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Abstract

Abstract

Due to the advantages of image-spectrum merging characteristics and abundant
spectral-spatial information inherent in the hyperspectral image (HSI), the HSI classifi-
cation techniques have played an irreplaceable role in various application areas such as
geological prospecting, smart agriculture, ecological protection and camouflage detec-
tion, etc. Especially, during the 14th Five-Year Plan period of important strategic op-
portunities for pushing forward the modernization of agriculture and rural areas and the
innovation of new-type urban areas in our country, the landcover classification tech-
niques based on hyperspectral images have important application value in the crop yield
prediction, agricultural production allocation, urban infrastructure planning and devel-
opment control, etc. However, due to the uncertainty of imaging conditions, the com-
plexity of the image acquisition area and the difference in the size and distribution in-
formation of ground object, the HSI techniques are still confronted with some challeng-
es in the practical applications: the hyperspectral imaging conditions which is suscepti-
ble to external disturbance causes the uncertain spectral information, resulting in the
difficulty for the essential manifold structure mining and the discriminative landcover
feature extraction; the limited labeled sample set caused by the difficulty in labeling the
ground object leads to the underfitting hyerspectral classification model and the inaccu-
rate classification result for different categories of landcovers; when it comes to the
complex imaging scenarios with multiple kinds of ground objects and distribution
structure, the HSI classification tasks suffers from the incomplete feature representation
and the inaccurate classification results due to the lack of elevation information. To ad-
dress these problems, this thesis starts with the analysis of data characteristics in the
HSIs and the deep study of extracting the multidimensional landcover features with in-
ter-class distinguishing ability based on the joint use of spectral-spatial information, on
this basis, and the research on HSI classification methods for the small sample set con-
dition and LiDAR-assisted situation is conducted respectively. The main research con-
tent of the thesis includes the following parts.

In view of alleviating the disturbtion to category recognition caused by the spectral
information uncertainy in the HSIs, a spectral-spatial feature extraction based on
high-reliable neighborhood structure is generated in this thesis. Through a new distance
metric in the proposed method which incorporates spectral bands, texture features and
geographical information simultaneously to reduce the reconstruction error and con-
struct the high-reliable neighborhood structure, the inherent manifold structure of the
landcovers in the same category is revealed and the spectral-spatial features are obtained
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to discriminate different classes of landcovers. The experiment results on several hy-
perspectral classification tasks in different scenarios show that the proposed method
could effectively strengthen the aggregation of the same-class samples and the separa-
tion of different classes of samples in the feature space, hence, improve the accuracy of
land cover classification.

In order to alleviate the difficulty in ground-object identification under the limited
semantic information condition, this thesis presents an HSI classification method to
tackle the small labeled sample size problem with semisupervised learning and multiple
information fusion. On the basis of the previous research, the pseudo-labeled samples
with high-quality would be automatically chosen from the unlabeled data by
step-by-step screening based on the joint use of the class label information and
high-reliable neighborhood structure. Then, the close relationships hidden in multiple
information of the same-class samples are dug out and introduced to adaptively realize
the label category amendment by the semantic information consistency in local homo-
geneous area, which further enhancing the landcover classification accuracy. The ex-
perimental results and model anlysis show that the proposed method could boost the
classification performance and help mitigate the negative influence from small-sized
sample set to the practical applications of the hyperspectral image interpretation.

Aiming at the problem of the imperfect landcover information representation in the
HSIs and the difficulty in heterogeneous elevation information fusion and natural fea-
ture extraction, a novel hyperspectral classification method which aided by LiDAR data
is investigated in this thesis by use of multi-view feature learning and multi-level in-
formation fusion. First, owing to previous research, considering that the same-attribute
spatial information among the multi-source data reveals the similar content representa-
tion, the multi-source multi-view data are re-expressed based on multiple attributes of
spatial information inherent in the multi-source data. Then, a multi-branch dual-channel
graph convolutional networks model is designed for extracting multi-view feature rep-
resentations with diversity and complementarity to deal with the problem of the weak
class discrimination in the single-view feature representation. Meanwhile, a progres-
sively high-confidence label assignment scheme is proposed to classify the landcovers,
benefiting from an organic integration of the complementary advantages in different
levels of information fusion. Comparative experiments validate the effectiveness of the
proposed method in multi-source heterogeneous information fusion and the accuracy
boosting in the hyperspectral classification tasks with the aid of elevation information.

Keywords: hyperspectral image classification, spectral-spatial features, manifold struc-

ture, sample augmentation, multi-source data fusion
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PEAENT, W TRV 250 2 4ERF A A BRI 7 RIS |, 185
BE— B IRRNFEA LA N B GG B 2 A, 3o (R R ) 9 AR5 B A ORI
JEPERETFWT T, SEBUARICAE AR AT 0 T BIRE AT 78 9 G5 AN R S0 A 1 73 25
258 W), 1A LiDAR E 4 BT i me ik B 0 RAE55, W2 R
5B B RO SRS A ) A BURFAE B3R IOV, M B B IE AT S R R 2
VR A ) o A s FERERA b, S0 — B IR TR A 1 T R
T i 1 R G BB A AN SR, AT HE ST R ) T RE SRR AR A 4
JS7 FH AR S o

1.2 ERSMAZ IR
A B e T IR P N e R I R R R RS, SRR S TR S & T
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FNEE, MW BECA . INEA SRR S Y5 B A i B 55 = AN 7 T B A 11
IS B RO AT A BRI 0 BT D T BESRIRVE, AT THI A R DTS R AE
SR Ay R TEIAR, AW S NFEARSEAE, AU FRICFEAR 78 RGBT B E G
853 RITIHAT IR B 7347
1.2.1 SXTEEREARLZRITNK
B B\ A EARE S HLEEBOGIE ORI DK, & ER SR 56 A PR,

Jefa Bt T 2 PN SR B LA RO R OB AN, 32 EAEE SR [ [ MM
R R R B T 2 e g A< i S 6 = L 8 TS WG/ 404 B O 15 X CAirborne
Visible/Infrared ImagingSpectrometer, AVIRIS) 31, fjiZ= K ITRES Research A @]
H NI 15 6 4. (Compact Airborne Spectrographic Imager, CASI) [141,
1 = 3 65 22 e A% 6 151X (Reflective Optics System Imaging Spectrometer,
ROSIS) MIFIZ52% Specim 2w il i (1) 8 F LA B O IEX (Airborne Imaging
Spectrometer for Applications, AISA) Eagle R F1|1161DL K LK FI] 7 48 Bl o' HEL 2 =] A 7=
IRLER A3 A% 61 A (Hyperspectral Mapper, HyMap) 17145, X SEH 3% 15 6 1%
POANF N A A B E T BT GG i EEOR 7 I PIAT M, FFAE R K AR s
Aot 358 53 A RIR 2 R R SR AU A T — e BB g o R B HEOR Y P T
L EAE B AL m DG ORI, BEJE A Z A RO,
SOHARTT R T OGS Bol TE £ H 5 2 ) S RS BB O T A (Operational
Modular Imaging Spectrometer, OMIS) FI 1 G B A 244 3% B A+ 20 m 6 i s 4%

(Pushbroom Hyperspectral Imager, PHID) 181, 3t — Dafil 1 HL AL A i i
Bif% Z4t (Airborne Thermal-Infrared Hyperspectral Imaging System, ATHIS) AT [7]
7 B W RGN 2 A B OGS 1 CAirborne Multi-modality Imaging
Spectrometer, AMMIS) U8, te4b, 384G v [ RF 22 B 35 22 AS # WS P B 7
FIT ) 8153 1 20 UG ' T AR G 22 D' 27 hs B HLOYT BT I AR 28 KA T 4R 30 B
JEREAY,  IX— R [ = ARG A B T, RO R T T 1 X R 0 0 )
IR, WHES) T i R R & U Y & . K 1-1 RoR T EN
SR RABOGIE AN F E S, NSRS ZH0mT LLE B im0 g o6ig1x
HA UKD 6HE o3 22 A T 1l By L, R8s S ) B 6 S0 R R X 73 1 it
AEEARYE o 7E S POHLE S G A SO B () Bkt B, 58 23 ZE i 9 sk
3% T 2000 RS T MightySat 11 BEIFFHEE 1 1 &2 T B350 BRI
o8 L R e e e A5G 15X (Fourier Transform Hyperspectral Imager, FTHSD),
W85 T [FAE RS T R 3 i s il g0t 51X Hyperion F 't ik U BROULIN 1 2
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EO-12Y, R4, BRZTRKRS 7RSS 5 PR 8B I61E . (Compact High
Resolution Imaging Spectrometer, CHRIS) [1] PROBA-1 T 2181, #e4% [6] i 3R 3=
TS A 2 M REEHE, B LRI 7 S [ T e A g s R X O U A P
EFE2 1

£ 1-1 ENAMILE R DG U A E Z R bR I S 300 E

Table 1-1 Main technical parameter comparison of airborne hyperspectral imaging spectrometers
at home and abroad

T R W ML F1 TFOV

fds ik

SR (um) LI (nm) (mrad)
AVIRIS 0.36-2.45 224 10 1.0
CASI 0.36-1.05 144 2.4 1.2
HyMap  0.45-2.5 126 15 2.0
OMIS 0.4-12.5 128 10 3.0
PHI 0.4-0.85 244 5 1.5
0425 64/256 (VNIR) 9.6/2.4 (VNIR) 0.125/0.25 (VNIR)
AMMIS 8-12.5 512 (SWIR) 3 (SWIR) 0.5 (SWIR)
140 (TIR) 32 (TIR) 1 (TIR)

WAk, B Zu(E BAEE. RMRAMM ST mEEE N H RN, & E
R AR A1) 5 S8 7 A 0F A ] 2 FH 45088 P v 0 T L D2, B R AR A 2 il
SR STHY Resurs BHYR A B PR BORA 0] 1 2019 A5 H /NG 1E g 1
/2 (PRecursore IperSpettrale della Missione Applicativa, PRISMA ) FlI4& [ i 2= i R
HOLAE 2022 ARSI A [E 5 RS G i /K 2 A (Environmental Mapping and
Analysis Program, EnMAP) 221, S @ KYGH . 2 HFRMRE RN LR 2, &
[ - 2008 SRS 1 #EHUF AL AR m G T U FTHSI 03 1 5 B &, L&
T2 HIAZ O R BEHOR R, AH Ak BT R T A BT WA I £ A e G AR AL
(Advanced Hyperspectral Imager, AHSD MR E RN S T2 (FJH—5 02D)
PLE EGIE SR S0 PR (RBaTS 02 B, KIS T ASHE., ARVIR
S8 20 N FH AU rPOs HOUL I S s PR B R R T, IR HERE 120 s UL I - K 7
LIRS AL, FENLEIALL AN ED GG BBOEIE I ATHIS HIEAR A R A,
E T T 2020 Dt 1 23 8] & FRELAN R B EDGIE BUR A, EIREEIL T
WALAME B moiE g, BB R T mob B EEORE R F R AR
ol AN U B2 R S AU RV S5 N . 2R 1-2 B T A AN R B DG T B O
BZ O & BHERZSE, 463K 1-1 PINLEEBOGIS LT LS HAT LA, 3R
] = i R R B APR, E A KO T, BT RS S 6 1
GG A B SO SR B R SRR Tk B[ AP e i /K, A ROtk 74 TR F
Fo b oG T BRI B 7 oK
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12 WHREHEDLIERGO G SHER
Table 1-2 Parameter information of typical spaceborne hyperspectral imagers

3 B 42 Fx FTHSI Hyperion CHRIS PRISMA EnMAP AHSI
B A MightySat I EO-1 PROBA-1 PRISMA GermanHS &4 550242
E=x EH E3ES| WK 25 ) = RA 1 ] Fp ]
FIEVERE (um) 0.45-0.95 0.4-2.5 0.4-1.05 0.4-2.5 0.42-2.45 0.45-2.5
e 3 1 %L 115 220 150 237 228 330
s 4 10 12511 b 6.5 (VNIR) 5 (VNIR)
HAE T B (nm) - 10 (SWIR) 10 (SWIR)
&% (km) 50 7.7 13 30 30 60
ZE[E 4 HEE (m) 100 30 25-50 30 30 30

2023 £F 11 H, REE EHENZERE SRS AIT, RakAfi 7 (HHE
M2 RAE BRHL AR 5k By (2023)) A1 A5 2 bR e i
(2023)) B4, Hrb TR AR 2022 R, FRE REIEK TR BRI E AR Ok
B KT, JEOWER TR PR SRR, TR A4
XFHBALIAR &, AR T m e R AT 1 R4 R . A, FRREE 2
N BEATC AN SR HE RS 2T AL G g R Gt hos ik,
A A o/ TR e P (Y R AT R AR AN AR AR B B4, SR T HERAE RGBS
A H B 4 KA AR BE 7 138 AR IR R 40 Bt B E UM w1 R 4%
ARA PR F T AL = i g R 50 HY-9010 FFEHTFE A =] I AWML =
WRB ARG SF500, IXAMUZEAR 1 A% STHLEEE BB T 6 X UL S i PR
G A e S5 R, HL ] A R R AR AR 2O AR T A R R I AE S, e SRIEI
PR A g HE R N T B B E . LR EPNE, SR A R AT & A
P8 BB RN =G ER I A AL SRR A 7 AR AR R, IR CAERRAR . UK
NEEAETAAG R AT . AW )22 4 A2 B AR ] 35 S8 YA A
HR TR (1 R FE A S LA B [ AR T IR I 2 N S TR 21 12 IR

1.2.2 SIE EGFIE RN 53 K= IR
1.2.2.1. FETHIE/ZEEBNELIEEIRFHER I 75 £ RIK

TS B P DTS B RERE S Wt ) R A PEAI A BE Ty, (RS 5 32 AR
FAFRA IR M AT SEIA R R, (A [ 2R ) B Pt 1 e 2l
F M AN R S W ' dh 2 el — e LSS 13 MRy mT X ik, i
PG b 02 B4 U2 RE G it st ) 2 [) o A A AR S5 M S5 5 i, T 2R & A T v
TR S S IEE R, AR RE IR B A RUE B RIS SR B 2 i P R s )
TEF IR, J SEL i B Jm 22 0 ) B BRI AN BOR R B0l B i et i
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B E S AFAEE MR BRI i . B 4E R K (5 BRI =S5 Rr i, S RE
BB FITIEIFAE T ao e B, IR AE A =t i AR A A B3R FH 20 T
EEEWNIIE? Tt
FLI R RFAE SR BT V5 £ AR b TR DG R OG5 BT R B, S

754 F 543 BT (Principal Component Analysis, PCA )P, 5z /)N i 43 B AR #4301
RIARFF R AN (Neighborhood Preserving Embedding, NPE) PR J& 5B 2k 14 1 7 43

(Local Fisher’s Discriminant Analysis, LFDA ) B2, 48 5 45 & 57 ¢ [/ &= AL (Support
Vector Machines, SVM) 331, BEFLARH# (Random Forest, RF) P4, k #T4f4rJ5%%

