
GraphSAGE 51k .

TE 5 615 8 B AR 43 25 1 A B 4% 5 ik v
HWAE TR, @R RS s, HE
(A 3 7 IR oy et e A G L B A, I
35 1 L2 15 B 5 B 540 1) SRR D ) 4 2%
PEBE (Dong %%, 2011). EBAkUL, ARHE R &AW
FERY AT LK S50 77 75 KB ARl B DL R4
RN AR M LUBARE S E R rE: (
T& 4, 2023) HAAERMERERIMER 4R, Hf,
PUF AR AR R AE S 0 U2 e (A B E e i s O =K
H R T 5 6 8 G R B 2 N HA R 25 1 4K
P, PROCAE AR TR B B AR G R, HE T A I 4B 4%
ke, HTEGREE. B SCONAE (Qin
8E, 2019) 38 A 15 3 ] A R) FE B ROG I Ry
fE2E5r, AR . BifS, BRCEAI8E IR
Ji CNN (Shahraki Fll Prasad, 2019). & H 4%
(Sellami Z¢ , 2022) . GraphSAGE (Yang &
2021b) 2575 AARBURRAE LU AR 00 4 . LT A1
PIAEAR, Guo®F (2021) BRI k7s W] HE 2
T R AE 22 5 43 ST AN R WSR3 0E 1, A
SRR TSRS B, BRI TR R 2y
BE o AT DL A SR MR 7, Mou 4
(2020) $2& H—Fp AR L A A0 F2 0 e 1 JEL B, g
PR ] AR G FEASWT AL SR P . Liu 55
(2022b) 2 H 3 3o 4 25 ) 28 S 4R B HSIT ) 25 (7] (B3
fFE. N T /NG R IR, BF58 &1
WAHAEE S (BaiZs, 2022) ., &2 XiEEHHLH
(Cai F1 Wei, 2020) %5720 HSIAb B,
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Table 4 Representative Algorithm for Semi supervised Classification of Hyperspectral Remote Sensing Images

Based on Graphs
) HAik
% EL T AR

ik Km RE Tk AR

. . HUCKOEIEE B M RGEESIABRSE WalieL, IERE

S*GCN(Qin%%:,2019) . - N
LI WAz IA] fuy VER 2R )

AT i Sk (Shahraki #l Prasad ,2019; Yang 28 ,2021b;

® R(Shahraki F Prasad, 2019; Yang % B . T Z b S P
#* Guo 45,2021 ;Sellami il Tabbone , 2022)
A A Ja i 1 2 UK 1% &
. ~local GCN(Mou % ,2020 TR R 0 PRI A A0 4 0 o Y S T
4 ﬁj")ﬁ[‘[ﬂjﬂﬁ non—loca ( OU%F ) ﬁ)\hﬁL‘tﬁEf&«M}?%ﬁﬁ 5] Ikﬁ ﬁ?}j,’ﬁ?ﬁ:ﬁﬁ,ﬁ
R L) SCHR(Cai F1 Wei, 2022 ; Bai 45, AR A UL, Il I 7 25 B ) V) 125 () 2 2

2022;Liu %,2022h) SR e BRI LI 2k

A BB, 2RISR R %

\ MDGCN(Wan%,2020) TeEAR AL 2tk
D ek " FEAE DLl 2ity
& 3l 3 ; 3 A
1% " SCHR(Yang 25,2022 Jia % ,2022D) BRI R AR R R /5 g ﬁ@?ﬁ FIS R 2
- MELLRIE
N . B T 5 AR R R, VI ok, AR
H CAD-GCN(Wan%§,2021) o ) ] . . s -
w5 ke SCHL TR FE BRSBTSk
T R o PR I I 25 ) 2

SCHik (Zhang 5, 2022¢)

BAQHE A I AR R R A, T
BRSO A T

JRAE L DR 2015 5 A8 T 2 fRT B S
B2 5 ik 1 B RS R A B e, RS2
SR BB 2 HST A R/ N B K. AT
fiff P ax — ) {8, F 5T 4 DA 2T SOk
HEZGH, BERREFIRHOO, HiE . SES
YRFAE R BL B AH SR 15 24 B A AN B R e, 1%y
VA R R RS R OR R R AR R A
LI/ NTAR Z B . Wan%s (2020) fig 42 )
FHAB G R AR R B2 M4 )7 % MDGCN . %7 ¥
H K & 43 #) 535 SLIC (Simple Linear Iterative
Clustering) $RBOGTEALLE , HR GG TS A B K
23 [ E B R R R R A WBIR R A, KK
AT R R SRR Xt A E R 2 ST
QR 50 T AR R L A B0 45 44 i R BR A
AL T 6 i S AP A B0 X35 2 i) Ay A+ S
T A $EL HST A9 25 8] L F SC 45 . Yang %5
(2022) #H7—F DNAGSIHEZR , ZHESRAE 1 —
JEREE—A s AR R S5, IF A R R X
S AN [ 2 1 BRI 2540 S5 00 R IR 25 A B . e 4b,
Jia % (2022b) RE THREXHDABEG R KN E 45
¥, B GIGCN B vkl ol @l A AR T 2 9 1R 36 L
(45 S ok kA 2 RUEE 28 3 AR AE . SR, IXREE
MR 2R A B, SR KRR BRI T

