it -

BRAESHE” €7 .

il

‘=
=




265580 (25E304H7)
2021588 16H

FRESmRTEHHATI
R EERRZIAARTEFEARERT
FREF M O HAT
FR3Z A% O HATY

RIS EA
R ( PEERERZER ) 1215, 1990
BRBEFTIMLER CNKIZFEZH R
EEihR, FRTUEIEXEIRISEFRAR
B, ATIFEE R BRYfE
H, FrERS, REIFE, e
AR5 ER

Copyright
All rights reserved by Journal of

Image and Graphics, Institute
of Remote Sensing and Digital
Earth, CAS. The content
(including but not limited text,
photo, etc) published in this
journal is for non-commercial
use.

SRR Z A

Tl T Rt ‘ BT (1996581F) )

EEBU PERER

Fhefu PEREFEREXESEIHHRER
TEEREREER
LR ARSI B AR

*F &K 2

RIEHR (TEEREFRFER) HELRERS
EEtE JE=HeEX IR AR 195

HB #% 100190

BFEF jig@aircas.ac.cn

2] i& 010-58887035

R 4k www.cjig.cn

I"ERHBICS IR EF201702185

B &R 7 tRRTAITE

T 18 2ESHE

BINRTT PEERERRZERATRAT
(HBBUEHE: IR0/  HB4w: 100048)

ENRIERLT JEREHEEIRIBIRAS)

Journal of Image and Graphics
Title inscription: Song Jian | Monthly, Started in 1996

Superintended by Chinese Academy of Sciences
Sponsored by Aerospace Information Research Institute, CAS
China Society of Image and Graphics
Institute of Applied Physics and Computational Mathematics

Editor-in-Chief Wu Yirong
Editor, Publisher Editorial and Publishing Board of Journal of
Image and Graphics

Address No. 19, North 4" Ring Road West, Haidian District,
Beijing, P. R. China

Zip code 100190

E-mail jig@aircas.ac.cn

Telephone 010-58887035

Website www.cjig.cn

Distributed by Beijing Bureau for Distribution of Newspapers and Journals
Domestic All Local Post Offices in China
Overseas China International Book Trading Corporation
(P.O.Box 399, Beijing 100048,P.R.China))
Printed by Beijing Kexin Printing Co., Ltd.

CN11-3758/TB
ISSN 1006-8961
CODEN ZTTXFZ

E5b &S M1406
E RS 82-831
EREMN 60.007T



2021488 25265 %881 (=228304485)

DEERER TR H )R

Zhongguo Tuxiang Tuxing Xuebao

S -eeve e {aIBE— I
?ﬁ%ﬂ‘i ...................................................................................................................................... I
Fik

EEEGRSIBIFHRGE

IS, EABE, [TIHH— e 1737
= l{%!?‘ 227 Eq—EF'EI’JL'ZﬁH

Z=F, , BRRHT, ZEBBIR, PEITR coeeeeeereesresemsemisenteteti s 1764

=SS AR
LTSNS R EGEBIETRURA

sl e 7 s KB, BKIERG, TEPH, TEFR cvververeereereeresres sttt sttt 1786
I I IESTE AR SRR EOTRRIA
LLETER  HATRES, BKME, ZEETH reervereerereere ettt 1796
HEEIL
HSRS-SCEMIE RS RS KNS MESEIRE
TERIZR, ABIZTE, BETE coeerrerrere st 1809
=SIEESIZHT
BB RS MG KRS 17
Bz}fﬂ ?_1% ;FZ]’« , /%%iﬂ x;zﬁh ....................................................................... 1823
B T R B B BRI 1
%B&\ }:7 EB$A7 q_}"—iﬂ HTE EE;ED ?R}HL:DE .................................................................... 1836

mYEER BRSNS
%ﬁﬁﬁr #OER *fﬁéE’JnJ‘ma#%’f_ulJ

Eg B, TKERIS, FXEELE, ZE[B, ZEZRRI rererererrerre e 1847
&%E ?EW*%*D@?EETJE’JHJ‘GLE@E%"fﬁw
T, MEER, B, SEE, XUTHE, ESHELI -eerreeereoeerssesssssssssessssenssssssssssssess s sssssssss 1860
HEMIIhRRINS SR GRS ER
EB*? iﬁﬂ'ﬂﬁ xﬁﬂg ?—E$ ................................................................................................ 1871
S EGREEIZR LT KRS IR
BKESER  YREISH, MG, ESASEE wrrrererrrrerosrsimssssinsisssssissssss sttt sssssssssssssssssssssnsns 1886

HSRS-SC.HMEERF= SSGEEREE SIkE

A ftoniiigont = @

DERNBIEEGRLEE REREIBRATENRIES FS SSentinel- 2B G EMA

(31809m1) TEHFEE, BREE, ZEZR i s s s st 1896
HEFMRIMGKEeHNSERGER

_Jm:l.y Igﬁ }LKI_L gkﬂﬁ%ﬂ. ............................................................................................. 1910