(k-Nearest Neighbor, ANN) F1iZ#&[] )5 (Multinomial Logistic Regression, MLR) 3]
oA, SCULHWVA SR M R AR e . BhAh, IO — I T A R S RN R G 1
FRAESR I 1%, IR L7533 00 ' vl i [ 9 1 — S8 Bk AT 21 & B 0 is 545 5
W RIS FEECRE, W1H— AR #5520 (Normalized Difference Vegetation Index,
NDVD) BOL 54k 22 43 K A F a7 - A T g 4R 20385, IR IX e e i R AIE
MO Is EAR R E L, AR JGVE RO TR AE BANHA E X H) X 4 1) T4, R
F T RR VG A R 2 . =5 R BN [RS8 (R A AT SR B HS 5 ANAH TR] A K
N TARFAZE ) 73 A S5 2 AV RE I, BIF 9T N 03 R FE s v B 2 2 1 2 T A5 R
ST o, H LIS AR BT IR 2 @ VERITE R E (Extended
Multi-attribute Profiles, EMAP) 391, Jk & £ 4= 45 B%: (Gray Level Co-occurrence Matrix,
GLCM) M1 Gabor JEJH#14 . J&¥# — {61k (Local Binary Pattern, LBP) M2FIAAR
JEMEHITEFAE (Invariant Attribute Profiles, IAPs) 3145, X Bb 77 vEREms il 2 /= i
BUZ Rty J LA S 4 TAR AN SO S5 AN [R] 77 T R Re P, (B AR T 72 (B AR AR 1
IS o R 0T D T AT RO E R, DI JCEE A SO A5 . O
JEEARABA ) S R 3R AT X 5

1222, ETFBEEKENELIEERG S XHRIANK

ST RIS GO E BN M B R R IR I 22 e, BOREZ 1)

FHEB TR EOGIE R P R SRR R, R LR B T R
ANIANTE I3, BETTERTHHORAAE R S RE 70, 2R EUR h “ [R5 SR
S5 T RIS PG R E B AN SE I, AT S ULl 2 b ) i 20 0 40 20 2R AACR 1 H Y
(93], B T 5 R ) E G i MR 43 38 07 1 32 Bl 1 AN [R] R D i R AR A A
(A ARFAE 7 V5 TS 0 = a1 PR s A7 (5 B AR B, P Sd i R AR R I PO A%, vk 2146
L ITEBAT GG R AE A S (A RE B S, B JE A S R AR S 2R 0 O HE
JEH, WP R GINGRIE S W, Ry S USSR AR, st DR AAE 1 1) 31 A
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ERRE, E—DIRTHHIE) S RKE EE . BTN, Gao FEWLEERAH ¥ LBP 7% [ARF1iE
56158 B R 2 7 TS, 18 M & B ML 2 & (Random Multi-Graphs,
RMGs) SEILEET 185 BECA I HY) 7325 . Hong SEDORH T — M & FeE J5 50
I~ 712 (Robust Local Manifold Representation, RLMR), i1 4 Ja) Fl &) 34
P 03— A ST B ARFEA 1 Z A I SR REA ke, 45627 18] BT U5 B3R ICE
HEBEMEMNE R Jang SFPEH 7T Laplacian IF WAL P[RR
(Laplacian Regularized Collaborative Representation Projection, LRCRP) [JRFIEHE
W7, S R 2 R G B EINOREE T el o e & 1 R i e 451 .
Zhou FEPANETH T T2 (AN AE BN (M P R 7x 777 (Spatial Peak-Aware Col-
laborative Representation, SPaCR), ¥ &% 73| j5 5 ANHEG R 5 S 5 SRt
H—ATirh, AN E i R 7 2R AR

AR, TR S I8 6 N ph 28 S5 R BEAT R0, ORI Z IR L & AN Wt R 47
o), BEMAR R H AR 2 R ER R, R m DG B 2 KU 2 1R R
)z kR, fildn, He SEPNRH 7 —Hh 2 RUE = 4B B2 A R 22 I 2% HE 42
(Multiscale 3D Deep Convolutional Neural Network, M3D-DCNN), X i it K%
IR — 4 22 RO 2 (B RFAE AN — 4R T AR AR #E AT 065 % ), Hamida 5508 1 4&
B G = E ST AR ZE R N R, R 3D CNN AEZE$E B (1) 3 FF1E . Gao
DO T T CONN 192 KA RFEF HUHEZE (CNN-based Multiple Feature
Learning, CNN-MFL), ] 21> CNN A5 [F] I 4240 5y 06 1 R b 1P e ot 1% A0 4
] _EFSCRHEAE B, UG T BONER AR RUR . AESCIRIS 7], BN et T
LR A CNN 432838105028 777%: (Ensemble of Multiple CNN Classifiers, EM-
CNN), i T CNN BB 2 MRHIE TR BB R SE ) (1) 2 i ek, e
B AR i S IR SBAR R G 9 SR 45 SR TH 2 000 (1) & BEPE RN AT S .y 1 B
P RDGIE N AE ) EE B 2T, IRTEASFESE A A RHAE PR FE, Hong S508
P BA R EME EFEIEE /11 CNN FE E KRR NS 238 0 B G RN 2% (Graph
Convolutional Network, GCN) #4545, $EH T —Fh a2k it um 2 im 1/ = B G
A2 HESE mini-GCNs, RN HYIE ST SR, BRI T RIS E AN
AW 43 2R . Zhong FEDONG 73 [A]VE B I HLEI A IE R TR S, 1R
T HT 21 Transformer MZEHESE (Spectral-spatial Transformer Network, SSTN) [H]
RSOV, B AR B E R IR & OCEk, R HUI ) 70 SRS B

1.2.3 SFIEEIGR MER T L TIR
FOGIE R BRE S H T ERDGRE R, (HHN R BIE 4 L, SRl
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FEASLEA RS, 7 B DUl i YISk I B e 1 28, A ORRE B 1 55 1
BRI AN [F) 2R D ) X 73 e 0, S BUNREAS SR AT ot i R R A 1 S8R K
FET Rl FESEBR RN A, FRiE G B b i s 2 A AR AR FE I 2% ) BN TR
AE ST, DRI G 1 R A AR AT T I A AR AR A B H AR SR I 0T, e DU RLIX
I3 MU LA S ARE 73 S 45 FERA PR SRR ME R .y T gk Bk ) @, [E P A
WEFEN G0 A NREA R . R RSP T T 7 — RIS, B E 20
I MR B 262 gy o (SIS JEAE 723 28 H b e i G b 1 oA b
AHEAT B B2 bR AN 1% Dk B INARICFE A EE 1 B 1, 8RR RS 42 210
AR T IR AN R A s i 22 et AR 32 & AR ic A A 1) oAb b 5t B
e S BIRE 4 28 H AR s TR H B8 SCERRE B, a2 W 2 173 SR B 1 1
Mg, MRS DA SIS OTEARIA > R, Al HL B T/
AN R ED G BUR 73 KA 551000,

FEAY FAE N — M E AR T 5, 8 —E AR T BY R A RAhs
TCFEARSE,  MIMZRAR 7 AR REXT AR A AR B 1 AR 75 [F)— 1 s
T R rb S 0 A0 [F] ) s R ASAE 25 8] 73 A AT AT R ILE S R A RS, it
B FEN B I R 0 B 1 BB AR 3R DO SR AR AR B D) OGP IR %
FEARPRE T RENE, $RTTREARY FERI I HESE . B4, Shang SFILLEEAMFRICHEA
NRIE PG, R L 8 T ARFEABEAT R T MK Fh B A 1 A 52 B XA DA DX SR
K, sEmmik BACGRYERY RREA . Su SV HIE TR I & R 70 KA 3R
TARCREAR R 2K G, RIEAEARICREAS B R A 1 X, Jl I A 3] — 3
PE B FEMTHIREE —FBIRERFEAR LR, 45 G RN ST E A N FEAR RN
Dhdra. Lin VRG> F1 R 3 B0 BUGEBBR R ILN, 51 NE IR SR 2L
SRR 3l 5 2] SRS SEIY FERE A 1) 91k  Zheng SEU2HE T TR TR R 51 S HIFE
AP 78 F1% (Superpixel-Guided Training Sample Enlargement, SGTSE), F|FH/NRE
HIE R R BT SR, TRk i NS PR IC A — B R K TREAY 78, 45
BVRINT BEEEAIALE) MLR 733845, #E—DiRTT 1 )7 BHG

TR ST BN Ik 22 AL RS, X A A B B AT B e )45 B
H o T EREBIAS [FJZ IR RAE R 7N, B T AR SE TR R B 28075 2045,
APRCREAB H AR, J TR ST w6 70 807 VA AT & B R I 25 [N
M FRAESEHUPERE T RN 3 R4 A BEARSE I /. #1x) BaR ), B Fi N Lk
HMBEARY FE AT ACAC TG, ZZ AR IR P 2% 2] 70 AR AR DR A B H Y B 2 AR
#PL it B R AE T BREEBTY) . WS R A FEATLE S ST ITLA
F e, BINARCREAR R M Z e, KB R E . BRELZ4h, Hl
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TR EE T8 HBGBEIR R IREARY 78 77 58, R RER N TR o ST HE B, A
17 H 55 73 AR AL R BEXS R ICAE A2 H ISR . Fang S5EUCTR] AN [R] RUBE (5 A1
22/ %% CNN X TCARiCREA BT IR AL T, SR 5 45 & o KR SRR L T4
FEHIREALE - Niu S5V HE A S8 T TR 1D AR J5 R & 1 AR TCREA S0 S 5 AR AR
WCREAERDCTE M, SRETCPRICHE AT ARG R, 456 Rl 4R 2 RS
FEAY 0. Yao S5178IRE— YO BGH /0 AR 10 FEAGT CNN H#EAT I Z5 3R BURE AR 1R 26 31
WEZR, SRJG S5 G A5 R N IR IS AR A0 3 3l 2% 2] SR ikt f B A 15 B B s I
FEAS, NI IMEA AR N B R AP RCR o Yue SEUPNE i 6 i8R0 2 RV ) =
YA SEIL R AR EARE (9 78, FFdE 455 3 E B ZE 1R I B 8B ¥ 2 (Self-supervised
Learning with Adaptive Distillation, SSAD), SEHU AL (Il ZR A T bR i BEAFRZE Y H
SR AG 258

A>T, BN AN N5 2 38 B8 o DR ) 5 ORI A 85 1 70 SRATE 55
A DA R ICRE A H AN X 20T 23 A 55 W) 20 e, (H 3 T8 22 S ot
W INBEAR 73 R T VEAEAT 5 2 T IR Bl o0 A 22 R B0 e, A DR SN R URE B i
FATES, i, Zhang 5% 3D CNN BB EAT RS AL D, I8/ 75 ZE 2R A
S, JFR R T B AR AR I DG IR RS S 1) RGB B B 4R 55
MR RE R 2 T 5, LI BB O 2403 . Ahmad 5224 5077
MRGTR ) ARG, R B S BB AR BT 78, IS TR
7 3D CNN BRI IE > 280, fRUE S — 58 RO R 2R TR EEHEAT ORI AR AR
FIEFr SR, BRAR SRR ARiC A S H 7K. FESCHR83]H, 1E& 7093 %5 1&
T EE TR A BRI 0 AR 22 ] 25 i e $i BB [ A o 2 T S g Bl I e D'
W RIE, THASEIL MR I BE A E H BN 78 A2 BRI 55 73 8 1 H AR dskadt A7 %0
WIL# . Deng S&PIUTE 1 3 T I B2 B2 8 B 1 06 i /N R AR 0y 2807
(Similarity-based Deep Metric Model, SDMM), it 5] A3 T~ B 55 =) Ui K e 2K,
FERFAE SR % 18] m el N Py Ta) BEOF 3 RS TR) TR) B, £E [ 37 5 A5 32 5t 1 sy 6 1S /)
FEAR AT S5 hal et 1 ROV BRAR B 7 45 R

R S EE T A B> BRI RE S ST, (e R e P IR 3
YA FR AR BRI SR R RS M VDR A ) A A B AN AE R R, — &
] 52 2] ML N BEFEN SR Z k00 BN, Liu 55800 72T 3D CNN RHE
PEEHIIR /D FEA: 3] T8 (Deep Few-Shot Learning, DFSL), F|F MbRic#E AL
Hh S B R R AR T ARG REA R X 7 . BEJE, fEF et VR TIRES
M 2:>] (Deep Multi-view Learning, DMVL) [KJ/INEEA 4328 5350801, Sl el 27 5] b
VIR R AR AL, B MR 7 KGR . Li S50 R RS [F) 4% s Py

- 10 -



B1E % iR

KEFEGE BB Z R, 1R TR 2] 77 (Deep Cross-domain
Few-Show Learning, DCFSL), i 7EYRISA H ARtk [0 AT DFEAR2E ST, 45/
S IR] PR 22 e, R A 20 BRI RT I RS 2R A5 AT H PR R TR U AL, 22 e
T 7y SR AE A SR AT T PERRIR AL ) 2

1.2.4 £ FRiFERYEHINEIEEIG 7 X HRIIK

AR, FEREE GRS THENNNURIBE SRR H B H 7, WA RE
AU B 1 1 SR H 25 R, X 0k U A 3R H AR R AR AR T MR E
ZEEEIREL, et ZIEMEDLEEFEKENR . 5fL1EE A (Synthetic
Aperture Radar, SAR) DL E 1A LiDAR EidE 25081, A% T P — AR KB3R5 1K)
YOI AR 5, ZUERESIEA S TN TR RXIEE NFEE. Einsim
IR R S B, H A0 OB ARAE A P50 ZE 5 S5 4500 1 B FH 75 SR A
Wik T, PRk, RN G R A 22 U O A SR R U ' T R s £
T SR i) 0 JR3 SR A E9Y . g, 1) FH B A B vy 2 ) 0 20 1Y) 22 65 Bl 4 6 B 2K
P, AT LA RO G 0 s G EUR S 8 e, s iR AR AR s 1A B LA TR
I SHe 3 T B il IR 2 1A 2R A ) @) 455 4 AWl SAR HdE Hh i) 2
&5 kM5 S, AT LR THE Z 285 5 o ot il BHR A H s A E0RS 40 45 1) 1) 13 )
Ae/1PY; & Bh LIDAR HUR R AL R = 4= B {5 2, vl LARAN &tk RG A i A
YR BIAE B R, AN EISEAL ) H FR IX 3 B AETE B2 Hodr, mpokil
A LiDAR ##i UAAS R A8 07 SRR — st s RO N 25, & (S B
S EACHE & B MR B A BoR K BAME, PR, @ s A LIDAR £
I 0GB 2 TS0 W0 DX 435 P V0 A5 2 R A BRSO S DR v 1 )
I | A 3 Afr 3109, By 1 e T AR e A P A PR AN B FH AR AT A . (B
BT =G EHE A LIDAR X P FRAS [EASE S 1 2508 76 N 25 3830 _E A7 238 W1 S 1) S 4y
PR 22 S, R T 2 S B A7 5 A S (R B 3 s A S Sl I R A A AR I — L
72 e G EMENT LIDAR HHE ¢ 3 S8 I FH ARUE P w45 A 1 P — 00 R M o

F AL G AR R G 2 I X ], AT DLKs 22 Y5 B 65 43 R 07 R 4 i
RRAE . FHIE RS AP SR I i A 55 = AN 2 BRI, AR R ) 2 R 43 b
A A A T T A b T A i 1 () o 2 SR IOHE n v e v AN 2 06 BMSEGE , R T R Rl
HHRAVZ R A E T RRES) 2 U5 8HE G B 724 A R T 5 — 28 U
B AU RHAE, AR B EU T VR A O AR A (R R R M R AR, R
PESE R, (R Z A0 B 2R ORI BT ke 3 At SRR 7 UK TR H bRk
Jo3 BT S 42 BRI 1R DR SRR U IR AT R, PT DASRAG S It S . 4R 1
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SR PR, ERRT IR AL B AR B R m . BT i EHE AT LIDAR %4
KIFTANE RGeS0 2 S B iatt, B, REgma 7 %
WA ZHNERRE, HZE N EEHE I LIDAR FdE A #4432 1 7wt
FITA. BRibz A, FREEIARZ R B2 RGN, RRE-TR IR S
M Z RS INERFA HENS S, FEIE THREKMREES.
1.2.4.1. ETHERESRESHEILIEF LIDAR IR & 573