e T B AR A R . R, AR EAT]
THRRR SRR BRIk, KRG HIH
I A & m AL FE . Wan 56 (2021) $2iH
T MR REHN T SCUEASE GON (CAD-
GCN) Jrifskesf ) B S Z M B FSUfE B .
TR e T AR DG R 2 ) — AR A R R
Mo BfJE, 7R BB S ALZM R, X2
A T o 2 o o m E AT AR R A R AL
EMS-GCN (Zhang %5, 2022¢) J5 ¥ [l £ 7E M)
HKNFATBRE F R, AR AENE, X
P T ik 4 45 R vl AT A S fifl, B R X4
TR, BT, Hoa R ny il 44
FELERRMESE .

AR Al P AR A A 28 0 T LK 24 i
AR RNPIZE, A3 Ry s ) 3 R 4 B R T
IG5k . 28 I B B R 2 N 4% LS T
TR A B R E LR BT, L, #BiEE
REW, E LABAXT R Ho5F (2022) 3@
GNN X HIAE A A ] (X IR 0B AT AR 2 2T, SRR
FEAR Z BARBUR 28 DGR RRAE . BLAh, Wil %k
%M (EdgeConv) 44 A GNN. Zhao (2022b) 7Ef%
%51 GCN W 4% Hiix A T & transformer M 45 . 35 45,
(1) T A5 FEU M 22 I 28 DA B A5 5 Ak B ) o 5 | A i
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ar, DAORE SCEIG BRI H A I S 1 4K
22 5LA . Shahraki Fl Prasad (2019) & J64& A1
SRS P Sl =PI SR T e ) =
Qin %F (2019) #2£H T S2GCN B3k, %A el i
K-JE 48 (KNN) #4935 —AE, BHR R AR Y S
PEAT AL B, AR5 ARG A AR A% 2 22 18] (1) 25 8] F1 G 1%
5 ECRFH GCN #E 4744k . Wang (2021a) 42T
—Fp I F EI BRSNS (GCBN) [ Wi HSI
Kok, HABHMZALAE S . Chen % (2022b)
P T R 2Z E BN Y (DRGCN), $2HL
THE R RN A RE . MSSGU B LR T 29
ABAR R L5HI B U-Net, BB HMEBIEER S
JEIEN i Z R KRR Z REFE (Liu
45 2022b),

Li % (2018b) WF5R4E i GCNAFFELN T ) .
(1) 2P W By A bR 2S5 it 2, GON kg
DA B EN TR, 550, UG /N
R QR A SRS, MRt A W A R R
(2) RJZM GCN W25 AN HE K Bl A% 3 45 4515 B
(ZGOBTE, 70 ERAZ BPRE R ) Ry bR 284y
SOE B R BETE /N I AR I8, AN fg S s R
FREEEE . (3) IRIZM GON W45 2 380 JE
W, BRSSP RRIE T AR . R R
PR B — 2 ER s I  fF B A 7E—i, Hrh
A BEALAE ANAH OG5 A, B 2 AN [m] 2675 A
FEAE ) A AT o

EF X GCN Ty 7 4 3 R B3 P HA S T A T
AME, ChenF (2022a) #2ih 7 —Fh ASIEIF 6
TR 2% 2 W B Y Siamese W 25 A 3] GCNs Hl
HSIC M %%, SEBLE 9 H 8l 2% >0 fn 8l 45 53T .
Zhang 55 (2022¢) $2 i T — b i 3] 3y 1) R 45 B 1R
I GCNHEZLFHF HSI 4328, A RCFHBIR RN
B JR T S A5 B EF X R ik R A 5 B
T (BT ERRET 80 A SA R,
ANBEA RN HI e 5 [ . Ding % (2022a) 4211
— T [ BNEFS 37 208 i &8 R0 R SCR R
2T 1 2 W B A7 R A % R b 2 I 2% T HST 43
XK ZIEBIAT A B 851 2 58 i 28 ok A
STk uE ARk B T GNN, 48— 4h .