EICIEEIRD 2
EEEHEER D ENNES | SERREREHTLN

TUREHE, BYES, AFRIEY covereeeremeeees s 1926
1B KA MR OB E R 52
FUN, BRI, BKER, EEFE, FRIGTF creveeeerereeee 1940
BHEER S KN BB RS A A
M2, TR, PRIEEE, B oo 1952
BRI OEE G %
SRIREE, Oyk, TIE, BERL, ZSEBE, TH{EN e 1969
ZREBBES HMT BT EIGEEH %
137, FMBZ, AT, FBIKA, BAYE, SKEBIT creeerrerrmresmiee 1978
EAE BRI ETETU-Netl S EG %
}qu—_‘BEly ggEEID M:I%, ZSFTI| eeerereree e 1994
N2 7\ \* gé 4 ;
S REBGENNNAR R 2000
ERITHELER B DR 3D RIS RS KL E G K AERY
(%1978ﬁ) AIEF, e, ZERBIS, RES e 2021

HEEMAERAF BT REF REBHURRM



Volume 26, Number 8
Published August 16, 2021

CONTENTS

JOURNAL OF IMAGE AND GRAPHICS

Application of a hyperspectral
image in medical field: a review

(P1764)

HSRS-SC: a hyperspectral
image dataset for remote
sensing scene classification

(P1809)

Combining multiscale superpixel
segmentation and singular
spectral analysis for hyperspec-

tralimage classification(P1978)

Review

Review of spatial-spectral feature extraction for hyperspectral image

Ye Zhen7 Bal Lin, He Mlngyl .................................................................................................... 1737
Application of a hyperspectral image in medical field: a review

Li Wei, Lyu Meng, Chen Tianhong, Chu Zhaoyao, Tao Ran =« 1764

Advances in Hyperspectral Imaging
Predicting near-infrared hyperspectral images from visible hyperspectral images

Mei Shaohui, Zhang BOWei, Ma Mingyang’ J|a Sen ............................................................... 1786
Development and optimization of a low-cost and portable multispectral imaging system

ZhU Haonan, HU Menghan, Zhang Jian, L| ang" .................................................................. 1796
Dataset

HSRS-SC: a hyperspectral image dataset for remote sensing scene classification

XU Kejie’ Deng Peifang, Huang HOng .................................................................................... 1809

Medical Hyperspectral Imagery

Tensor-based graph embedding for discriminant analysis of membranous nephropathy hyperspec-
tral data

Lyu Meng, Chen Tianhong, Li Wei, Yang Yue, Tu Tiangji, Li Wen'ge -« 1823
Fourier transform channel attention network for cholangiocarcinoma hyperspectral image segmen-
tation

Zheng Shaojia, Qiu Song, Li Qingli, Zhou Mei, Hu Menghan, Yu Guanzhen ««::--««+ssseeseeeeeneens 1836

Hyperspectral Target Detection and Recognition
Transformation of local gradient profiles for hyperspectral anomaly detection

Hu Jing, Zhang Yujing, Zhao Minghua, Li Peng, Li YUNSONQ -««x+ssoreeresernrerseneresssnneenennneennnne 1847
Siamese network with pixel-pair for hyperspectral image anomaly detection

Wang Degang, Rao Weigiang, Sun Xu, Qu Ying, Liu Xuemei, Gao Lianru ««:-sseeseeeseesenennees 1860
Rough location and collaborative representation for hyperspectral image anomaly detection

Hu Jing, Zhao Minghua, Li Peng, Li YUNSONQ «++««sweeseesesersmssniimn 1871

Recognition of ocean floor manganese nodules by deep kernel fuzzy C-means clustering of hyper-
spectral images
Zhang Qizhong, Zheng Endi, Wang Yejian, Gao Farong ........................................................ 1886

Hyperspectral Image Fusion and Restoration
Spatial-spectral fusion based on band-adaptive detail injection for GF-5 and Sentinel-2 remote sen-

sing images

Wang Hairong, GUO Qing’ Ll An ............................................................................................. 1896
Hyperspectral image restoration based on frequency-weighted tensor nuclear norm

Liu Sheng, Zeng Haijin, Kong Wenfeng, Zhang Pengdan e, 1910

Hyperspectral Image Classification
Parallel implementation of content-guided deep convolutional network for hyperspectral image clas-
sification

LiU QiChaO, XiaO Liang, Yang JinXiang ................................................................................... 1926
Hyperspectral image classification with enhanced class separability

Fang Shuai, Zhang Kun, Zhang Jing, Cao Yang, Shi WeiKai «+--+-+ssseeeereereeeeesenesisisinnene 1940
Adjustive decision fusion approaches for hyperspectral image classification

Ye Zhen, Dong Rui, Chen HaOXin, Bal Lln .............................................................................. 1952
Hyperspectral image classification evaluated across different datasets

Pan Erting, Ma Yong, Huang Jun, Fan Fan, Li Hao, Ma Jigyi «-::oeoeereereereeeeeseneneneneninnenes 1969
Combining multiscale superpixel segmentation and singular spectral analysis for hyperspectral
image classification

Fu Hang, Sun Genyun, Zhao Yunhua, Pan Zhaojie, Hu Guang, Zhang Aizhu --«++-««+ssseseseeeeees 1978
Hyperspectral image classification using an inverted feature pyramid network with U-Net

Cheng Songyang, Xiong Yujie, Yao Yao, Li QUNgIi -+++-+swwsseesseessessssssssmsnississssisssisinisiniissinns 1994
Convolution neural network method for small-sample classification of hyperspectral images

WU Honghao, Wang LigUO, Shl YaO ....................................................................................... 2009
Hyperspectral image classification model based on 3D convolutional auto-encoder