N T R R AR R H s KN R, B TRHMESUE ERA M 2
TREAREC A HY) 0 K071, B A Z IR BRI BRI A, TR
H 31 Bl B — B s J5 5 0 2 A M A R A A R R AR ) AR RIS B A N
R AR E B 23 (AR AR 775, X6 22 U A80HE ) 2 R AR A A A AT AR R AR 1R AT 2
PR G007, SRf545E SVM. RFE 4570 K485815 1 W AR T 80— B0 VR 40 RN kG
FEo Biltn, kGO s 74 PCA $RIXHEIERFAE . A —fbiE R 2. 200k
fEA GLCM 25 [EJRFAIE LA S i FERFAEREAT 208G, A B RF 73 2R SEBi) 7028, (B
XM 22 R RYNRAIE () 3E B 07 2R A 5 18 B A R R R AEAE ) N 25 R 08 B I 22
AVEAME, IRZE 5 18 RS B TR A BRI L& o 76 BB FU 2l |,
TN DL 5N B S5 R84 2 [R] OO i AR 52 AR HOOVEE AN [] 1 7 v 0T A 7
2R F IS BRHTIRZ RS, NIRRT Z IR IS o Rl Th & B A
S5 AT A A 0 S R ML O BT, Gu SRV OV S M RRAE A I R H S S N A
SRIAN R A AME B2 B 2 R, SBLEE T 00) 2U I 2 VR IRt & Zhang S5O XE 22
BESEIE S AR, Wit TETEAZNEH Fisher A EE, FIAMNE
AU ULP i 2 PR B AR AL R A 2 (8] s Rasti S50 OY4E W IEAE 28 43 193 40 Wi
(Orthogonal Total Variation Component Analysis, OTVCA), 2 [ £ Ji ¥ -h 4 70
RABEWFER, ARHEE 7 IS S 2 I8 EE 1 7S [87H RHIE; Duan 5010
R AR 2 7 A5 Y 0k 22 Y 35080 5 B 1) 22 R A5 R RFAE (Multi-level Structure Ex-
traction, MSE) #EATRAG, 85I i K B Al THASE AL 1 o Hb A0 (1) B 8 R AR 2%

AR, TRBEE: 2] DL GRS 23R B8 77 A0 H AR M R AL RE 70 7E B i ]
B RN RS T4 N H g, AT, BFFTN SR X 22 YR A Ak 2
IS IR BE 2 SR A, NI AR EHS B s o X R AE,  AE 22 UR I & A o0 2 b g
PR R A BRI T TR T I A AR A M 4% CNN AR N
FERBHESE, I8 X 03 3B 22 43 S A6 AR I 28 HE 8 S T 22 YR 504 B REAE B R b 4)
43 U007 F5 1A, B SN AR — SR S (1) AR R 2 o) HE S8 3] 22 Y 509 1) K
HHAESH, 11, Hong S5E'OSIEBE T Gmbth 2% - A 4 1 Al HE 28 I g 8 40
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%M 4% (Fully Connected Networks, FCNets), MIMTSZEG R H 285 430 . b
Gb, MEEICIRH 7 —FhEET CNN BIf 2SR E S 2] 77 (Multimodal Deep
Learning, MDL) F #2482 Js s h ) IR B A IER 7R, TR dm it 28 -l 2%
ZER 5 N B Z IR BRI b & B AHEZE H (Encoder-decoder Network, EndNet) 1%,
SR FH B ARLAS 110 B SRS e KA P bS8 ) &N B AR 7T . Ding 55191
T 4 JR- ]R8 Transformer 24455 (Global-Local Transformer Network, GLT-Net),
K R B 2 RS A P AR 5 2 R i P S g AH &5 &, BT T 0 KA R
(PIRE B . Wu S5 (1IN R e BY) FH 11 125 308 38 25 Z2 458t (Cross-Channel Reconstruction,
CCR) #sJn#| CNN HEZEHr, AT 27 2] B B %S 1) 2 A RHE, 32T+ 7 A F 25
B H DR AR ) X 90 B

1.2.4.2. ETHIERFNRFRRIE DM EHSALIEM LIDAR HIREX A 7K

BT ANF R R 2 IR EE (S SRS TR E & B LS, IR AR SLAS
AR, HeTRHIE- ORI 1 2 U A il 5 07 R AE i B — E X B2 RME B
RN AFAE R B, AT SR T D 01 I W f 5 BRAPE AT IE AR 1% . 5300, WSO N Bk
2 YR R BEAT AN R SRR R AE SR HL, AR5 AN [F) SR B R AR 0] B F) 73 2 25 Rt
TR, B SEII R HIFIE . B, Liao S&U2Ix il BUR HIOG 1
&R ZVEEHEAT A MP AR AEHEAT 2 T B RO RFIERE &, K] SVM 73288800
HIf =T (R R AE AN ik 55 J5 AR AR 23 I M) 70 8, 8 I ) AL ) e R 4% S 200
R PO AT 1 R AT R G o Ge N ZUREE IR A (1 EP AT LBP =%
(AR DA SO 15 BT 5 5E T Tikhonov RN P RN B TR 22, FRESH
BT ANFIZE ) S REA B R, AR A B ZE BEAT R R T R B, RN R
AHH o EAENMEAF SRR DGR 5 GLCM 2 (A4 FEAT LiDAR s Bt
TS, REEEREHR G BRI E. MLR F1 SVM 52473 2848874
(I ) 73 SR 45 R AT 85, B a A LiDAR B4 (R i SO x4y S gk — 20
it Zhong FEMIFEIRER T 1 ik =F 73 2K 8% NDVI JEIERFE. GLCM %% [a] ¢
fIEAN LiDAR 215 B 5 HTR SR EREAT 7028, Rl AR 2 1) ke SR 2 i & 1
T2 RERNES, IFSINFMEEN I 1 )G AL BT ik 70 KRR . Jia 46110
Wit 12T 2 RAHIE AR = H Ak SRl & 777 (Multiple Feature-Based Super-
pixel-Level Decision Fusion, MFSuDF), T 46H] FIA% 3 pli oy o0 A ) m e it g A7 F 4
b3, BEfSHET 2D Gabor A 3D Gabor 1248 2 YR E 4 H H61E . A S ARG
B, AL G RE R IR 3k g i 7 R4 L) 732K .

Z R IR EARAT A M 2 RS 2 ok —E B BIUR, RER
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AN 8 VK 23 5 e B SR Rt & I B 2 H 0 45 R HERR B2, BT N B 51 NTR
FEsA SR, -T2 RS BAE RS E R A 1A Rk, e SRR A ANk
RBRA TR, SCEHYI I KERE . Fi, Hang ZEMVIFEFZHR 2 A RFAERT, 1%
T T SHEEE RN 32 CNN HIE, SRR KA. B RAEE = AN 7] g S
FRFILRL G, SRR R RS T RBAT 70 R AR B, ARG 1 57 1
FEAKH . Lu IR 7R TG X 51 ) (Coupled Adversarial Learning-based
Classification, CALC) ) Z M ZEAELE, T 50 F F RN A X PURFIE H2 H 0 2 A
B 5 21 B i 218 SCRAHIEAVIRZ AL, AR5 25 T 2 PRI R & 7 B R 3t 4T
RRPRLE IS, TS ) 73 SRR BE . AESCHR[119]H, AREHRH T —
A T RFAE- TR SRR W [F) it & ) 2 V) 70 2R HE SR, ] 22 2 IR 8 1. ) R A B[]
PHOERE RDEIE 7030, LIDAR Bl 70 SO —FH B SRR )50, DUERE 55 2 )5
B PHHEZEEAMEE, REERKZEIIAN T — PSR IE AN, [ IE N
N=0r ST 2 BOALE, AR IER R, SR 0 2R HG

1.2.5 #s IR &+

TG ] N AR ST IR RN S AR B, oG BB 2 SRR A 2 B4
SN TGS, RS ER R EIR, MERIG 5 IR BB A NG &
ZRSERFNLAR 2] IREE SIS 5L ) o R, TERG Rk, 3
TTRRR b J5T B0 00 AR 2 o o A 2 A AR I S T LB S A, EAE S BR
I I FE A I T SR AR A e R AR ) RN Bk i -

(D) mEil EHE 185 B A R — B s BS M R  R Az OB R,
B 2 L v AT JE U AR B K S5 [ A 1 5T FELAS 1 47 45 9 1 PO R I 1 B s 8228 031
PIHER X o AEBh T2 I AR, 3248 s 45 TR e i LT s M, %
A O B P S B AR A A ) b, 3B S () 25 T L 4 A R 5 MR
T B R L TR AR R i, CUSON O B 2 207 325 v ) S 5 5 )
SR, DA J7 iR 2 RADEIE S BT REAE B B, 2 T AT 5 A5
ERRFHNEERR, HEAMUESERZER, FRMIERNGKRZREAT
5%, MECLHERA AR R I A BRI S50, S B RN B R ZERHAE 25 18] o [F) 25 1047
FEAR A FEA R VLA R B 18] B B A 55 55 ml f,  Tevkon e 2 s il B4
I3 AT S PR A R 25 ) P )RR

(2) REEIEEG AR IREUS R 2 Fh 2 FE, SRTIARTEAE AR A 2 1) 1) AR 2R
EAE, FEORH RS T B G s B PR 2nl fdEm sl . 25 58 2[R 25 i 78 1R
A AR 2RI RS AIRES, IAA S EIE NFEA S 2 T7 R R 7 18] X 3
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B E B R R Dy bR AR AR, H T4 78 5 0 A BRI R AR £, I 2%
FRINEEAR SR T RN FEANIE T 3 SN FEAR S i) (H Bl T A8 X 3 P e 2
B W BEBRRSI M ERER, Uk TREAY R 52Kk K2 HEh
T HUIRE A SR 2 ) R R ORI 42 4, 2 T BB A R SRBUE BAE R R FEA N
TEJEVER P EEM:, RNHIIREARRR S M E DI RIZIA T, MDA R}
Hbrd st G500 F 200, S8 R R M #enlae 155, BG#E
BERURANELAE,

(3) BAELERGESFEMNSIEELR, HRSbENNEREEE, KE
LiDAR #(#5 v] DASE N e &t iR ) B ARRr A0, B2 U R 005 SR A IR HE FE RS
TR BAE R BUR ) 2K BN . HET, ARZHEEEEEF LIDAR
WA 3 R TT R R RS Bl G O7 20, SRS —HOR IR (5 B3R R A 52
BRI Z G BRI R, ST RHIE R R R G . SR, xR
THEEH N R RIE L EAME . ZRESEREAE, SEGWFHER R —,
M LA A28 AN [F) R0 A R AR J@ 1 o A, M8 T REIE- PSR S Bk
2R 257718, ARG T AN ZE )G Bl a 7 U, EEAREERE
JE TN [E S A RS & RBRMEAZ B A TR 2, RAEE P R A AR, S5
AR ARE NI 5 5 ) R

EEXT G G o 25 EE BB LR TG Y — R 50 A, AR SC P g
G 2 S RIS R N G, BN A RS RAE . IERZMT
M) SCIRAT BAZ I8 AN ) v R A S A B T MR AR 2 7 A5 07 TRTIZEAT 23 i A A
oy Tk B B A O R B e 1 1) v DI SR 2 AR, AT AN [ 2 FH 8 5 T i
PRSI LR R SCHE

13 BN EZMRABT RARLGEH

G 7 R EORBE NS WIS . A E oA DL B L, B T2
RLRIOME, AEAESE PR N T TS AR T IR — 2L 1 AT Pk, e ARl AR = i R A AR
TEVISR LA BRI, R R SRR I 7 B TG <5 5 T #A 5 3 2R,
(BN [ AR AR e 3t 420 (1 e i 7 20 4330, AR ME LA ROt b AT 281 X 05
FEYRAF YA BN F T LR BERE T X 70, X Jm S A R RIS 21 1 F A AE
(B H KB 20 et A AE A RE R AR, AP E TS BB i1 oL, RIS A
[Fl SR AN H AR 2% (0 A R S R A ) AT, g N 1 2R IR) R R XERE, Pl
b5 7 R GRS SR A AE B A T B S R R R R . HAT, ARSE o)
RITETCAT RO RIS e A5 B AN E VE i s S0 X 70 T30, LA T3k 25
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P ) D) SR IDAT S TR ) R Al 22 420 AN s 78 S BOIA R ROR 22
BRI R IR . FE T, RSO R 1 2585 RIS TN 3 T W) 22 4E RS AL SR U
G EHR R T, BEARRERR N 1-2 Fos, B Zexd mnotil B 1 g R

25 B IRE G BRI S KT ER

A% SR ) ( Btk E g ‘ [ EhisER s % “W
MR A , | MR A4 PR 15 AR

v

3T BT AR SR S e B R TR Y

5 £ AU AL AL W
5 i 4o M ek AT 4E]
i L R T T
4 e [ memkEEE SHRE
18 | wmuREe || SEEETEREES
4T ETHIEF INE XDERRUA N o o
il s TR R A G 5 2
, ETHEEFAREGRS OO AT T SR R RIS U ]
et ey T T pom i ZNEEE 2 e N,
¥ TR AR ELREE E ;___”_”_”_”_”:¥ ______ —
=i — i Dii—somoi—ofD i oc—cocDos——oocDos—ao N
l ¥ ! | i E(E B ERIAERS |
! | osmanmin | "
-  ZN— ~ [ srxwmemtmmunn |
| 7 rEwERERE | 3
¥ | cnmwmre |
....... ETRAFRKBESEIEAIET v
[wmanmusenes || wnxnes || o _CIPHEREEMTEE
........................................ RELEMME | GEEEWHE
P y —— BEMEELEE || 1537 R X I
| RERRDAELEE | —mirgEk  |o|  mumEesls
# .................. +\ ..................
EEREE R
M LT | EAREE RN KSR |

B 12 RIRSCEE AR HE S
Fig. 1-2 Main framework of this dissertation
BB Ry RO AT A4, AR5 Tl BRSNS R 5 el R IR 90 2R 0F
Wb 55 2 F). BEJEEEXIANRT 5 R Rt ik R o SRR R 2 ) 5 SRAN AR A
L, Ay TT e HE T T SR AR A F ) iR e 1 e U RF AR BRI (51 3 %) AMEAR
PR HIED GG G 2R CF 4 3D e E 5B~ sl B 28 G 5 5
FEAIC. o, 53 B (R BRI N R SR FT 5 2R AR
RUB R SE MR AL B, R, FESE 3 B R T EE B i e ] S
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SRIAERINER 4 TAEARY 700K 10 WO IR L R RS . Al 25 4 Syt
T RERIE BT X E SUE B 5 SR AME IEEA, FEURERAE b, ASCHESS 5 =
HE— D W 2 T 2 MR AE SR BUR 2 2 5 R Al & gt s A A 0 205 &%
M SEBL SRR AR BB T s a i B R SRS 028 &&= EE BN A E 4
RIFANT