Bt 0 3 T T o R oy P [ A R — 2
P, WFFEE AN RN B b 28 0 4 5 LA R B
BERUAH A A TR A B RL Ak . fildn, 7E WFCG
Bk (Mads, 2022) Figit 7 —NHEHAWD 5L

IR, 5% —3ET CGATIREGEB R ZERE, 4337
TIIE T ONNAR IR R FHIE, IR BB RAR R
1238 25 W 28 AT INAUCRRE R &, SE 80 1 XK R B
REEFRAE AR . i, Liu% (2022a) R T
O figk R T FH A B ol 2 o0 246 i ] o 2 T 4% 11 Jmg PR
PE, 2 T FDGC. 5 WFCG 535 R, FDGCH
V2 v P 28 0 2% P R A R Dl i B R T Y
ZEAAE R, T CNN DBl R 52 1B Dt 1 B & rp o
A2 KA %5 3% 5 B . CEGCN (Liu %, 2021) W
A 1o 2 B AL i B PET 2354, ORE NN AT GON 4 5] —
AR 28 s X 8T 43 ) R A [ 0 S 4
SRS ] S BURRAE , 5 Hy R E Rl 2 JBC s ) ] P Ay
Tk, SR AN B 2 AN [F) 28 R KRR A EE )5 2 A 7T
T, Li%E (2022b) AE4E H — R [FIBLY Pp
YEIZVEMY GSANet 51, % B I5 1 S5 A AT CNN 42
WS T REAE B S R PG B 45 3 — 2D R e zs
25K (5 B o XA EMEZ ER A BN S T &
TG EIREAR K MMEE . Bl TEIAT
CNN, GSANet VLT 28 Z A bR HEA 1 A5
RIYINZ5
3.5 BRAFREENL
V= AR R R R, AT
Indian Pines (IP) , Pavia University (PU) #0
Houston2013 %48 4 b b A7505: . Hdp, [RIEF, &
WA T 3R E 0 IR R R LB R Bk
FIERE, LG SR ERE OA (Overall Accuracy) .
BT B2 AA (Average Accuracy) F1 Kappa
R R TR LS B AP, A A
&1 vh BEAIL Bk 32 30 S AR 4 15 3R AR A I 2
(R AN L 30, MIFEHLPRIE 151 R, TRR
BERBIURIPAG L RE
PR A R e RE, FRAT LA 10 Fh AL
SSRN (Mei %8, 2019) . Spectral Former (Hong/gf,
2022) ., LapSVM (Chen%¥, 2014). 3DAES (Jia%§,
2022). HSGAN (Zhan%¥, 2018). SSGPN (Xi%f,
2021). MD-GCN (Wan%§, 2020). XGPN (Xi%%,
2023). CAD-GCN (Wan%§, 2021), WFCG (Dong
45 02022), Hirfr, SSRN. SpectralFormer%%’EX
22 7 LapSVM J& IR %5 B 73 #1345 ; 3DAES,
HSGAN J&: i B A U585 5 SSGPN, MD-GCN,
XGPN., CAD-GCN. WFCG 2T R, #5—
79 R T AN R B EAE Indian Pines (IP), Pavia
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University (PU) Fl1 Houston2013 % #& 45 I i) 2 &
4k

W R S—R T HPER AT UKL, WFCG Rk
TE Indian Pines, Pavia University Fll Houston2013 %§
Yot ARG T iR R AR, X AT RESE N
PRI B B A REU 22 000 0% 0 1 12 5 ) 0 4% 4
B A e R B R A Ry 25 (R B . R, 2
TR 2 B 3 28 07 YRR LA B 2R T 1
AL ARCR X AT AR R D RIS Al UR]HIAE
ASTA] 8 5 2 FAR AR 488, A5 AL A R AR B 4
MR N EZE R FIAR (I

&5 XtIndian Pines(IP) ¥R &£ EETH
Table S quantitively evaluation for the Indian Pines

(IP) dataset
1%

#&7 %t Houston2013 iR &M EEITEM

Table 7 quantitively evaluation for the Houston

Tk 0A AA Kappa
SSAN 84.26+0.51 91.82+0.20 82.28+0.57
SpectralFormer 72.55+0.89 82.55+0.72 68.93+0.97
LapSVM 65.33+0.68 70.92+0.97 60.09+0.73
HSGAN 69.22+2.43 78.66+2.17 65.37+2.69
3DAES 74.35+0.44 84.73+0.43 71.15+0.48
SSGPN 76.03+0.51 85.07+0.70 72.76+0.58
MD-GCN 93.47+0.38 96.24+0.21 92.55+0.43
XGPN 89.54+0.77 96.87+00.43 88.18+0.51
CAD-GCN 94.13+0.78 96.38+0.35 93.29+0.88
WFCG 95.58+0.99 97.64+0.39 94.97+1.12