Shi Yanxin, He Jinrong, Li Zhaokui, Zeng ZRigao =« :tsseeeseersmssisiies 2021



E-mail: jig@aircas.ac.cn EPEI%EH???E

Website: www.cjig.cn JOURNAL OF IMAGE AND GRAPHICS

Tel: 010-58887035 O HEERERZIRRINETFE

hEE Y ES TPI51 XEFRIREG: A XEHS: 1006-8961(2021)08-1737-27

XS A Ye Z, Bai L and He M Y. 2021. Review of spatial-spectral feature extraction for hyperspectral image. Journal of Image and Graphics,
26(08) :1737-1763 (M2, H B, faf W] —. 2021. &5 567 BIR 25 38 R Ak $2 M 2 3d. o [ 18 4 BB 24 41, 26 (08 ) : 1737- 1763 ) [ DOI: 10. 11834/
jig. 210198 ]

=tk Bl R = i e R AR ik

AN L

1 KGR 5P TRbE, Tide 710064 ; 2. PHAL Tl K2 15 B 240, P54 710129

B E: HTEEEEGAS T EEROERE SAESE R, A GRS ES: % & — MR, 7T F i
TR AU AEZASIREE T R A M A5 A I A U Y H AR T4 28 SR, X e i R AT 25 i
FRHE SR ORI AT AT 3T A ATV R . — (B854 B AR E 3R BUY 230 3 YIS R 2 i B AR AR T
SRS R PTfR R UM R BE TR RN 428 ORG A7 R ARRAE SR IR s JE T IR 2% X Y = ol R 25 Rk A
TRk BARTHA R RFEA TR SR, (A2 T IR 2 25 B AR E 19 2 TR B8 7 T A8, W DA R IR B 92 5 4 2S48 I R g
R 7B T R S EUR A TR AE SR BT T R AR SRR, AR U R G ik TSR sT it e, Bk, ik T
23 A1 G S5 TR AS F R RAE R I 255 (] R 3845 B AR B 25 1814 2 Ak 3L 45 5 5 ey o i 25 T R AE B BBy 12 1) T 3 %o
HOA TAET TR PS5 848, KRG, NIRE 25 RS IR B R &, 40 T 2RI AT 10 5 B 42 W 2% |
PRI 25 AR 25 X 2% T 185 3 S 22 DR BCHR AR B R 8 A o i IR S 0 TR, 43 A (DA T 5 IR 32 2 > 19 00 238 A T80 % v O 1
G 25 PSR AE BRI A A A B R R A, e , 2R 5 40 ) A SR A 56 2 SR B R SO F AT T R 28,

KEIA OGS EIR (HSD) ; 25 ISR IE SR B0 B A 2 M 45 (CNN) ; BB UM 45 (GCN) ;s Z2 IR B Ml A IR #h &
[SIEES

Review of spatial-spectral feature extraction for hyperspectral image

Ye Zhen'" | Bai Lin', He Mingyi’
1. School of Electronics and Control Engineering, Chang'an University, Xi'an 710064, China;
2. School of Electronics and Information, Northwestern Polytechnical University, Xi'an 710129, China

Abstract: Hyperspectral imaging spectrometers collect radiation data from the ground in many adjacent and overlapping
narrow spectral bands at the same time. The hyperspectral image ( HSI) usually has hundreds of bands. Each of these
bands contains the reflected light value within the specified range of the electromagnetic spectrum. Thus, the HSI contains
a wealth of spectral and radiation information. The development of remote sensing imaging technology has increased the spa-
tial resolution of HSI data obtained by hyperspectral imaging spectrometer. Therefore, HSI can be applied to accurately