WSO B ST 1) = 6 1 G ST 55 Hr OGS AN E PR B3R 1 e A
5 PN M) AR 5 5 KA A DU S8 4 S5 I, I R T T AT S ) D v e AR
WRHESR IO . @ B sl UG R s 6 . SUBRR A (Al B A 2 4R (S
B EHTREREA P BE B Ry 50 7R IR BT ARSAR KRR RN NPE SEEAT
Bk, MR HIRE AT SEAT IS K, 240 H m e R R s R AR TR IR £
1SRG 45 BRSO V5 R R Gt 0] 73 A LFDA Bt % 71 14 (1) ¥ 2
Y RERRAE, NS E P RS A HERA X A R I RR 8. B, W scl
152 40 B N AN EDE s B G B 4 AT oy RS0, X T S i R SR B
IR RO R IE P MR AT 0 HT

e FIRBTFEEEAL b, WSCEESS 4 BT R/MEASSRAE T I mEobE B 2305
BT . T G s MR FEE . SRS ME R, bR CEAREUAR 74
I, ARG G 3 SRR HME DU Rt ) e i B AR 20, JE i A A LG R 1]
FHWITE B e S 25 2K M5 B RO 2RI IR ZE ROORIRR M, Wk R T2 B
I 2 RAAE BRE G IS ANREAR KTV, BRI 3 BSR4 As
PRI R UAE B — 8, 454 TN BIA RHAZEAIE UE R, A sos i 21
DOFRBEREAEE, HETSEILO AR ICFEARSE A R 7 AR JE, k)= [a
S AT RN 26 JER AT JE 24 J 0 R 2 [A) 2R N b (AR DG, SR E AR FEAR I B
ERLRAMEIE, ATHETHMFEAR AT T m il BUR B RS FE, A Sebr v
HBRIC AR AR SR S5 A T HUA 0 A X o SR B OR S . O T B E BT A
VERE, R EL S5 1k HOA [5) 37 55% 14D v s 1 0t B A 4 SR BT $2 (1) INRE AR 03 2R D7 ke
ITWIE

X BURE (G BRIL BRI ESRE R, WICHES 5 Jhsist
T Z MARHESR IR 2 245 B Rl A R 6 1% 5 LiDAR P [F) 928077 Fritiniie o
XS 3 B S IEEE B ERIA MRS TR, R RS [ JE M ) 2 (RS SR
R ) T LT RST . AR DT [ NG 4546 55 7 TR 1) 8% ELRRIE, M e T2 @ 1k
ZAME B2 a2 WEE BERATEN: HIK, ATk AR ) A 5%
IR, BT 200 SORGEE B A AR 2 TR R AE SR BB, sl B A 22 S PR A
FAMER Z AL B RFAESRHG AR5, 7R3 4 T iR AR S RIME IR 7 iR 2k a |,
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2 2 s B R A D05 S L s 2t o v LA B AR SR T, Dy v R S A
T G BRI Rk BE ) 73 S SR SRR SO . I S R R 1K) 2 YR B 1
G KT IFAEA R B S B AT 7 SRR REXS LSRG, BEA & iR A A
BAEMERIVE . e, ARSI L A B M LRI F 5K, B I st
WS E GRS TR, SEIUASRIZEAE T B ot B B o028, Ih i
JHEAE ISR X 3 5 R0 L AE 55 A A R AT PEAE I
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5 2 5 G EHBEERE AN 7 SO N

B2E SRIEEIGBIER 5 KPEEN

2.158|8

B R BRI 5 R R A, @S R IR R “ =27, “ =
7R P T AR AR, R ERAH, mEe i BRI E H HE
A, R8N IRt 1780 Bl DR b, S T LA 38 RO i SRS PR B,
FESBPD G SN i BT A el B A AR (E s R A ol i A
5 G A 7 2 N P T W A K AL B AR IR P v AR SRR AR K DR IPURTD 6 35 5 12
AR5t P EONY) H IR S . B BRI, AT E SN e B R R H LB
e, AR I 7 mot i BR B Ry L, R e ] ZE T S A S IR (5 2
FIREEE, Cdh m ot it RO 55 UL s e i AT LIDAR 2 REHESE, e m
Jei & KA RPN SR bR, A SCR SEE AT Fr it AR PERE IS IE SR IS4

2.2 ERIERGHIE L BERF <

2.2.1 BIGH1IE

1o G T R SRR AR S JE T R R A RR A S5 A 1 2 4605 BRI R, DL
1 50 20 B 3R B 5 QR AR RN X 35 4 A H B ) 2 LA 2 T4 2 DLARH I Y
— IS, MIMA A Wi Ba Bl N RS a: B AR B . = 4T T R S5 R 1
FOGE B AR, EEE BRI SRR T G AR th ARSI . R 28
Jo HABAH GRS B IR 2 A ST, R GO B S0 A mob il B GCR & &
GO, EIRHEOEREE BT AR, BG4 = 20T LA N Bk
B T RAE A SNSRI 32 S e B LB AL A AT S
RPN, FrE RS A R B AT R 2R, 51K BB RS
TR ZS PIAFILL B E, 538 AT S MR S5 0 5= 6 S AS [ 77 ) H 5
B TR RGOS DORK SR Y 30 S B AT 2 T AL R B
AR HL AR R A AT, AT RIS B0 B AR OB TS A s D8O A AL R i S 2
RIS B S AT R IE S A RNV A T R IE S A A FSR R R e, R F
G E MY, HeAh, R AR PR T BS HR R s R i, s
YRR AR A5 B AR R B R, B A A B R bR = 4T
TR ER AL, TEBIESIA S0 B AR IR T R 52 W SR 4020, ke ==
1] i A A5 2 PR AS [ ST K A OG AR 2 A A . SR TR A R A, e Y
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FRAGOCTE A T L ARBUN . DIRRAR, (B 2SR 45 5 1 BB (S 2 5 06 4R B2 1y 3t
Wi LA B ANBE RN SRE 4% 492 BRSO 1 ORI TS5 4 B 1) 7o A7 $R Bl S — 4
ARSI Bl 1 EL A i A 501 & 10 1) BTHHERS S i oy — 48 2 22 1a) 15 B R 3R AR
BHABRKSY, BEETE 2 MR &b S0 I i A b [|) — 1R e AN R
METEE B, EFREERERS A AR RENEREN; HERRABOEESOUZF]
T AR 25 CE B ) L3 T R SR AT — 42 (e (5 S — 465 B, IR E 80T
B RATITIA, ANTE MR RE R, BENE SR TR 2 HE R ) = 4E R i
B AR, AT A ot B, R i BLUE 3 Hyperion #E39 70
M B B IS DO B, R4 A G BRI S BRI AL .

B 2-1 35 B HRGOEE AU RS B R B R B
Fig. 2-1 Principle of hyperspectral imaging by spaceborne imaging spectrometer

B3 O AR R B R B E 2-1 R, SarERER
GEAREUR G R 70 a8 7 BM %, SORG S R 1S BLE FELAE 400-1000 nm fR AT WG,
B2 T B B 4009 900-2500 nm (IR IR ZLANG, 1SRG 70 73 S i e Mgk A £
PR E, HEEEHUE - AN AERARTSeME, 20T AT 52
R EANM RSN BN Z DA FBA AR EICH, 2 AR AT AFEAR
2% B TR i H bR s R v i A B P, FE TR BT R s T AT
& AR ACEE IR I AL mh il S RN X 35k Py ) — 4 2 ] R R A B A 2 B3R
FOP ARG E B, BRSBTS AW T2 30,
e 28 58 LI X 0PN ) B2 R34, 15 2R X I e = 4E 5 (R 2
Hor, EEHEANME IR T AR — € BV LA G I i BE DL, ASRISE

- 20 -



5 2 5 G EHBEERE AN 7 SO N

R (R AR TOAE % BB M LA LA P 22 5, A — et n] DU T SeBlA [F) 26
) [5) FT 3 1X

2.2.2 IR =

VTR, 928 T RES AT SRR IO KRR R, 04w e ik i 5 1 A3 T
DL 42 B A5 X 35 b H ) e b T A R 88 LB A R B 1 i B SAS L, 1 BT
AT WG I L AMEE AN AN (X 3, X — AR R I S 43 1 22 A0
KV BB G B B A B, {34 R L AR O TE e B A b I T B
RIS R R 2R, AR R SRR M 1 2R RS B, I PRI A — 0 e
JO A6 5 v ' PR E 3 T A PO AL IR 4+ 0 R 85 ) L, 2% 1) 43 A 6 i A3
HY T SRR S ), L PR AR AT B I B AR S, S i PR A B
B8 B e RS — RS RIUA, AN, AR FE R 5 2 BIR £ 4R
FERTRIOEIE . SR, Z2ERES, X7 Ry M«
W7 ST X FOGHE (S B A B — AR B BRI T M A P DA R
IS AIH 2 BT 0. 18] 22 JRoR T T XS B 05 5 R il R [ 3t
IR A S AN S A 45 0 B A A5 8, AN b ] LU 3R] — 26 31 B e e A 22 30
Hy B 22 A BRI 2k, TS R 2 0 M B bR ' i 2 A 0L P SRR v
BEAb, 55yt NSRRI H AR SR . 2R R A R
BRI ZE T, Il 1)1 B0 2 BEHE R G 12 B A8 S M3 F T v e 1 PR 1%
BARAbFEE . MR T TR A ), 45 2R S I EO i R s 4 2

A
[
B < 5\
‘ \ L2
hA 3
itk Bt

(a) JGIE BIATE 1 (b) FAME BRI Z T
Kl 22 motik R DGR AR R AN S A5 B 2 ek
Fig. 2-2 Spectral information variability and spatial information diversity in the HSIs
B 7 b v i BRI A B A s BAAh, B DX A IR A A S
ZAEAT G FUER s SO BOAR i AL 7R AR 5SS Y 1 A T IS [
A 1 b BGAE SEH R, IX AT FE K E RN RS FE D BRI A 3A) 7, (A,
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G B B AR AT PR XE A A5 B 11 D't PR Bl I P AR A A A2 2 B 1D AR A ik
R PR, Nz bk s e S B SRR AR AL S RS R SRR A )
1P “Hughes” LG, J™HEMFLM [ Y0 RAE AR LN . FlL, fEEeiE
PR B S AR AT BT SRR, el S B RAFZ A RE T RRFAE SR S 70 26
A, X6 e s R A 70 2R (10 S B o RS 21O BV AR A

2.3 ERIEEIGHIESR

N T S IRAIE i B 5 IR AE T B B RAE S5 BRI RRIEALE I, 183
KA A AR T SRS RR B 25 A 1 1) 22 2 [ P9 b v e 1 PR R M SR 0 25 VR (0
A RAERAT RAE A 73 7, X BRI ARG 5 7 g5 e 7 A RRA
I b, TR ST A s o T Bt SR AT Tl ZE A 2.

2.3.1 ESNS MRS

WICR I A TF I 72 A8 B0 [ AR il Bl 4, 608 T 4 B v e i
PR P Z IR FEOEIE A LIDAR $edade, DUE S0 78 7 MU e B 7R 1132 ALk
R AE K T AR A S AR X, B A BOREN X B EEWER 2-1
o MAN, AT HABEEE TR AR BT B T R S B R TS, R
TAERII S SC 4K, 7R 5 8 3% 2 v (K4 07 ERE X B, U AR 4%
HARAE P B G S S, R BN S L E S R4

F -1 S ALE MR E B B

Table 2-1 Main information of each foreign dataset

AETTE R 2R 22 4h MR AR R4
KAEX I Indiana Pavia Houston Trento
T B A T A
HEEST5 AR HL T 56 . T AL HTE
HEw A m G G FERE LIDAR  FEil . LiDAR
AR 2R AVIRIS ROSIS CASI 1500 AISA Eagle
EUR R T 145x145 610x340 349x1905 166X 600
i B H 200 103 144 63
FigEE (um) 0.4-2.5 0.43-0.86 0.38-1.05 0.42-0.99
)3 R (m) 20 1.3 2.5 1
EFilPst i 16 9 15 6

(1) BN o te
AR S B BV S 2 R P AR B X, eh 3G ] SO AR R AL AT
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WL A UG G5 A CAVIRIS O FE K AT 1 FE A 65000 T8 RUPPIRES T #EAT 504 R 46

SRR ENZE 224 (Indian Pines, IP) =G G RSN 145X 145, A8 220 MK
B, ZHRRMOK X IR BB fG G, REE T 200 B, B SR 1K YERELE 400-2500
nm, ZFESHELN 20 m. ZEGEAREIRT T 16 MAFEZE YY), AL
T 10249 A, BFEHYIFEA R0 m B 2B 2-3 Phs, SRS IR A
B R EERWE 2-4 s, AT HERSLEFNAMH, EPxEARZER Y H
WiEAT T TS . NEPITLEY, Z8EEOSRAETRY HiR, 4K
BN = IR, e 2 [F —RHE T AN E SR A K SN, O
W2 A R, X SR AT BB RS BRI T — E A

= Alfalfa Grass/Pasture = Qats = Wheat

== Corn-no till Grass/Trees = Soybeans-notill = Woods

= Corn-min till = Grass/Pasture-mowed ~ Soybeans-min till = Bldg-grass-tree-drives
= Corn Hay-windrowed = Soybeans-clean till = Stone-steel towers

7000

0 5IO 160 15 200
He
PR 2-3 BN SR S b R i i 4

Fig. 2-3 Spectral response curves of different ground objects in the IP dataset

(a) TREEAE (b) HIEE
(a) False color image (b) Ground truth map

Bl 2-4 ENE g moe il B 4R
Fig. 2-4 Indian Pines Dataset
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1 Alfalfa B 7& (46) 9 Oats #% (20)
2 Corn-no till £ K (1428) 10 Soybeans-notill 4 K= (972)
£ 3 Corn-min till Z>#EK (830D 11 Soybeans-min till > #f K= (2455)
B4 Comn Tk (237) [ 12 Soybeans-clean till {#H KT (593)
5 Grass/Pasture XH1/137 (483) 13 Wheat /3 (205)
6 Grass/Trees FLHI/MFR (7300 14 Woods AKR#1 (1265)
W7 Grass/Pasture-mowed & 8753 FIZ /4445 (28) [ 15 Bldg-grass-tree-drives &2 5{/5/B/H1 28 (386)
8 Hay-windrowed T3 EHfE (478) 16 Stone-steel towers £1/2:#% (93)

(c) HMZFR I
(c) Semantic category and color code of ground objects
K 2-4 (B:ED
(2) MHYETE KA H i 4R

55 2 MR YE BRIy ROSIS A% I A 7 M AL 5 A 4 03k 7 X e S5 45 21 R
YENV K% (Pavia University, PU) #dlsgE, HOGiE A ik i Jy 430-860nm, EHEH]
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Fig. 2-5 Spectral response curves of different ground objects in the PU dataset
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Fig. 2-7 Spectral response curves of different ground objects in the HU dataset
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Fig. 2-9 Spectral response curves of different ground objects in the Trento dataset
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Fig. 2-11 Spectral response curves of different ground objects in the Tangdaowan dataset
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Fig. 2-13 Spectral response curves of different ground objects in the Xiongan dataset
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Fig. 3-6 -SNE visualization comparison of different feature extraction methods on the IP dataset
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Fig. 3-7 +-SNE visualization comparison of different feature extraction methods on the PU dataset
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Fig. 3-8 -SNE visualization comparison of different feature extraction methods on the HU dataset
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Table 3-2 OA (%) of comparative methods on different datasets
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Fig. 3-9 Impact of spectral-spatial feature dimension on the classification performance
by the proposed method for each dataset
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Fig. 3-10 Impact of the number of nearest neighbors on OA by the proposed method for each dataset
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55 3 7 ST FEARIAT R 1 G BB S RS I