%6 XfPavia University (PU) #iE £/ E2E M
Table 6 quantitively evaluation for the Pavia University
(PU) dataset

1%
YIRS 0A AA Kappa

SSAN 96.91+0.30 96.12+0.30 96.56+0.34
SpectralFormer  92.76+0.41 89.09+0.65 91.90+0.46
LapSVM 69.87+0.44 75.43+0.82 62.07+0.57
HSGAN 90.93+1.68 93.18+1.45 87.37+2.24
3DAES 93.64+0.40 91.47+0.36 92.93+0.44
SSGPN 94.61+0.27 92.20+0.31 93.96+0.30
MD-GCN 95.68+0.22 93.15+0.28 94.25+0.29
XGPN 97.34+0.28 96.29+0.21 97.03+0.32
CAD-GCN 95.68+0.22 93.15+0.28 94.28+0.29
WFCG 99.20+0.34 99.33+0.27 99.09+0.39

2013 dataset
1%
WIRPS 0A AA Kappa
SSAN 90.04+0.56 91.55+0.42 89.23+0.60
SpectralFormer 88.19+0.52 88.02+0.41 87.22+0.61
LapSVM 67.38+0.67 73.95+0.96 65.79+0.76
HSGAN 85.46+1.57 87.51+2.63 83.11+2.56
3DAES 87.89+0.37 88.78+0.33 86.91+0.37
SSGPN 86.46+0.47 88.38+0.50 88.38+0.50
MD-GCN 91.40+0.92 92.37+0.89 90.70+1.00
XGPN 90.82+0.39 92.46+0.27 90.07+0.46
CAD-GCN 92.51+0.53 93.57+0.41 92.21+0.36
WFCG 97.78+1.02 99.04+0.37 91.53+1.13
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Abstract: Hyperspectral remote sensing technology has been widely used in remote sensing, agriculture, geological exploration, and other
fields, and hyperspectral image classification is one of the most important research directions. Benefiting from sufficient label information,
supervised learning has achieved good results in this field. However, in many practical applications of hyperspectral remote sensing images,
sufficient label samples are difficult to obtain. One of the most important reasons is the widespread use of hyperspectral remote sensing
technology, which produces huge amounts of unlabeled data. Another is the high cost of labeling. Meanwhile, unsupervised learning cannot
accurately cluster unknown data, and its clustering categories are to match to real categories. Both supervised and unsupervised learning
have their unavoidable disadvantages. Therefore, semi-supervised learning that uses a large number of unlabeled samples and a small
number of labeled samples should be explored. In recent years, significant progress has been made in the semi supervised classification of
hyperspectral remote sensing images. Researchers have proposed many innovative algorithms and technologies to address the problem of
insufficient data annotation. This article reviews the progress of the semi supervised classification research on hyperspectral remote sensing
images in recent years, discussing key technologies and methods.

This paper starts with semi-supervised classification and hyperspectral remote sensing technologies. First, the first part of this paper
introduces some basic concepts of semi-supervised learning, including semi-supervised and unsupervised learning, supervised learning, and
the application of semi-supervised learning. The second part introduces the development of hyperspectral remote sensing imaging
technology domestically and internationally and the application of hyperspectral remote sensing in various fields, such as land and resource
surveys, agriculture and forestry remote sensing, and urban environmental monitoring. Second, the three basic assumptions of the theory,
process, and data distribution of semi-supervised learning are analyzed, and four typical types are introduced: low-density separation,
generative, disagreement-based (difference-based), and graph-based methods. The algorithm flow and core ideas of each method are
introduced in detail. The summarized current development status, typical algorithms, and research progress of hyperspectral remote sensing
image classification are analyzed. Further, the advantages and disadvantages of each algorithm are enumerated. Then, common open-source
algorithms were compared on three publicly available datasets, namely, Indian Pines, Pavia University, and Houston 2013. Finally, by
analyzing existing semi-supervised learning technologies and experimental results, the challenging problems and development trends of
semi-supervised learning in hyperspectral remote sensing are summarized.

The graph-based semi-supervised classification method performs better than other semi-supervised classification methods, which may
be because the graph model can model the relationship and similarity between samples, connect similar samples, and capture the intrinsic
structure and similarity in a dataset.

Semi-supervised learning can efficiently utilize both labeled data and unlabeled data. The future development trend of semi-supervised
classification is mainly in three aspects: how to effectively use a large number of unlabeled samples; how to fully consider multiple factors,
such as performance and computational complexity; and how to select features. These aspects will affect the stability, generalization,
practicability, and performance of the algorithm.
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