classify ground objects in various fields, such as geological exploration, precision agriculture, ecological environment, sci-
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entific remote sensing, and military target detection. However, many challenges and difficulties are encountered in classifi-
cation applications because HSI has a large dataset, multiple bands, and strong band correlation. Specifically, the number
of dimensionalities of HSI is often more than the number of available training samples. The lack of training samples and
high computational cost are the inevitable obstacles in practical classification applications. Dimensionality reduction meth-
ods are often used to project HSI data into low-dimensional feature spaces for avoiding “ Hughes” phenomenon. Spatial
information can help create a more accurate classification map given the high probability of adjacent pixels belonging to the
same category. In recent years, an increasing number of studies have applied spatial and spectral information to further
improve the accuracy of classification. According to the characteristics and combination of spatial information, spectral
information, and classifiers, the methods of spatial-spectral feature extraction for HSI can be defined into three types: spa-
tial texture and morphological feature extraction, spatial neighborhood information acquisition, and spatial information post-
processing. For the first type, spatial texture or morphological features (e. g , Gabor, local binary pattern, and morpholog-
ical attribute features) are extracted in advance to preprocess the spatial information of pixels. In other words, spatial fea-
tures are extracted through certain structures and rules, and then, the obtained features are sent to the classifier. The sec-
ond method directly combines the relationship between the pixel and its spatial neighborhood pixels into the classifier. Spa-
tial-spectral information is directly constructed into the classification models (e. g. , sparse/collaborative representation of
joint spatial information and kernel-based spatial information extraction and classification) through mathematical expres-
sions. As a result, feature exiraction and classification can be completed simultaneously. In the third category, spectral
features are first classified. Then, the obtained classification results are corrected through spatial information post-process-
ing methods (e. g. , random fields, bilateral filtering, and graph segmentation) to further improve the classification accura-
cy. The traditional spatial-spectral feature extraction method for HSI has small computation, good mathematical theory foun-
dation and explanation, and strong robustness against noise. However, the traditional spatial-spectral feature extraction
methods mostly design shallow feature extraction schemes manually, which involves a lot of expert experience and parameter
setting and thus affects the ability of feature expression and learning. For HSI data, scattering from other objects can distort
the spectral properties of the interest object. In addition, different atmospheric scattering conditions and intra-class variabil-
ity cause difficulty in extracting spatial-spectral features by traditional methods. Deep neural network has many advantages,
such as learning representative and discriminant features, improving information representation through deep structure, and
realizing automatic extraction and representation of features. Thus, higher accuracy of HSI classification will be achieved by
designing the structure of deep network reasonably. In this study, the application of spatial-spectral feature extraction from
deep learning is expounded and analyzed from the perspectives of convolutional neural network (CNN), graph neural net-
work (GNN) , and multi-source data cross-scene model. CNN shares weights and uses local connections to extract spatial
information effectively. CNN model cannot generally adapt to local regions with various object distributions and geometric
appearance because it convolves regular square regions with fixed size and weights. GNN model can represent many poten-
tial relationships between data with graphs. As a result, GNN can be applied for spatial-spectral feature extraction and clas-
sification for HSI. In some scenes (e. g. , complex city scenes) , different ground objects composed of the same material or
substance need to be distinguished through shape, elevation, texture, and other information. Light detection and ranging
data can be used to describe the elevation of the scene and the height of objects and obtain the spatial context and structural
information without the effect of time and weather. Therefore, multi-sensor data can be considered to build joint-feature
space for more accurate classification in some special scenes. In recent years, spatial-spectral feature extraction techniques
for HSI have greatly progressed and achieved satisfactory results. However, the following problems need to be solved. 1)
The methods of traditional and deep spatial-spectral feature extraction can be combined to fully utilize their respective
advantages. 2) The small-sample-size and over-fitting problems from deep neural network need to be overcome through de-
signing semi-supervised learning, active learning, or self-supervised learning models. 3) Using GNN to train HSI will lead
to high computational cost and large memory usage. Thus, the model oriented to reduce the computational complexity
should be studied. 4) Combining multi-source data from different sensors should consider reasonably unifying and comple-
mentary expressing multi-source data features. 5) Using multi-temporal, hyperspectral, and multi-perspective information

to simultaneously mine spatial-spectral-temporal joint-feature information of complex dynamic targets has become a new fron-
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tier. 6) Using multi-temporal, hyperspectral and multi-perspective information to simultaneously extract spatial-spectral-

temporal features of complex dynamic targets has become a new frontier. 7) With the progress of space remote sensing tech-

nologies in China, domestic hyperspectral data will receive more and more attention for research. 8) According to the

development trend of big data and machine intelligence, the research on spatial-spectral feature extraction and classification

of hyperspectral image based on the combination of applied domain knowledge and hyperspectral data will be a hot topic.

From two sides of the traditional and deep spatial-spectral feature extraction in this study, the research status is systemati-

cally sorted out and comprehensively summarized. The existing problems are analyzed and evaluated, and the future devel-

opment trend is evaluated and prospected.

Key words: hyperspectral image (HST) ; spatial-spectral feature extraction; convolutional neural network (CNN) ; graph

convolutional network ( GCN) ; multi-data fusion; deep neutral network
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B 3 2RI R Z — X AES O R AT
SATAR] ST B B 3 A A SR R, L R A
) 5 ICRE A B B fie 1 A I SRR AS 1) BUE SR
(0 kA AR & AR f i A I e A e 240
FHPRZE R kNN 73 ds , fdi FH IO L LA BE 2k 4
DA AT I A A Z 18] @ AR BL 1, 72 HST 43
KN BT &R (Ma 45,2010) . —Fh & A 8%
(composite kernel, CK) 454 SVM BY563E A1 T 3¢
FEOE AR £ A8 B, B A SVM-CK ( Camps-Valls 45,
2006) , & HLAL [ dix A HST %5 8] 45 B 1Y 4 F A
J T SRR TR A I B R, 24%27 2] (mul-
tiple kernel learning, MKL) ( Tuia %,2010; Gu %%,
2012) KR IT % I 0 H T s ot ik AR a2k Bl
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J5 BRI Z A S TG s, L A
(2013a) W55 T —Fi |~ X 52 4 ¥ ( generalized com-
posite kernel) 2% 2J L, AT LLJC 2 45048 X g D6 15 BT
(23 REARAE 5 Li 45 A (2015a) SCHEH T — ok A ]
FIULLAE AR R B 2R AR T HE SR F ]
AANEFNAR LN RRAE 2 AL Y A [ a8 7 | fuff B e b 3R A1E
KINF RO ATHE