THOL NI AEREAR I AT SEPE . ot FE 1 28 TAE 41N NPE J7 0 H SR 1 6 155
S AR FEA B 24 R A ARG A, BN REA TCAR SRR A A A S ik
BOESEFEAS, FE 4 W25 Tt ) NPE 7775, M ELRIE G B bR 25 Fe A 4R 1L
NEAD TR IERGEMAEA, AR EmR KR NGE R ADEE R sCiE R
AN e BAE S 55 2 (S B BT REA U I EE R, VR REAR N AR AR S
WO A FEA AT A, WA S P2 b i (e MR 4. 52, FE 1
1 FE 5 B DCIAE T0b m e il G st (5 B S LA, FE 4 F1FE 5 A X 31
FETRRIRAE 2R AR . FE 1 AR E S H 7L FE 5 8% mail i s h &
AR IR R E RO e e SRR AT, 3% 3-3 FIH 1 22 thiX b 7 iR 3RS A 4T
FEASTIAENE, HAn AR B 5 1 AGREILE, e 2 ARRIKEAR, Wit
FfE o TR MFEA I AT FEVELS R AT LB B, A E i U7 iR I SRR A ] e iz
T FE 1 AU ARFEA AT FE Mk, UESE 13 T8 5 SR G T REA ] B T+
N B AR EE G IS B IREAR PR E T 5 7 50, BeRe 58 vtk aff b JE B RE AR 2 (7]
RIFHAARERE , D e 25 et Bdle A o A 2 2 1 PO HE f 200 B kAt
% 33 A7 AT AT R AR R o R A T b
Table 3-3 Sample reliability in the nearest neighbor matrix obtained by different methods

» T
TE

Pl S22 FS3 PS54 S5 FS56 P57

NPE- IP 7737%  73.30% 71.51% 70.33% 68.56% 67.94% 67.32%
FE 1 JR 46 PU  90.25% 88.98% 87.99% 87.53% 86.85% 86.61% 86.33%

AEFEAR HU  9520% 93.22% 91.94% 91.05% 89.71% 88.89%  88.17%
ik NPE- IP  99.97% 99.93%  99.92%  99.73%  99.59%  99.09%  99.02%
FE 5 FEE PU 100% 100%  99.96%  99.90%  99.83%  99.72%  99.62%

SRR HU 100% 100% 100% 99.59%  99.59%  99.42%  99.43%

R 3-4. R 3-5 MR 3-6 Woalslh 18BN FEH Kb rEA
&, FE 4 MIAESEH VA FE 5 X T IEhR A SR IE B AU R FEA rT FE 1k, b
TIFAEAI R T Oo6E . SO () A B A Y E B AT AR R AU, X))
TG R VEEA AR, XTSRS, i# Rk
PRCHEA LIS HEAT IR S5 M TZIR, 58 A P A B I2 90 A B T 454
MEFPHIER T LLE R, TR ERL S  FetE, AREPTIRNITE
BAR EAR R T U0A 4, HEEEIEBORCAEA EL BR8N, FE 4 FralBAEA K al a4
IR RS, ARG RR YN RE SR P AT AR A ) ] FE 1 = T U T bR
BREAREFRITABFEAN AT X TR DN EARBEREAT =, SR BREA
R BEAFAE T AR ZE MU ZRAE AR T, UM TERR AR A rh P2 30 QU4 1 1 m] A
72 HARL T Bl S5 R A i 2 1F) — SOrE A 24tk , ITARS T FE 4, AR5
FE 5 gl 2085 B G MBI KOE S h i i RBAE A, OREE 1 /R gt
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R TR, RIS BIVERAE A B 0 RS, 5% 3-2 Fos
170 REERMWI . BLAL, BEEIRPULAFEAR P IS AR, LA Sy
HAPEAM A B RE 2 BEAK, & FR — B SCRA BR8N, BT REAEAS
FEEPE N B, SBCEMBRALRZZNE R, IS R RAE A TR, X5 3-10
JETR I 7 RERBEE L A FEAN B g 2 i 280N oS — 2, Bk BuEse 1
AN B P $ 05 00 B I R A I I REFEAS AT Bl I A A P2 30 1A 2k

R 3-4 1P BHE T ARZEFE AT XS I RRAE AR R A R _E R AR T S 1

Table 3-4 Sample reliability of different orders in the neighbor sample matrix

for unlabeled sample set on the IP

Wk
,éli ik ABBEH e FE2 BB OFS4 FSS FS6 BT
, FE 4 TChRZEREAR 99.97%  99.92%  99.89%  99.73%  99.51%  99.03%  98.76%
3% FEs AEFEAR 99.97%  99.93%  99.92%  99.73%  99.59%  99.10%  99.02%
. FE 4 TohRBREA 99.97%  99.92%  99.91%  99.68%  99.49%  99.01%  98.65%
5% FEs LERREA 99.97%  99.93%  99.93%  99.72%  99.58%  99.13%  99.03%
FE 4 ThRBEREA 99.97%  99.93%  99.85%  99.61%  99.38%  98.99%  98.24%
10%  FEs AEFEAR 99.97%  99.93%  99.93%  99.70%  99.61%  99.10%  98.99%
FE 4 TEFRBEREA 99.95%  99.91%  99.79%  99.54%  99.19%  98.60%  98.38%
I5% FES 4@k 99.97%  99.92% 99.93%  99.74%  99.56%  99.07%  99.08%

R 3-5 PU B T hn A AT NS BT AT A RE B s AN R VR R L R AS T S 1k

Table 3-5 Sample reliability of different orders in the neighbor sample matrix

for unlabeled sample set on the PU

Wk .
R R WS e R FE3 FR4 FES FEBe FET
. FE4 TAREREA 100% 100%  99.96%  99.90%  99.83%  99.72%  99.61%
05% FES  4upkeA 100%  100%  99.96% 99.90% 99.83%  99.72%  99.62%
. FE 4 TohREFEAR 100% 100%  99.96%  99.89%  99.83%  99.72%  99.60%
1% FE 5 AEREA 100% 100%  99.96%  99.90%  99.83%  99.72%  99.62%
, FE 4 ToARZEREAR 100% 100%  99.96% 99.89%  99.81%  99.69%  99.60%
3% ¥Es AEFEAR 100% 100%  99.96%  99.89%  99.83%  99.72%  99.61%
\ FE 4 TEARZEREA 100% 100%  99.95%  99.89%  99.79%  99.69%  99.58%
% FES ESHIYEN 100% 100%  99.96% 99.89%  99.83%  99.72%  99.61%

£ 3-6 HU F¥s Tobr 25 AT X BLIE A1 FE AR B FR AN R IR 7 FE A v] SE 14
Table 3-6 Sample reliability of different orders in the neighbor sample matrix
for unlabeled sample set on the HU

Wk .
R R WS e R BR300 FR4 RS FEBe FET
FE 4 TAREREA 100% 100% 100%  99.59%  99.55%  99.43%  99.44%
15 FE>5 ESHIIEFN 100% 100% 100%  99.59%  99.59%  99.42%  99.43%
FE 4 TCARBEREAR 100% 100%  99.98%  99.56%  99.53%  99.42%  99.42%
30 fgs A EREA 100%  100%  100%  99.59%  99.59%  99.43%  99.44%
FE 4 ToAREFEAR 100% 100%  99.94%  99.58%  99.54%  99.38%  99.24%
60 fgs S REAR 100%  100%  100%  99.58%  99.59%  99.41%  99.43%
FE 4 ToARZEREAR 100% 100%  99.85%  99.59%  99.55%  99.39%  99.01%
20 FE 5 EIYEN 100% 100% 100%  99.60%  99.61%  99.42%  99.44%
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MY R T O BIE AR B PR A RE R 7 VA AE e i AR A AT S B R,
ARFTGREL T BT im0 vl A i B MR 43 2R 07 ORI A R T R () T G SR U Vg
ATXTEL SN, AHEEE T E RECE 1R ML SRR 7% RLMRPY, B TREL%
Kl RMGs [ M6 0E 5 S5 1LY, AR & M 8 5T TAPs 4325 kI3 VRN 3 T 2 [ W Jak
ENIR P E 7R SPaCRIAILL KSR FHIR B 27 S (1) 43 9 07 140 22 RO = 4R A
PR ZEHESE M3D-DCNNPY, = ZEBFRM L2 2% 3D CNNPIHIZE T Transformer
SR 1) 23 0 4 2K 510 SSTINDOL ok i e il AR 1A 50 e s AR 8% 7 9256 2 S ik A 1
ZHWE, BTSSR EEIERAR R T2 RLMR TSR A% B ARFE4E S
G319 50 A1 80, =T B RAE S HIBEHLZ Bl RMGs 77 EI A E | Jail ik Bk
A1 LBP Rk S B 1) patch K/l BN 20, 2 M1 11, BhIFZR7RT7% SPaCR
MEESHD I ENBGEERIETEES, =12, TEEENIMERSw, =09, IE
W25 4 g BUE 508 0.1 F1 0.7 XFFIRBE2E SIS EE 7%, patch K/NFIEHR
IEAIREL I ABCE D 7 A1 200, HARZHC5 50 7 VA L SCHR P ) 3 B DR — B
DA S B HBAA) 2 1) 1) v K B2 40

X T A FTHE 78, AR AR AT A R B 20 BT R A T AR AT (1) 4 B R AT R AR R 5
H ol E Y 30 1 20 Ak, AR R A 2 NN 73 8 a8 0 U R ks
TEBEAT 28, ™ TR A VR AE s A SR S I e, TN A AN R
VA4 A RE AT LU XS FI A0 M o 5 RE BITR B 27 ) U7 15 7 22 R 08 B AR e AR AR AT AL
RISy, PIAE SRR R, 0T & AN A2 H 1 R SCOUTIR i e EL G AR
FEASMEUBLS, B IP 288 T 2RBE MM EL 15%, PU ¥ S5 2R RE LA EL 5% LA K&
HU FE4ERZRBENLIIEL 90 MEEARME N IIGEE, HARMIITEFEAR T TR,
IriZFH OA.CA H Kappa RESE VPN a5 A1 73 S8 45 R B #EAT € B0 MBI EL AL

TEEE— 2% L sRie 3B I i o VAR BN EE 22 40 TP B 4E oy
KRR 3-7 Fiow, MM 2RE R EWE 3-11 Fis. R 2845 17T LA
B, AT I S SRR SR BT VAR AU Bl A0 o S A AR A N AR AR
T RO 2GS R, 78 11 MBI X 4> - AREAS T femn 28 N o 2R S
72 B I fig PR 25 Rt 23 H B> BV FEAS Rl AL, TR TTIEAES ) 2 (HF
B FIZEHN 3 (EKD. 2K 5 CR/HE7) RIZEA 14 ORMD. 285 7 (B8
/37 IR 8 CFHRURIME) St il AR LB AR sy b 200 |, R
T RIFMERGETT, BT T BONEARR 73R8 R . X R T T iE 71 Re %
T iR A v 4 v T ESEAR RU AR BT, SRR BRI s X
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Fnl (BB S E R, S B RIS Ik At ) 2 s ke AE, AT
K BESRTH 2R M) 1 X 73 FEAR I3 70 RAE L
R 37 AFIFER N 2N EERE I T R R (%)

Table 3-7 Classification results (%) obtained by different methods for IP dataset
M3D-

K% RLMR RMGs IAPs SPaCR 3DCNN pinN  SSTN A5k
1 100 9730 7895 60.53 9737 8421 9048 100
2 8747 9720 83.59 8599 9571  90.85 9413  96.04
3 83.92 9479 8409 5540 8438 8182 9752 96.16
4 7371 9139 8550 3500 9650 9450 9423 94.17
5 9584 9687 9146 9098  90.98 9268 9569  97.28
6 0444 9579 9467 9935  99.03  99.68 100  99.52
7 9091 100 9130 4348 9565 9565 100 100
8 99.75 100 97.04 100 100 100 9925 100
9 88.89 100 100 1875 6250 7500 8824 100
10 8643  96.65 8824 7382 8824 8436 9570  97.72
11 8834 9398 913 90.60 9281 9204 9686  95.15
12 9130 9753 7376 7336  83.10  89.66 9654 9791
13 100 9942 97.11 9942 9884 9942 100 100
14 96.55  98.98 9749 9777 9842 9758 9859  98.98
15 8520  98.68 9113 57.19 7339 7829 9206  99.38
16 100 9506 9744 8462 9487 7692 9059  98.73

OA  90.15 9634 89.57 83.68 9239 9130  96.58  97.16
K 8876 9582  88.10 81.17 9134  90.10 _ 96.10 _ 96.76

(e) 3D CNN (f) M3D-DCNN (g) SSTN (hy A=wITL
K 3-11 BIER g it 5 b5 Jiia i 7y 3R R I
Fig. 3-11 Classification maps of different methods on the IP dataset
2 st ARJNEATE PU Btk LRE B REE R NE 3-8 o, N
T EUMH LR & TR R ROR, B 3-12 R TR 2R R K A EE T A
EOEIE > IITE, ARBEPR MRS T R B SRR, R OE A AU
ISR Ineon] 1 CGhatieg) ASEnl 7 GRERTD fets RIFHBETIX 7, Rl
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2, ZAUEERRE XTI 5, B8 TR ZRABCR G A,
REZ MBS LR . MIPSRET RIF T LAE B, Flrdf 7 VAN N 73 25 B B st
T, JUHGRAESRI 2 (Fih) . Z9) 6 (BRED M3 7 ) B AR X IEEE Y B &
EAE, 023 18] 73 AT LT EL ' WA S i 2 35 B2 vy 1 3 St H A i) 3 G k)
AZH) 8 (FEHL), “HWEAILFWEONTEN, RRYIAR T Frif ik iaid oy
SE AR A I IR T2 RSB IAE AR R I AESCIBG, T Rt i B R R ROR
% 3-8 RETEM ALK BRI KL R (%)
Table 3-8 Classification results (%) obtained by different methods for PU dataset

K| 2 M3D- R
RS RLMR RMGs IAPs SPaCR 3DCNN pinn  SSTN A& 5k

1 87.26 99.44 96.16 88.25 94.63 96.19 98.16 99.65
2 86.13 99.17 98.57  99.69 91.98 91.37 99.66 99.94
3 50.92 99.48 8540 72.65 79.68 85.20 98.15 99.65
4 92.80 99.96 8598 87.90 95.70 95.02 98.18 95.74
5 92.91 99.84 98.83  99.77 99.77 100 99.92 99.77
6 58.31 99.64 9341 62.68 98.14 97.63 99.60 99.92
7 60.57 98.89 8930 80.35 80.11 88.75 99.02 100
8 55.90 9791 91.11 86.87 98.26 98.31 94.89 98.88
9 81.24 100 97.00 96.77 97.33 99.78 97.16 98.89
OA 77.93 99.26  95.05 89.63 93.32 93.79 98.16 99.46
K 70.34 99.02 9345 85.94 91.30 91.92 94.88 99.28

(d) SPaCR

(e)3DCNN  (f) M3D-DCNN (g) SSTN (h) A FT7%
B 3-12 RZE KA Bl g b % Tk 7 R R I
Fig. 3-12 Classification maps of different methods on the PU dataset
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RS =X et d, 3R 3-9 WA T AR EEER UL 2 E 5 B
BRER, B 3-13 NIRRT &IEN T B REa R . 5 E—Hmohikk
WKL, ZEBGsHEE T EMARESMAGHY), mHEGRESESZ
BT RERERT, SEEERN “ R RY7 M R SR E AR,
X G e AR 2R R T ORI Bk . AT EL 4 SR AT LG B, A A i 77 VL
BT I I RAR RS E OA Al Kappa 230, JHTE%2 = 2S5 S 2 i
52 R ORI 1 (@ R ED S T S IS N 23 2R FE . b4t SPaCR.,
3D CNN #1 M3D-DCNN 2§75 i 73 8 7735000125 [8]_E AR AR i an o) 8 (7
WX FIZEA 9 CERS) HIL T BN SIS, ARSI EAGE T 88
&SRR BN E S B bR = R, [FIRERIE TR SR 7R 2 (R A R
SR, NI RES TE NG B A [RI R S M 1 S5 38 PR AE, DRI AE 200 7 (fF
EXD AZEH 8 (FLIX) S5 G RGN RN X 7> LRI T BRI 5ES 71,
WD TR FEARTRIEH, FRRTE 7 H) o SR HER B