553 K A s alE ab By X, B 2o 23 6] 45
BTGB 3 G5 R ATARE 3 — 2D 2 5 40 XN
B VA JRAT KB ( Markov random field , MRF)
(Li,2009 ) Sy $ AU 1 Bl AL 37 72 25 8] )5 b 315 =X
() — K33, BT Z T HST s 1 23 35 Ak 4
WS o — R ieA T A8 77 125 2 R FH DL IS8 e R S 4R
% ( maximum a posterior, MAP) 24 5, R4 M 4
MR IGURIZE S 0 205, MRF 5 40 h HSI 4321 )
AbFRRYBE(Xu F1 Li,2014) , Tarabalka % A (2010b)
H¢ SVM 5 MRF 455, FI ] MRF X SVM #7026 19
ZESLATAE IE 48 1) SVM-MRF 5335 J& 31 4F ok —
P ELECHLAT Y HST 23253k, W R HST 2T
R 28 LU . 3 — RO SR LR
% (bilateral filter, BF) ( Tomasi #ll Manduchi,1998)
PR AR 7 ik, 1] sf A1) T 48 48 P 15 3R A1) 25 [ &8
AT BE A RIS BEARBLRE 4% 5., S —Fh T DA R A
PG I 75 O (55 PR AR G G A 39 B DB B AR (5
EERAIE T E,2009) . Peng il Rao (2009) 2 H T
— 3 T HST A9 X062 8 0% 7, A 63 i e A
2270 e 9T R BRI I 2% JEOG TS A s (B 45 R FE DR B
() 240755 1 T A A 28 B 1 MR 2 =R A SR A
T XXJ43# (binary partition tree, BPT) X3 A &
GrEIJTE . BPT J&— R T DX AR 54 % 1Y
SYIEFIR o DNEE T M 1Y 40 43 B0 S AR 1Y KL 43
#1, BPT A LATEAS A 1 43 F1 RUBE T % R AR R 4T
240, R AT E BT EOR BB 3T B i AT S 4R E
ML HEN] . BPT S — F 3 X Bl i) R K,
W KA By He AR B TT, R AT LB — > B R
BRI 43 B SRR . Valero 45 A (2011a) i i 2 15
T R 3 R F 58 BPT 43 3 v Al 3 1 I, il 2 b
4 BPT i FH FXF HSI #4740 %], Veganzones 55 A
(2014) 4 1 7 Hk T 00635 7 B A 3 Y s DG IRIR
BPT #4)3& 75 v 1 B A S W, ) ) DX 3l 14 J) 74 A 1R
RARF I A R e /NE A IR ZE R 3 X

iRALGE HSI 25 P RHE SR BOT R Z i A T

PEBURRE , B8 R e RS HucE, HH
TRJZALTE, TS0 1 ARER IR 522 T e, i
R TR 22 2] (deep-learning, DL) 583 KL HE
o327 2] BA AR AR R I (R AR 3 o TR 2 45
F et R A 75 17 B RAERE 1, AT S X R AE A9 A
SRR, E A P TR 2 2 S BE
% S IAE 3 2 E AR A R v R B2 4 v UK
J& ( Hinton 1 Salakhutdinov,2006) . X} F HSI {4
KA, A H HABY R 1Y B T RE 2 ol B R ) 14 1Y
TCIERFEARIE . AR, AN [) 18 R AU 2 R
P8 S A5 DR 2R A A v D TS U Y AR U S TR
ME, 8T PR S R R DL B EOR R
T HSI FRAEFR IR, 43 A HARK o, F, Chen
ZEN(2014) 484 T —Fp T HSL 4r 250 HES H 3h
I 2% ( stacked autoencoder, SAE) , %f HSI DAJC W
B AR PR BTRAE . BEJS , Chen 25 A (2015) 3L
P T RE E5 M4 (deep belief network, DBN) £&
S R A I 2 SRR BRI AR AE  Jl
AR, SR, T SAE A DBN i 22
TEVN 2 HiH 25 [R5 B 2878 Ay 1ol &, PRI TG 7 A K
Hu PR S [AE B

L AL Pl 28 W 2% ( convolutional neural network
CNN) T Jmy #4812 e A 005 M 2 (B) 45 B RE g AL =2
FUE B SHE R . CNN IS 4 45
28/ R BRRCER TR A R AR ] X ol
TR 2y 2R R, Hu 45 N (2015) B 4@ 1 6
TR BRZE ORI E M )Z
() CNN X @i R IEA T 7028 A LG AR 1] F AL A
G BIIR L 7 ) I L HAT AR o Jebifg. o 748
W YRR, Ma 45 A (2016) LA W 5 i e 17
HA 22 )2 i 28 R s ) BB BE ) 0O TR B A S B 2%
T AR BE 1 pR R A TE T A TR 4R B A 5 R
fit . Romero ¢ A (2016) & H T —Fh FH F & B K
1G53 KT 0 TG Wa B A BRI 2% i FH 0 4 0 J2 6 W B
AN, 75 3 — IR EE Y CNN BERL 55 00 B
JriEA L, A W B ) CNN AT LG 2 I 254 A 41 3t
28 17 RO S I A AL R AE & X HSI 43
] e AN VA A BR AT IR A D R R i
AP 32 04 B, Chen %8 A (2016) 3 T —Ff
BT AUl 28 19 2% 11 T D) A1 T8 T A5 B2 JBORT K 42
FEASG IR T vk, LSS S Az ., T
[Fi) Fof 412 I 5 6 3% 5 40 10 06 3 R0 s ) AE R, o
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3 4 CNN(He %5,2017) J§ 2}y HSI 5 B 25 1% R AL )
AR

H1 T+ CNN BB ELA [f] i R /)N FIASCER F A0 )
IETTR MR XA T 4 BUB 5RL, AN BE -5 ik 1 vy L
A A Bl G o3 A R LA Sh WA AN [R] R DX I
(Zhang 55,2016) , [ifi 35 K 25 W) 2% ( graph neural
network , GNN) #5558 jt 4 HY ( Scarselli £&,2009) , 3%
ZBIVF 2R R AT LR R R o BT iR
A A W0 1] T 8 063 B8 il & (Harikumar
45,2014) KN (Li 45 ,2015e) RFAEFZIK(Li A1 Du,
2016) 54324 (Liao 45,2016 Z2453%,, BT GNN #J
DAHIRAE S HST RS [A] 5C 2R, X (156 GNN )i
AT HSIRRAE SR IS 732 vl fE. H AT, 7E
GNN /7> 32 19 I’ % FR W 2% ( graph convolutional
network , GCN) 7£ HSI 454 i 4b T A5 B Bt , Shahra-
ki Fll Prasad (2018) 15 56+ GCN 5 CNN 454 % 5%
TR AT RHIE SIS 7328 0 Qin 5 A (2019 ) 3@ i3
[Fi] Fof 2% i 2 ) RO 1 4B 38, # GON ™ Ji& 21 — B il
A, Hong % A (2020) #F5¢ T —Fh miniGCN J5 %,
FRH 5 CNN 255, 31— o 39 3 14 199 28 4652
T 2B ELAT AR A T3 A T AR i DI 2
B B Jmy P 5 D0 1 i, T L AT DA T R ) A
A

I P HST B4l ol LU BAT AN [RDG 1S ) H ) i 4 7
ARGt 732 5 U (HAE 2037 5T (A 2 i
Yist) s Sl IR | AR SO SR (E Bk IX A3 i

FHIFIAL R S BT 41 A TRl gy . Rk, AT DA%
W AL AR B AR R, 8 3 ) 2 R AR 12 1 s A
AU (Xu 45,2018a) , JEHEI A1 BE (light detection
and ranging, LiDAR ) ¥ 4 ( X R 0% 5 38 £ 48)
(Dalponte 45,2008 ) 7] FH T-$i i &7 5¢ 1) e B2 AP A4
1 BEAR B, AR (] R SO A5 B, , HASZ B[]
FRASNIFENR o A HST E54fs a] 4R BOA [ 49 1) 0'
W5 S FE 2SR B S 1 X3, Rk B 25 50
S E AN [6) B4 Rk 8 W 5 2 R 14 AR T v R T st 9
(Ghamisi 2£,2017) . I, ¥ LiDAR %4 5 HSI %
Paah G AR IE A (8], )R 22 5 85000 5 37 5 1) B Y
N o B E AT B AR G AT R SE I HRS A
s 2R S B . HIE, 2808 1 537 5
o FTE BRI B A AE — S [n 8, 40, F Z I 50 B
BRI G, Bk Z AR XK A Z2 5 1
AL g — 0 5 HANR A A Rriff— O £
VAL AR PR ER A R R B8 22, I R AR () B0 B
MR, AT BB U MEA )5

AR HSI 25 R AE SR IR 2] T K 2 & &, 1
X AT 42 53 AT B A DG 253 SCRRAH XS Rk, 48 3
AR GE T s IR E 27 > T ¥E W J7 T &, % HST 28
TEAMER PR BUR AT T RAE RS 845, L
X 3 AR HAR AT T o0 A 5 PEH, % HST 25
TR A B T SR ) 5 A ok A SR a3tk A 7
T SRS, Bl 1 AR SRR moGE EER a1E
FRIEFR IO 1 W A AE SR K]

HSIZS WA

XIS B S KD AESS

RS (B2 URIZZS TFIE
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|
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Fig. 1 A taxonomy of spatial-spectral feature extraction methods for hyperspectral image
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1 ZTESEERFESFFERR

H TGk ER (HST) e B R 2, 2R 4%
X} A I BB — AT A (R AL 3 ANMEH R R TR,
1M H IR I B2 5w 25 M R B BT 6 PR FE X
HSI 75 8] 47 5 Wb B AT , 3 5 75 B SR 1 h) B 2
Can: FERLAr 53 M1 (PCA) A7 84343 (independent
component analysis, ICA)%%) , I SEEE HSI (%5 i
FRAESZI
1.1 Gabor 451

1 4 Gabor 78 48t phy i L 715 48 36 28 T O, FH R
I KA 5 I I A8 PR A48 AT S 4 3t A 15 5
A4 Rt . BlJE & R 2 4k Gabor AZ & —Fp
FHAXT MR AEA AR AE 4 B A e M AR 46, mT R A ik
B B sC B AE B, )2 B T 4 25 5 1R 45 48
2 4t Gabor 7248 bR 50— > SR AN — A~ Mg ER A 1,
S 3E o R T A R R A DE 5% i 2k R R, VT RO

g(x,y;8,0,4,0,y) =

12

(- 22 peonlian % 0))

207 0

H
x' = xcosf + ysinf (2)
y" = — xsinf + ycosf (3)

K, 8 ARIE L 71, HAE LR R b $ A,
HWHE R T EET 2, (HARE R T A BRI 1
1/5; 6 183 Gabor #1975 1n] I f , BUETE B M [0,
] 65 T Gabor BEOHAT RGN Irml, Hrb, ¢
AR ES , 13 Gabor A% S HLAT S A KR 5 1)
Ry IRERFRAE Gabor A% pRIEUN 15 5 (1) 25 8] AH 37
F, 2y =1 B, Gabor 4% pR £ Y JE IR 2 B 9, 24
y < 1 HIRARBEE AT 26807 MRS . o R
Hrfa 2 rypRiE 22, ] LA G & F0As [R) 33 98 b
5 22" +1

™ 2 20 1 4)
Ao S8 b WUE R TE S, A BN, B i 25
K, Gabor B AIEARBE K (Li #1 Du,2014a) .