R 39 AFRTFERARIOC AR R KA R (%)
Table 3-9 Classification results (%) obtained by different methods for HU dataset

Sty 4 M3D- o
S RLMR RMGs IAPs SPaCR 3DCNN  pciny  SSTN A jiik
98.30  99.14 9793 96.04 97.42 98.28 94.90 99.91
99.31 98.64 98.11 98.80 99.23 98.45 99.73 94.46
99.83 9951  99.67 100 98.02 98.35 99.67 100
99.91 99.74 96.27 98.79 98.96 99.48 96.43 96.66
96.79 9539 99.13 9991 99.74 99.05 96.64 97.34
99.57 9871 96.60 97.45 96.60 97.45 92.34 100
94.08 9596 96.52 94.14 80.81 90.66 93.32 98.00
94.18 9540 9333 84.75 83.19 86.74 96.99 96.02
88.20  88.32 89.24 84.60 71.08 82.70 93.91 97.13
9349 9744 90.06 95.69 96.31 91.29 95.86 97.66
86.96 9535 94.15 82.18 89.00 82.53 91.75 89.58
85.11 9321 96.68 78.04 89.59 86.26 91.88 96.02
8536  81.87 97.10 70.18 88.92 93.67 85.71 90.34
9337 9825 9793 99.70 100 99.70 99.70 92.10
99.82  99.82 98.77 98.95 99.47 99.82 99.65 100
94.04 9593 9565 91.75 91.51 92.57 95.27 96.32
93.54 9559 9529 91.06 90.80 91.95 94.88 96.01

ARG ET oSS oo o s wn —

(a) RLMR (b) RMGs
K 3-13 RO 2 Bt 5 b % vk i 7 SR R I
Fig. 3-13 Classification maps of different methods on the HU dataset
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FEARZERT LA R szae g, R Tz A8 i B A e s B S T T
W R P RRIGUE AN 234, O 1 — PR B i 5 VA B R e S H )
S RATS ARG R, AR B N B X (LLARAE T S A
X GAdbE R ) KIS BT 7 K500 . ik o R Re ORI
IR IR 2 21 7732 RLMR FIVR 22 3] J792: SSTN E RNt b 5k, A2 AR AE$2 HL
TESSHR B ST — 1R — 2 S48 7 2848 NN AR H S 200
RIBE LA AR REU2SIR Fh 23 SR8 3 AT M 28 X 55 o BERBEATHMEL 50 Mric B A
ﬁm%%,ﬂ%#$%$Mﬁ E344ﬁ@3qs%??%ﬁ%&%@l%%%
WG Bt R, R 3-10 MBI T & 5L R E s 545

Ay A &
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B 3-14 AN[RI 77 V27 i 0 5 e DX 1) v Dl 1 7 2 45 SR K
Fig. 3-14 Hyperspectral image classification maps in the Tangdaowan region by different methods
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(a) RLMR (b) SSTN (c) AFEJT1%E-RF
3-15 AN[FETEAE L XS m i 2R gh KK
Fig. 3-15 Hyperspectral image classification maps in the Xiongan region by different methods
* 3-10 H7EEEERE S TIEN KSR (%)

Table 3-10 Classification results (%) of different methods on domestic hyperspectral image datasets

S B HEZ R O
KRG ATk AT AR AR
RLMR SSTN NN RF RLMR SSTN NN RF
1 100 99.89 98.06 99.73 68.71 94.98 97.42 96.42
2 97.50  99.05 99.32 98.97 82.06 90.18 84.83 87.17
3 99.47  99.55 96.60 99.46 82.79 95.22 74.40 78.87
4 98.93  97.78 98.45 97.50 31.41 54.05 82.17 87.36
5 94.56  96.99 99.92 100 65.44 91.10 85.79 88.70
6 97.68  99.95 99.65 99.35 40.29 56.99 59.05 55.23
7 96.98  83.84 99.74 99.87 72.86 64.80 86.80 86.66
8 9227 9178 99.87 99.74 99.10 100 98.02 98.92
9 84.99  77.40 98.95 99.06 — — — —
10 9288  92.73 93.54 94.65 — — — —
11 100 99.97 100 100 — — — —
OA 97.94  97.56 97.95 98.91 70.95 82.16 82.55 84.20
K 97.53  97.10 97.56 98.71 65.53 78.79 79.00 80.94

MBI 70 SR EE R ERGE B 72 845 R LU Y, A& 4 (10 S 1 RS AL SR R
TIFAEA ISR (1 73 A8 25 AF T AT T s I B AR 0 2R 1, B TR >
BAEMIBENL > 2R4% RF I B 1073 38RE 77, BE M T meils BRI X 7
55 XT3 BB B A HOC AL w1 2 2, sl 7 (Fh) RIS 9
CRRE. 2K 5 ORRAATIED M35 8 (BRAIE) &, UM SE T SR
BRG] 1 RO M3 7 CGEHD, AREFrHRINEIUG T RN
OrRAGIL, R T Tt iR m e BRI A P2 R P A Rk, g
oA R MDA 22 e, SETI IR AR o RIS, AR T A
PRI, AFRITER S RE TR E D, FEHTESRTE
R IX IR SRR X 3 o BEAL, I P 2H B R 22 oh A = P4 7 A i s DR
RN REREAT 1 A, AR PRI AR 15 BRI G s N — 1 H
PIAEASHS RE 7 26 21 [7) 288 ) ) B il RERE A AN SBREAS, /N 1 B AR f) R 22
DRI it SE I AE A AL S SR P MWD I A R 0, o8 SR R R A PR R ] 31K
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JeVE Bl AEIIRIE A5 . fa, TR SO NPE SE M BEE 230 br o e A SE
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T INGR, A BERGBONERER 72 KA R, ASE T30 i Rt A i A A 2
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FAEFEANEEIREROR, 46282 a1 R 73 JENE AT 7 40k HL ) — 00 o
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FER)EH R AR, IAF I3 280 B AR BB A e s A2 26 A B TE b AR A R AT 2001
PRVE, N R R B & RAS, TSR THIMEA SR D B i e i B 1R 0028
FEE . (T REZ R R B SR 2 H b iS5 is a2 I [N, AT
TR 2 B AR - R R 2 1) PR B SR o XS AR AT e, R 1 R 2 ] B
ERIZIIREA TR (ORI, LeAh, Bl A s IMEA P IR ZHURIR T
SR RS RIE, AL T AFSRENE BRI F IR A I AR R, 2R
P R] 2 D) R TEFZ AN TR 70, R X o FEANE ERf . > AR
AP AR S ]

FEXT B A, AFIRM 7T A B A SN2 ARG B A 1 EDE T R
AopIRTi % FEER 3 Fm, Pk A S BB G2 T mo e
FEMRIAEH, JRR @ T OYIREAS 1) ey B T SE QR A b, fEBLAEAE B, AFE
S FH e B AT 5 (1 QISR 5 4 AR 4 M B 2 ST ML) TS A 1 PR AR B P I T HE i J
BIREAR, Zia CRINAE BRIE B BT AR5 B I R 46 IR 2R A 2
B, T SEIARIEAEAR NI B 78 SRR, 25 58 R S £E S5 S 40 11 2 ] [X 3
HHEES R R FESE, ZE ARG E D RiE M Bk, BN
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Fig. 4-1 Image interpretation of each dataset with different number of labeled samples
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Fig. 4-2 Flowchart of the proposed hyperspectral classification method with small sample size

based on semisupervised learning and multiple information fusion
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Table 4-1 The nearest neighbor matrix and its corresponding class label matrix of the dataset X
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Fig. 4-3 OA in different stages of the proposed method on all the datasets
with varying number of training samples
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Table 4-2 The number and accuracy of the pseudo samples in the sample augmentation scheme
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Fig. 4-4 Labeled sample distribution of the initial training sample set and the enlarged sample set

for each dataset

K 4-5 . B 4-6 ME 4-7 WR RS 15 8dE 8 785 I 2R AN EE B X R
BRI eI M Bt 2k, B R (45 R mT LUE 2, BN D FEA SRR AT R
HIFRICREASERBEAT I T8 5, A [F) 2 0 0 S DR A~ 259 D' 1 ey 7 ol 28 LU e 30 s Dt
B A SR TR NS L R 25 SR~ 28 0l v e S T 2 o 5 5 T TED PR SRR SRy
Pl BAUEHT, A 5 ik aE s MUBHE SEAE A Y ST iA SR T T R B X SR A
i FA) JRy PR, MAAH R AT 1) 2% ] [X sk e J S SR I V) e A 3 AR UL ) T4
MR I TEAR IS PR A e G 2 25 P R e I OO AE A, I S PR A RO G A
BAFEARSERIFENE, T 1l 52 R A AR 2355 B R IAH R A AE IR &R, 0k
IS S 2 PRI, e S P 51N v EEAR DAY B &2 [ SRR AR 2 5 b P 2031

- 68 -



3 4 f TR )RS RS R A IR A K
DXy HIAFISZ i o

7000 7000
6000 6000
o o
315000 5 5000
= = VAN
7 4000 4T 4000
™ 3000 3000
2000 2000
0 50 100 150 200 0 50 100 150 200
JETE B TR B

() 3 7 JE RS T 2 T e L 2 (b) 0L P o R S P 2 o i v 17 h 2
Kl 4-5 ENEE 22 G080 4R vh 25 SRR 2 F0 B0 A D' 1 i 12 o 2k
Fig. 4-5 Mean spectral response curves of different ground objects
in the labeled sample set after sample augmentation and the ground truth map of IP dataset
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Fig. 4-6 Mean spectral response curves of different ground objects
in the labeled sample set after sample augmentation and the ground truth map of PU dataset
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Fig. 4-7 Mean spectral response curves of different ground objects
in the labeled sample set after sample augmentation and the ground truth map of HU dataset
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ANRIEH BIBRCREANIAN A RO 1 23 (] 8 AR, B 7 iR A A Bt 4 B
BRI ISR L OA W 4-8 o, MEIFREERATLAE Y, OA {EREHE & H RS HY
REAR ERBUETH R R ES . & E - BIFEAYT )5, Ptz
AR CFEARERATRANEIE T 58, DURE S TEAR LR AR Oy Ja) 22 18] i 1 [ s,
AL 2 (B AT S B AL G A RS RS, SeBLE T R AR A o X A5 2 51 S R
OFEARZFGIMEIE . W= A & 1A RS, AR MR 5 1) A2 8 KR 1) JR 8 (R oA
A, FEUCIE G B 24 AT X E ARSI, ez, AR E D RSTER,
AREZ IR T IOREA, WA AR A SR (R HERfR F90A) . 38 I3 4 RT
Ry TB) 1, AT A B s R A8 )5 DX A8k o 1) SR AT SUAE I, ANITTRE— 25 32 T/
AT T IR BRI RE R

100 100 100
96" IP 97t IP 97,5 -+ IP
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Fig. 4-8 OA results as the change of window size with different number of labeled samples per class
for each dataset

4.4.3 FEMEEXTEEFN D 4T

NE— A B AR B T B 7 VA AE R e AN AR ) FAT S5 P A R, AT IR R
TR TR T IR AT W) 4 AR RE I LU, B S R T AN AR i 1 A B S (AR AR
TAPs {153 2K07 W1 3D CNNBS,  DLRTH ) /NREAR 254 1 il 20 2K 05 i 3
THGE R FHREAY 78 )77k SGTSE, T B W B 22 ST R AHR 248 1 43 25 071
SSADUVL, TR D REA 2 3] 1945 257715 DFSLBSIFIEE T B8 3 /D FE A 2 2] 1 432
J71% DCFSLE, bk, HERIA T prfe 775w I 3wl BUER 2 R 8 2 HE B
FIH, FESLE I FE BN N T 3 T 0 E 2 A5 S ft & (Fusion of Dual Spatial
Information, FDSD) [ 5 Y63 b 43 5 4EI3), %77 7% i i Ak B AR AIE 3 HURN Ji5 4 2
AP 3 2R, 18 T S5 5 TR 28 (AR AR 2 1) SVM 2R R, J5
HAY RIIBENLIEE R B T2 MR 2R R, BB S g mh A sk ms 3k
B RIRRZS . HHE SRR v, AN B MR R SR BTV TAPs HH 0S5
SR UZEE A AR 73 8] 2% 0] (R PR RS ) A2 7l B 3 F 2, SGTSE iM%
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2 FIHH 500, SSAD AR % =) Z MR ZE I ZR E73 71 79 0.0001 F10.00005,
DCFSL I ZREe H0M 5 31 243 il ¥ B 2 1000 A1 0.01, AR &S 505 M N SCHERH
BCERRF 2 L X SRR B BRI ERCR . 1bsh, T DFSL Jj
PAEH] T HU Bl e VE gUiek, BRI A9 DFSL % HoAt 9y 2 80405 46 AT 73 281k
RERYIAE . X T AT AR K/ NEAR ) K TT 5, FISHH) W E 5T — 15 H Rl sk
T IR PR —H

%1 HSRIRAEEN S 2 1P Hla e LT, X TR—130, MG g bRkt
KR RFEBENLEI 5 MRCFEARIE RIS, KR RFEARNE 50 %
RIS FHGE, S THERRN DTG CAL BRI OA T Kappa 5
HETELERDHICKER 4-3 1, SXTTEMBI 3 2REE RE . ARE i
IEHIRIAG 7> A8 R A& R R R A RNAE R 4-9 it T Eox. AR
FoIas KT LA R A , ARl 7k, AT W7 ESR AT 1 s Ul
AR RKEE OA 1 Kappa H%EL, 707l 85.20%F1 0.8323. 5 SGTSE.
DFSL #1 DCFSL Z8/NMEARSF RITIEM L, A& P J7 kR A R X 73 Dt i A
AR, a2l 2 (Rt Eok) MZEq) 3 CUD#FEKD, HAEA R ZHHY)E
A AR T RAFEIIX AR RE S0, 0 HA 7 V200 B 7 S 45 IR AR AR BN 2
HHEE D BLA

K 43 NFETFEAEE S 2 8dE 5 EaRE R (%)
Table 4-3 Classification results (%) of each method on the IP dataset
Fagn's  NZ/MiR%E 3DCNN IAPs FDSI  SSAD SGTSE DFSL DCFSL A ik