FH T 2R HI ) o2 1) 23 6] 43 A HAT — 5 R R AN
SRS, S T R GRS A2 )45 B X HST 4325,
T Gabor A8 4 ) FRAE Al 6 7 i 49 3 & J ., Yang
FEN(2016) 2 T —Fp LT Gabor SCHUFFIEFIES:

BOMBOCTE R 00 8 6% R R 22 Rl 5 43 26 s
A2 BRI 3 T% o D' i RS A T 4 A, 2R
BREM G HILERKRES T MRk, Jia FA
(2019) $&41 T —FlotiE 23 (8] Gabor M HIRHAE AL G 7
2, ST T R U TR E DA ITT AR A5 AR 43 A
JERIRR . Jia 58N (2020) $&1 T —Fh B IS 5
1EN4k Gabor F#1E &G 1, XF Gabor AHNRRAE
IS, I SEBAS 8 03T 5 52 26 B B A4 R 42
OYERGE BE AR . BE X Gabor SR $ i U A, [
35 | =8 P g |51 W I N - O v e il Th - A L
FT 3 4k Gabor AR AYRFAE GG T 15w ik EUR
BA SRR I RE T . B XIS ES 3 4
FRE R 2 [ R, Zha 58 N (2018) #2187 H T3R8
TERMG 2500 3 dERRAE Al A AEZE, R 3 4 Gabor
FFAEST BN 3 A AS TR A BE X v ik MG A TR A 4
WU HEFT RGBT A8/ NFEAS IS 0 75 21 BEAR Y
SYFERERERIRCR . BT X G B s ] A ) B
PERRERE L, Jia 58 A (2016) #2117 3T 3 4
Gabor 7. 7 K 19 25 i FF AE 42 B 7 5, Jia S5 A
(2018b) Z5 &4 JRIL A F 1 A1 3 4k Gabor /NI
TR R T AT RIZARE S Gabor 28
() 25 TERHE R IO ¥ . B T ARG RN SR il
MG (Ye 25 ,2017a) , Gabor Z8 #4545 i i | P 7] 55
IR TR W15 B TR B B SR (Hao 45, 2016
Xu %5 ,2018b) ., Gabor ZE 7 5 ik BG4 AF 42 B
N AR T LS IR 2 S0 ARAE B i T AR IE
e N CIE S 175 == o CTESW S/ sl 17 S 1 (AR5
PRATERE . LA LT Gabor Z8H i1 25 REAFAE R BT
T30 i R FH A 4 T A B, (EAK SR A7 A T3 e R
[7]
1.2 BE_{EEREE

R T AE A T G A R AR TR, D R
TAEARE R (LBP) AR Y 4 ] S B ARRAF 7 o G
TGRS /3 28805 8] 1T ) 12 567 E . LBP il
IRHMEER g, SHABWURE (g, |7, BIKEE22(H
AL PG L) 23 [ SO, Hoh B LA R M2
R B 0 1 528, ATKE B ORI R AR
ASEL, S IRE T IE P T A B 2 TR) P9 B R 5t 4K
FZS B PHERI KN, X T [/ — ER 158 AR ]
() (B,R) S50, %A NFIMAR A, HhEhoBg
RAI G R IR 38— ikl 2
S LBP SR
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LBP, , = 20s<gi -g.)2
s = 170 (5)
0 <0
K, s(g, - g) AT EREL

RIS K S MG R EEIE T i g R
MIMEM 1 8% 0, LBP Ziht H 50 R R R isifg %=
IKEAE 22568 0, IR AR gca i g B, A
SCHERH LBP X (i G5 G gk A 7 23 o] R i 4 BT
X GG ER S AT I Be oy 4 SR, i i PCA B
Y 5 A AR RS A Y DR SRS N R S R e HER T
T UG (e MR X 35k ) 1 25 [R] SCHVRRAE 5 15
BT R B ) LBP Geit By e i 33 il — A~ 4F
TIE )5, A8 R BEAS B B4 %) LBP 25 [8] S BRARAIE 5 i
Ja AU LBP FRAFE 36 A £ 43248 R G, i k2>
ZH [RIAH S, MGE A A NS S .