1 5/41 73.66 38.25 100 90.24 97.56 58.28  96.10 94.63
2 5/1423 35.05 6195 71.65 43.98 58.90 5898 30.24 84.12
3 5/825 19.71 45.03 71.50 65.55 71.71 55.68  36.51 70.08
4 5/232 28.19 3592 8339 8l.12 90.95 29.75  68.10 94.57
5 5/478 45.98 76.32 9223  72.89 80.50 9691 68.66 81.59
6 5/725 54.79 97.70  96.71  95.59 93.05 99.26  88.96 97.54
7 5/23 84.35 34.14  43.79 100 96.52 30.96  95.65 86.96
8 5/473 84.02 98.77 99.46  98.18 100 99.91 74.16 99.92
9 5/15 98.67 10.25  78.37 100 100 10.08 98.67 98.67
10 5/967 45.07 48.10 7271  82.63 80.21 49.82 59.96 86.33
11 5/2450 26.06 7241  90.80  69.73 70.89 76.07  57.05 77.93
12 5/588 22.93 44.61 6050 55.58 67.79 52.04 3493 84.52
13 5/200 81.20 99.13 9778  99.80 99.10 94.60  99.20 92.90
14 5/1260 58.43 93.63 9299 96.29 94.38 95.81 81.16 92.65
15 5/381 9.92 6691 82.04 6194 93.70 62.66  56.27 94.70
16 5/88 76.14 9147 77.27 100 94.32 87.00  97.50 80.45
OA - 39.51 64.80 80.33 73.82 78.56 66.97 58.94 85.20
K — 32.84 60.47 77.77 70.33 75.82 63.12  53.77 83.23
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(f) DFSL () DCFSL  (h) ¥l () S KK () KA
4-9 ANFITTVELEEN SR 22 R AR L1 70 2R 45 R 18
Fig. 4-9 Overall classification maps obtained by different methods for IP dataset

FE5 2 LS8, X IA4ETE K27 PU Bt SR Wt A FUE T /) 7098, 3R 4-4
VRIS Y T A SR I ZRE AR AR E A KR, DLRAN R s 2010 i A o3
KNG OA. R/ ZHKEFE CA R Kappa REL, MR 7100 2K R E.
AT PR ITIE I RIIR 7> R R S e & R A5 R E WA 4-10 Pios . MRS
ZERVTLER], Prifnsalh 1R T AR TR M 2R RE, R R T ALY
W 7y 2RE5 R o

R A4-4 AFTHEAEMRYEE KA H S L REER (%)

Table 4-4 Classification results (%) of each method on the PU dataset
Fagn's  NZ/MR%E 3DCNN  IAPs FDSI  SSAD SGTSE DFSL DCFSL A J5ik

1 5/6626 44.03  87.67 8451 2284 8045 9298 7840  94.67
2 5/18644 59.06 9693 9240 8147 8244 9635 7311  91.10
3 5/2094 33.58 6433 5474 6943 9489 5674 6240  97.55
4 5/3059 7780 8379 7934 9287 7563 7590  90.02  64.95
5 5/1340 8340 99.92 93.15 100 78.10  99.87 9870 100
6 5/5024 3465 4488 8480 1641 97.67  49.63  72.08  98.30
7 5/1325 7060  68.09 90.17 9592 100 4289 7926 100
8 5/3677 66.96 5829 80.77 39.40 84.10 5928 4876  95.49
9 5/942 98.15  93.86 8447 9832 4478  99.08  99.56  59.58

OA — 56.62 7342 8392 62.74 8376 7321 7398  91.18
K — 46,58  67.16 7878 5199 7925 6674 6685  88.47

FHECEE — A SEIR EN AR 2249 TP BRI L0 Ig 5, M4 R PU iS85
TR AR L X, HAEESMRE. RARAER &Y, tasE
A GE RN 2 R, W2k R) 3 (ER) FIZR5] 8 (REA), BRI
IR . W& IR EBUR AR EL 25 BT LU i, SSAD. DFSL Al DCFSL &5/)s
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FEA I RITVEARAFALE SR I GRERE . R SRIADEE 0 AER I 5,  TT0A 3 fir
RIINEGE WA T R0 B i 2 MR ARG B RoR, A Rot i i
RN IIREA R [ 23Ok 28, Mt [RI S P B] AR R S R I, AT 803 /NFE AR
AT T 2REE R BUAh, A E PR 0 75 VAR A BB 45 K ELBORS A R ) H A
) 3. KA 5 (EJEi) MSEH 8 LATHUS 1 i mHIRA 0 RAGEE, AN
3t A1 F AR SE st i i, ELXS e s FEAR B3 DS an S0 1 CRad it ) A1
A7 GHERID LKA BRI ano) 2 (Fi), A& i i o7 ik
WA T BB 7 2R A5 R

(f) DFSL (22 DCFSL  (h) #IEEmEE () &&HRE () AEAE
Bl 4-10 A [F) T5 AR 4R K 22 et 5 L 7 R 45 R A

Fig. 4-10 Overall classification maps obtained by different methods for PU dataset

55 3 ASEIGAERITIOR S HU B g ERtAT, 28R m 8 T Th e X A
o, FASRI AR AR EoNE s, AR )ZE w2 X . I ZRAn
BRSO DL & D7 IR SR 73 B RE FE OAL BN 7r AEE CA M Kappa 4071
T 45, MNKSTTED RERIFME 4-11 Prox. S5/0FEARRITIEMLE,
S IR GIE AL S e ) 9 CERR) FIEH1 10 (R A k) #REI
T BIF R SR A AR A T H AR TR . TS R AT [
W H b2 10 1250 11 (Bkig), WS TRONMERRIARES R . ST
RISER A5 R, AR WA 2SI B IS TR 0 RAE R, 7338
2 R AR R L SEINTE . NI SR A, BB PR = S T AR
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R EINR A RERE AT AE 2], it B 5RAG mot i st 7 K41 K,
DU R D, SR X 0 BEAR B T R E IR, AR EAER] T TR T A
TERDGIE NEAR T BT 55 BRI R &L . JAh, 458 &AL LR SEE
RV LLEF, TAPs. FDSI 4575l il ¥R 2 b2 Ja ) i S M5 B, G2l X
5 ARG RS T ANAER , RILH 15 SGTSE. DCFSL &8 /IMEA 7326
JTEAE SR oy SRIERE, XA M T 2% B 2 [R5 S8 B4 280R AT B 52 71 - e 3
YIRS RE AT, AT P32 75 i H e i G b 22 SR A 1 2 1145 R R I it
PIREAS TR N AESCIBE, DAL T (] /NP AS 70 SAT 55 I e B SE O BRAR K PR RIOR
% 4-5 RRETIEERITTR S BIRE LI KR (%)
Table 4-5 Classification results (%) of each method on the HU dataset
Fagm's  NZIliKEE 3DCNN  IAPs  FDSI  SSAD SGTSE DCFSL A& Jrik

1 5/1246 7371 9400 78.08 85.67 7467 87.09  77.17
2 5/1249 68.04 8547 60.03 84.63 5444 8758  71.32
3 5/692 7159 9841 9991 9928 100 95.14  99.86
4 5/1239 4872 7745 6546 7272 4199  89.67  63.16
5 5/1237 99.50 90.82 9569 100  90.74 9547  95.04
6 5/320 6125 96.19 89.56 8234 9125 8275 8481
7 5/1263 37.17 7927 8622 64.69 4659 4899  50.96
8 5/1239 4576 5427 56.85 4278 40.15 4139  36.93
9 5/1247 3299 6843 57.17 7129 3262 5148  72.09
10 5/1222 21.19 5282 6395 3425 8550 6149 8542
11 5/1230 2280 54.06 8736 4748 8449 5381  86.65
12 5/1228 4026  59.06 8032 39.09 51.03 6311  61.87
13 5/464 3922 3733 69.60 50.00 8431  78.06  84.27
14 5/423 7924 9387 9343 99.76 100 74.89 100
15 5/655 9573 9374 96.65 100 100 9139  99.82
OA — 5296 70.09 72.05 6848 6627  71.11 7430
K — 4931 6774 69.80 6605 6374 6881  72.26

(c) FDSI (d) SSAD
B 4-11 ANFETHEER TIOR3 4R ) 7 2845 R K
Fig. 4-11 Overall classification maps obtained by different methods for HU dataset
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4.4.4 EFSiigBGIMERTEN A S

N T BB IRAE T e A FOTEE AT Rk, AN AL A
e G R R AT 3 3 SR 23 A, M RAS 2 AR SR 2 B R T PRI A4,
BEALANFEBEIR o X 4% A o i i 8, RESSBENLINI 5 MRS HEAE NI ZRER
FoAb R R FEAAE MRS, A F P 5 ik h S IS HUS AT — 1 K S HO & R —
Bl BETABRRMEAYT RTER, WHBIEEZY RERRCHEAS RG]
FEAR R AR B 4-12 s, SRIR SRR, Py kil o BB 22 >
A EEAT A AR TR ICAE AR AT I, BB IO 5 OSSR 2 — B OV PR A
&, LIS HEFEARY TS, WEORERICHEA K H A SR A L

(c) MELHIRETIAFMCAEARI AT (40> (d) HEREEREY REVMCREARS M (777D
B 4-12 25 F N EDE SRS P AR IC R A A s A

Fig. 4-12 Labeled sample distribution in domestic hyperspectral image datasets
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WAL, AT AR B — 5 moai I A S Ve R IR UE T R BN AR = 1) FDSIL
SSAD il DCFSL 1E AR L7775, AR I N 7> A CAL AR 2k
& OA il Kappa REE N HIatrsi RUIK 4-6 Fior, WAEIRE L& T8 B
SRGREWE 4-13 FIE 4-14 Fion. NRBFFINS R UER], METIT—
TR m GRS RHIE SR O VRS B IVILR 45 B, AR EFTi J7 1A AR08 B MR TH /N
ARG T IHA) o3 SERE B, 0T AN [F) 3 S X 337 s v R A0 TR0 B5CR A5 21 T B
Mok . S5HAMPFNEAR DI IEMEL, AT AR5 R S 4R P J s R
B i e v A 4 B AEUAR T B s R A AR bR, R RN T R T X 3
[ S AN 32 AN 250 2 AR ) DA R I 22 [X 3k b 5 VR 3 Hh ) 2 531
1 (MO 505 O R 7 (HEHD &, #EUR T S RN o R 1,
Ml R o Sl R L, [FRE R LAE AR F T3 0T iR A G LT /b

T 46 PEARFZAT B EDCIE AR B & TTERN SRR (%)

Table 4-6 Classification results (%) obtained by different methods
on domestic hyperspectral image datasets with small sample size

e MR WREEE
%%  FDSI SSAD DCFSL Zf” Z FDSI SSAD DCFSL Z;iﬁé Zj:;
1 100 9931 9936 5816 9997 9517 9847 9837 9581 100
2 7856 9357 6736 6165 9990 8829 3498 6502 6661 87.25
3 9874 99.00 9750 8590 99.74 9278 5331  49.15 5339  69.25
4 9984 9655 9002 7699 99.92 51.69 69.84 81.51 7506 99.75
5 6920 9574 99.63 8773 100 4842 9837 6140 8391 99.64
6 9793 9175 9853 9956 100 5277 59.85 47.10 3587 3723
7 9270 91.19 8375 5707 6179 8154 8678 6872  79.66 89.08
8 9819 6948 99.03 5163 9542 9993 9974 9742 9295 9871
9 8982 5656 7067 6889 99.56 — _ _ _ _
10 9436 8043  89.67 3028 3898  — _ _ _ _
11 100 99.13 9872 53.17 9991 — — — — —
OA  89.01 9433 9193 7093 9478 77.05 6407 6725 6837 8162

K 87.28 93.25 9045  65.68 93.71 73.06 58.83 61.23 62.63  77.88

i 5

(a) FDSI 43 45 L[ (b) SSAD 4545 B [ (c) DCFSL 40 45 [
] 4-13 INREA SR PR T RS VMR 6 7 VR 4 K T

Fig. 4-13 Classification maps by different methods with limited training samples for Tangdaowan
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Fig. 4-14 Classification maps by different methods with limited training samples for Xiongan
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P RMIGNBIE A BRI, B 3 mrhik T eptilh BB ER
WA P29 tH DRI 5 O BE A, ek 1 2k o B S ST A R] SR QA R
AYFEHMG, A A BRITE A5 BANRBIREE R R B 1015 U5 B — Bt AT & 1A
VER) i RO REATR L, SEIUR AR ICHEAR R R e, R, SR TR
TR E R X E AE B 5 S IREASRBUE 07 %, AEXS AN SR 2 8] 45 22t AT
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HPRFVE RS RIBR 2tk b, JE I B 5 JR S e R R SR A A 22 SRS R AR OR B
JEBLH AR SCHE,  SEILHARFEA ISR BIERABIE, IR BEAR S (4 E R
AR IS AL ) 73 2845 R o S aE RARW], AT I RAEAF &k
AR SRR [ A0 22 A s i Bl g B AR I B B9 R 2R ) M X 7y e )
SR MNE S SETTIEM L, PR IA I 70 2R 45 R B A R DL D, X 1]
I3AT s RS RN Z2 53 BEROR B ) 5 B M 5 VI 0 1 ) S B Jre It W 8 32 4
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B5E ETESEERHNSIEEIGS K

5158

e T PG I 4 3 R RO 2 R GRS BN =4S T AR, AR
IR R B AR E PG E B A RME R, Hi T8I REL 2N AR R
ALK, FREOGEAS BEAAEE KA E M, w30 2R 5 77 R 1)
LiDAR ##li, ZHETFIEDS, seR iy ats. 4t LR msE s,
I, BT RS ED T BB ARSI S, M LiDAR i # B s i &
BATH R AA F M. HAT, LiDAR E3E4HI T K mai 280715k
2 K FURFE R 1 2 U5 e K 45 B R 77 20, AR T U B8 i . S Al R R AL
B2 T 2 U550 A2 RS R iR s B B 3k R e MR AR, SR TR AN
P 2 VRS P A A TR, BRD BN S R E R R . kAL, ANEE IR
R 2 U A RS O R R T R, A RSO A R R RS B RS R
SERWP) ) SRS A R0 A B OB PR (s o B0 BRSO, dnAr 78 Jy iR
WA LiDAR Hoil b ) BAMAEE B, Mg I Re i sR . M2 N 2 EE
P b A AR A R S S 4R R e i 5 LiDAR HUE 0 [E] N mhs B s 0 5

% & a6 IE G R A FAL R B4E B R R R IR [F] — ) H bR i L i 2
FEVERN 22 Fe 1, AT 22 400 1] 27 ST USOT FE AR N F 1) 22 Y05 S5 A 8 S i Y 43 25 v
FHAZ BESHIRE BRI Z 2 B 2 M E R ER R, 1—RTEA R
(A SRR ), FFESE AR ZER EZESE RS EAME, #&E B
R [F) E A R R . BRI SEELE AR A E = AN, EAE AR
RS EAE b [F] — & MR 2 [BME B AE S b ) R () — B AN [5] Je8 1tk 23 (Al B AE
ARk ER EAMER Z R, MR TOLEE R, MEEEMZ BTG R
B2 0 EEdE R 7~ (Multi-view Data Representation, MVDR) . 2R 5, 11 1 %
X b B R 5 2 R KRR S B a7, R T 2 SCRGH TE
% B M 4% ( Multi-branch Dual-channel Graph Convolutional Networks,
MB-DCGCNs) [ Z M B R AEFR U AL, 2B H ARfE 2 M EIE B AR
R, RS BA AR 2 M ERHIER R, B, AT oA Z MK
AR 22 5 P A B AR, $R W T — Bl o S EAE E  H) r 2R 07 vk

(Progressively High-confidence Label Assignment, PHCLA), 5| AR )15 SRk
RIS S AL T ) 7 R4 R, faos th [F]— B ALEAS [F] A0 R R R
N NHTEESRER, A AR REN 2 G BRG 7 ZI20 B iE UE R 5B &R
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FEARRIRZ AR E R R, RAEE 2L I ML R 5 BfE (Multi-view
Feature Learning and Multi-level Information Fusion, MVFL-MLIF) #7575, M#EK
ESRTT I3 S R ) P FEAE AR I

5.2 EIEFRMGRIEE

1% G 26 R 22 9 2% CNIN R SRR X BT AT 2 [ 5 RO YRS ARAZ ALY, CR)
JH 23 1) B 0k A ER A oA RAR R R AT IG5, XE DIAT ROt 3 5 25 1) |
ARG B EFEAE S, T H BRI RIR T RREAER]L, T HESIAS I 1%
PEARMEELFE N T . BA3D CNNAREAL ], 78 A0 2 iy e i AR a4 LRI B LA
BICHEA Iy G2y r Y IEDT TR B0 CVAR38, LR B R 5 T AR 1 S A it AR
NN, BEERZ . AR R S RIS, A R R I A
B 5-1 from. Hdr, eI ARE 0 &l o i A\ B AN R 48 L B 1 — 4EE R
LRSI = e G ARERAT, AT R MR IR VR, 25 j N RE P AL E N
(X, y,2) (AR LE TE AR I 22 XAT Rom A

P-10,-1R-1
vl-,=g[bg,-+ZmZZwa,i’v((fjﬁ’,i(“")(”)j 61)

b, RO EBEBIIRAN, wir ERIF I m LT 2 (p,q,7) MHZTT
XFRE AL o ARYE B AR SHE S WCE N G RR . WAL . B0E 2 M 4%
R, B ] SEPUN S HdE B AR SR BRI S0 A€

] 5-13D CNN LS HUR & ]
Fig. 5-1 Schematic diagram of feature extraction by 3D CNN
Ef 2 4% (Graph Neural Networks, GNNs) I3 & 4] HH Scarselliss A137)
EIRIR, AR A A 3 AT Y S W B AE B R A AL, SRR RO
SR P BAE AL B ) A, e I A DUHRORS (B PR B2 B AR as 2%y 2R
WLt AT A SN, VR D PR 2 R 4 By 4 S R AR [ R R 45
GCNGEZJR T BIE S Ab B, 51 T8RS Mg BRI, W UALAE & Erdm
AHHRAE S PR S, B H AR sl S B S8 AT B A,
RIG B R ERF RN o AR G016 AR R X 25 CNINARORE - [8 i )R 1) e sz B 3k
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17 R U P S S, TR B O R (S L, AR5 1 T
O R R A AR U S AT £ 6 T UM B, T PRI 46 GON U 2 e T R 45
B AR SR M T P o 4 50 T R R A 44, EL LA A A
R A, BT SR T B A R SRR 7

FHE A B IE I SR 5, AU 4 GON T L4 A9 2 0 8 2 R P 2
BUIE, A% R BERMRAR Y A2 R 236 R SCB R, 5% 36T Fourierds
BRI 2 UM 5 B R R e B A7 AL B, vk T 7E IS5 M A
DL BB AT R R, TS T R FR A B, 5 Sl A A A
S BB ST A . Bruna S50 v 51 P B O 2 SUBUBE I AR A, 7
SEHERE E, KipERIWelling! Ok — b4 it T 5 F-HUs iy - B PSR e i 5, 9
D43 2R 2 A S L S T S S ARSI, 3Bt B )
Chebyshev 4 st iBiE BB AL, HBURE R SN B RIS 28 B T BT,
S A R AR A H A BB, TS0 AR SR . 0 T LA R4
HIRRARTI S, BTt G =V, E, A} ron, JUhy 3or¥ sitketr, V]=nik
FE 0RO, AR FoRANEEIERE, TR R A N RN, ot RR
E 7 2 IR e B R SRR DO FTE R D, = . A, RF 1 AN 11

B AHM, BB AR L2 — SRR IE e H R, Al RoR N

L=D-A (5-2)
XIRL T n ANERPETC R RFAE R &, TR T n 475 (Al R bR B IEAS 3, g —20
AT ASRAT U — 4 1) S0 Rz A 0 R ) R T 2

1 1

L,=1-D?4D" (5-3)

AP BRI RE, @I X VA — e SE X R R R AR R L, BEATRRAE M, 7T AR

BIL, =UAU™, HrhU=(u,u,,...,u,) FRFEME L, SR n A IESE FRFAE ) &

G, ARNXAERE, HITER A, X RIFFE A &, FFER . S56 708, £
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Fig. 5-2 Schematic diagram of feature extraction by GCN
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Fig. 5-3 Spectral-elevation information representations of typical landcovers in the multi-source data
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Fig. 5-4 Overview of joint classification of hyperspectral and LiIDAR data based on MVFL-MLIF
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Fig. 5-5 The diagrammatic sketch of each individual pixel featured by multiple information
in the HSI
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R, AR @MY EE LR, FAEE 2 IR RS Bl 2k Ay N
S A A TR AL T2 9 PR HE DL vEHG PR b A At 1 M DA S IR 2 1) R S0 B i)
LAz vl BE e A 2 TR AR BR KRR R Ah R R, AT T IR 22 M 2% GCN 1

- 87 -



e 7R LV R A 1 2 A8 S

NEERAEYE, R GON 75 mi 2 (B AL B R EAS B, 456 nT T 58 6 A0 S ek 4,
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Fig. 5-6 Overview of edge contour information in the hyperspectral and LiDAR data
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PHCLA ™, BEFEN A E DRI BE R ERN 9. X ITER S
BRNGHRA S AR F TR MVFL-MLIF 25075 — 2 MR A5 26
SRR 5-1 fiw.

L 5-1 PR HTTIEI I R S

Table 5-1 Classification results of the proposed method for ablation experiments

LRI XL LA
HOR 4 WET WE2 WS ﬂf)”hz & ﬂfm?, 8 ﬂ;)”; B MVFL  MVFL-MLIF
OA(%) 8722 7977 7384 8935 8696 8298  88.60 91.04
K 0861 0781 0717 0885 0859 0816  0.877 0.903
e OACH) 9803 9022 9550 9820  9BST 9719 9872 99.47
rento
0974 0870 0940 0976 0981 0962  0.983 0.993

MEEF R HI LR 0T UUE 5 8RBT, BT XA 2K
1732577 5 B 3R BOAS [ AL B v DRI, Gt o — A0 TR SR U e v
5 RA AT 73 10, [N 170 BE SRS 58 e A A 70 SRR SR o (B3 - AL P s 22 4L
PIRFHESE RO X L0 2RTTE, JRRCH 78 70 25 S8 2R € AL B M A5 JE A JHURS PR ATAS
(7 W Pl P A 2 ) ) LA, SO 2% A 20 SR TR 45 R BEAT Tl B 25 6 UK T4
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Fig. 5-8 OA results of the proposed method with varied number of feature and size of spatial window
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5.4.3 4y RE X EL SEEG

N T IR TR 4 TR A R, AR T AT AR R T R R e
% ZUPEEEIE R LiIDAR FU3E AR 207 T RE LA, IR B85k e 3
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FCNets!'%), T CNN AR BERHEFE A A MDL-CNNs!', T8 & 0 415 )
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Wi, R 7 58 AP R AT 40 2K 1 RE AR F) LU, T8 AP A5 IAIRRE A% L 732,
U1 CNN-MFL, FCNets, MDL-CNNs 1 EndNet £, ZU3EREUISHA E S 1
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Rl T S 70 38, SEINFE 2 OB T 20 R R i & 2R Bk AT i
YX o, PRIMERAS 1 58T X PR 2 70 2R 45 R
F 50 PRIFUR R A2 R R G I v 5 R TR B KR (%)
Table 5-2 Classification results (%) of

different HSI classification methods and the proposed method on the HU dataset

e gk Wk
% 5 FEA  HEAE

CNN-MFL DMVL EMCNN  mini GCNs AREETTIE

1 198 1053 98.42 66.23 83.40 99.88 83.10
2 190 1064 96.96 53.52 90.74 99.23 85.15
3 192 505 100 88.17 88.58 99.23 100
4 188 1056 95.05 62.16 90.98 99.09 100
5 186 1056 96.31 87.00 94.65 99.15 100
6 182 143 18.29 54.33 100 12.74 100
7 196 1072 64.77 69.55 95.34 64.67 96.64
8 191 1053 71.55 45.50 97.72 80.20 80.25
9 193 1059 80.76 74.62 79.47 79.23 92.73
10 191 1036 85.36 65.33 91.60 74.97 68.53
11 181 1054 80.12 96.36 97.57 85.75 91.37
12 192 1041 75.07 61.36 90.01 86.33 100
13 184 285 94.18 87.12 94.98 71.23 92.98
14 181 247 86.36 98.39 100 99.09 100
15 187 473 99.78 60.76 83.37 97.28 100
OA — - 81.22 68.84 90.89 80.07 91.04
K — — 79.70 66.19 90.11 78.47 90.29

& 5-3 IRITUR B SR B &2 RITIERI RER (%)
Table 5-3 Classification results (%) obtained by each classification methods for multi-source data
on the HU dataset

SR
Z‘%’J MFSuDF MSE FCNets MDL-CNNs CALC CCR-Net EndNet GLT-Net A& J5ik
1 85.24 80.65  98.87 99.77 97.75 99.66 81.58 100 83.10
2 83.96  96.14 9791 99.01 99.67 100 83.65 100 85.15
3 41.58 68.61  84.73 98.63 31.26 65.10 100 48.35 100
4 85.29 99.30  98.87 100 98.6 99.90 93.09 97.70 100
5 69.04  96.61  97.21 99.90 100 99.90 99.91 100 100
6 30.68 1728  22.61 17.23 90.79 19.06 95.10 40.06 100
7 86.02 7031  72.60 67.68 90.65 77.19 82.65 86.79 96.64
8 76.26 88.06  89.55 93.39 94.30 93.46 81.29 88.52 80.25
9 83.01 68.44  95.08 90.42 98.08 89.53 88.29 92.96 92.73
10 97.39 75.75  98.71 91.98 97.96 92.63 89.00 96.47 68.53
11 86.10 87.60  88.62 94.64 93.72 97.46 83.78 99.88 91.37
12 81.48 6825  75.92 93.36 88.87 91.37 90.39 85.08 100
13 87.84 9632  84.94 88.61 95.17 93.02 82.46 98.48 92.98
14 99.2 80.72 9537 95.63 100 98.31 100 100 100
15 97.21 99.37  99.57 100 93.48 99.15 98.10 94.04 100
OA 77.52 78.84  86.72 87.59 87.69 86.95 88.52 89.03 91.04
K 79.43 77.11  85.62 86.58 86.68 85.87 87.59 88.13 90.29

Kl 5-9 MR T &AT5 ik o 3645 R ZIRE 20 7 (8
XD AISEH 9 GER) MREMEFEBORE, W22 RE AT DA, BIRAFRSE
0 A D AE 23 1) Al 22 5 PR ROR,  (EAS = P 48 H (0 7 VR RE 8 SR I 91 1) 7
RER, WAOFEABHEL D, 456 € BRI R R LIRY], AREPTIEN
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Fig. 5-9 Classification maps of overall region and local region in the HU dataset

(k) EndNet

obtained by different methods for visual comparison
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SR R EI DL K G IR E I e R 2 GRS FIZEAI 6 GERR) ¥R X 45
TRIBKIE, XSO R R, RES KA IR . WE S
w UE R eI 0 ROTE S RE RE T HAEBOV B IR A ISR, T2
VR E A3 SRTTVEA N T R A A R, XS R S v A BT T, A
R IBCR B e B 2SN TE M Kb SR L 5. BAh, KER 7> 2R FTTIRAE
BEAT I 70 RIS A T8 0 5 R BIA RIS HE P A S M 2 RIEE R, FE
G A R EAN E, BITESRR) 1 GERRD M35 6 (Fi& kD HtYIX oy Bk
BIAEE . AT 8 I U5 k30 i 2 ML PR R AL S ORT 22 045 5 R 45 S I 5]
IFIE, REWA ROt D FEA, 45 & BRI 70 R IE W] LUE 2UAS [F SR
Wi IR A RESAE R, BB FERECRE R T IR RS .
R 5-4 FpAAtHURSE EAREDCIEE S it a2 KA R (%)
Table 5-4 Classification results (%) of

different HSI classification methods and the proposed method on the Trento dataset
el /S 3

e FEAs o CNN-MFL DMVL EMCNN  mini GCNs VNG TR
1 129 3905 80.13 32.42 100 96.35 100
2 125 2778 87.53 4438 73.30 77.92 100
3 105 374 4291 7.98 73.62 77.60 87.43
4 154 8969 99.58 100 99.99 98.48 100
5 184 10317 99.33 88.04 98.74 99.69 100
6 122 3525 93.28 70.20 98.91 87.52 96.43
0A — — 93.03 60.43 95.76 95.18 99.47
K — — 90.73 51.16 94.32 93.54 99.29
R 55 RpZFEHURE LS 2 WK EN D RER (%)

Table 5-5 Classification results (%) obtained by each classification methods for multi-source data

on the Trento dataset

SR
Z‘%’J MFSuDF MSE FCNets MDL-CNNs CALC CCR-Net EndNet GLT-Net A% Jji%
1 80.28 9949  86.05 91.3 99.74 88.51 85.01 99.69 100
2 95.16 96.9 95.82 90.20 91.15 91.93 95.62 95.73 100
3 85.20 100 65.13 60.83 87.41 70.49 67.65 95.24 87.43
4 99.98 100 99.91 100 100 100 99.92 99.98 100
5 98.67 9949  97.54 100 99.69 99.92 97.44 100 100
6 96.81  98.00  97.93 99.68 95.28 98.41 97.93 98.49 96.43
OA 97.04 9925  95.85 97.04 98.35 96.81 95.68 99.32 99.47
K 96.05  99.00  94.46 96.05 97.79 94.23 99.09 99.29

(a) CNN-MFL

@)DMVL
Bl 5-10 &N ITIELERE 2R RR AR 11 4 2R 25 T LE A

Fig. 5-10 Classification maps of overall region and local region in the Trento dataset

obtained by different methods for visual comparison
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Fig. 5-11 The interface of main functional module
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Fig. 5-12 The schematic diagram of main function modules in the designed software
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Fig. 5-13 Interface display of the document operation module
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Fig. 5-14 Interface display of the fundamental tool module
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Fig. 5-15 Interface display of landcover classification and identification
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et FE AR AR
HSI Hyperspectral Image GG R
LiDAR Light Detection and Ranging WoOLEE
AVIRIS Airborne Visible/Infrared Imaging Spectrometer IR AR N R 502
CASI Compact Airborne Spectrographic Imager NI RE G
ROSIS Reflective Optics System Imaging Spectrometer S5 R G B
AISA Airborne Infpg;rlllgc aS;)(;::I:Stromc:ter for R AR R R o A
OMIS Operational Modular Imaging Spectrometer S5 FH B BAR X
PHI Pushbroom Hyperspectral Imager e e A
Airborne Thermal-Infrared . UV
ATHIS Hyperspectral Imaging System PLEAAZL AN R e iR R 4
AMMIS Airborne Multi-modality Imaging Spectrometer WLE 2 BEZS GO IE A
FTHSI Fourier Transform Hyperspectral Imager e L P A 48 g B BB T X
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AHSI Advanced Hyperspectral Imager AT DL AL A e i A AL
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LEDA Local Flsl:;;sl}llzzzcrlmmant R ST b
SVM Support Vector Machines YRR EAL
RF Random Forest BEATLARAR
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LBP Local Binary Pattern Sk AL
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SPaCR Spatial Peak-Aware Collaborative Representation BT (A A SR TR B [R) 2O
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Classification
IP Indian Pines EEE 22 4h
PU Pavia University 14 37K 2
HU Houston University NN
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