AT KA R BERRAE A I Y AR R R
FRAE, Al A5 Guo %5 A (2010) J5¥E, IF1E— A LIS
1R Z R /N 3k b TR I BERRAE Y L
K, SR JE 1 L T 3 2 A ok 15 38 B 2 B SRR A 1)
K 7% [& LBP £5 545, Ye 25 A (2017b) % [ 4F
SRR AR RN B R AE S5 A, T B B4 3R LBP
(magnitude enhanced LBP,MELBP) , 7 MRF #&# T
N LBP -5 FEE 5 0 BE R AR 2L [R] ) HSI #E17 28
TERFERR IS 228, iRl 2 PR

() ARG

K2 HSI DR (RIS SO LBP H#AE
Fig.2  HSI pseudo-color image and its LBP features

(b) FF SHHE

(c) IR

((a) pseudo-color image; (b) sign feature;

(¢) magnitude feature)

LT LBP SR H (SR ) 21K i 2 3 AR 3
BOTERE TR, RN IR T &
JRITRIESS K B P )45 SR TR, Gan 45 A (2018D)
PR T — Pl T 25 ] DX A% (8 AU s B 78 73

A%, i H XSG R BT A LBP 155 KRR
Z RN IR B 35 31 78 43 UG R A R AT i s8R
B X B TR AR B 1 70 R A AN BB AL 3 o i R 2R
P53 A ) HSI X — [R]85, Gan 25 (2018a) 2 H T —Ff
BT 2RI AL 1 2R 1 8 65 R 4 25 4%
Wi £ T 5 LBP S5 ZFERE LS &, i85 T
T RAL FRAR LR AR A AR B 1, A TR DS
BRI REIE A S &, Su % A (2018 ) 2 H i
TELH R A2 B - L 2 R AiE 2 2 B0 (8 R D3 )
FERPESLIN T A [R]RRAE 22 18] 5 T A, MG 42 755 43
FHERE SRR . BT LBP Jr kXt i
HABRE R, vl DL e A S S BURE 1)
JRERSCHAFAE , Tu 55 A (2019) &t T —Fiofg B 5 i
BN AT ISR AN Jey il B AR 45 A i i a2
J5i, ST 785 I EGR SO R AR R 4 1= 43 25K
FERRICR . BRIk 2 4h,3 4k LBP( Jia %,2017) . &
9 LBP(HH 5% %F,2018) £ itk A LBP( Gao 5%,
2018) VELEE LBP 75 N B9 2 HR1E vk ( Huang %,
2019) S 5T LBP 1Y 2 4% J5 ¥ (Huang 5% ,2020a)
AR
1.3 EEBEMHFE

W3 FE AT (PCA) BB JE P (MP) S g
PN ] HST 34 v B HST Z4E550 [R1 B, S
s B A FRAE, X RO ik BR3P 28 8t
(EMP) ( Benediktsson %5 ,2005) . /1T MP [45#)oC
F (SE) NRBRAE 5 K BERHAEAHSC I E B, 5] A
TIABMERE (AP) (Mura % ,2010a) 1F 5 —Fh
ML, IARAFE R = o PR R PR 2 HERAE
— B2 K\ MAPs 3 5B AN [F] Y AP 34 42 hi o —
AR AREAIE ) R A TR AR AR B, DT 4 /& T 4 B 55
2 ()25 [ AR B RE 7 (Song 45,2014) o QTHT T
b, AP HEEBHIAS R 0 K/ NFIZE R, 4 —A>
HIFHREF (A, A, A, il H— & 5
Ja& PR 20 AL A PR SR E AR AR AP, B
AP(f) = 1o, ()b () fo vi () sy, (O

(6)

K, o Al y, 5 5 F R B R AR AR e f o8 K E
FIf%, MAP J& AP i —/N 9 & B AN [R]  J& 4 (i
T AR B AR 1 A ) X R RN o 25 ) i
B A~ ) g rp, DTN R 3G, MAP 0] DL
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MAP = {AP, AP, - AP, | (7)

A, a, (0= {1,2,-,m}) FRoRAFZEN A JE 1,
m RN, T 248 T DRI A 23
{52, , L MAP AT RABREREG AN AP BE 21125 )5

Xt HST 432, 30 5 A3 40 A vk Xof iy 0
TIPeE SRIG T AP EAT AR AE 4R, 3 Fh 7 e ik
] J% AP (extended AP, EAP) , J&: of 7F [ 4 25 ]
(I PCA 5525 [ 5k 1CA 5 545 18] o A il s Mok
SR, B AR ¢ A TR EAE R AP SRR
1% EAP, RN B AP (195 i n)

EAP = |AP(f,) ,AP(f,) -, AP(f,)} (8)

¥R £ )@ ) i (extended multiple  attribute
profiles, EMAPs ) 75 [ 4E 25 ] o 24 J& v AR e —
Afij i TR T HSI 25 6] 6 1% 45 F A0 45 B BE
(Mura %5 ,2010b) , EMAPs #3525 i 8 i 5/ 5L T
XA E S E N I B f A i
4 J@PE AP T4l (Song %,2014), Xia A
(2015) #2725 & BEML T 25 (A1 4E 5L EMAP 19 5
D i B 25 DG 7 B AE SR, Li 8 A (2017)
K H] EMAPs #4725 [B] FRE A5 2 iz F 3 2 4% 2% > i HE
i Sun 58 A (2017 ) ¥ EMAPs FlG S RRAE A9 BE
BAE AT CBCARAE , 45 T —Fh 3 T Bl A 25
TERFIEAREOT . A T HE A R ZRREAR i 432 bk
fig, Yang F1 Qian (2018 ) £t} T —Fi K& T4 i 2 7= A1
JRTR B ) R I A Z FRAE 43 2588 (WMSLC)
i HYEIERAIE  EMAPs $51F LA K Gabor F#AF K42
SR S Liu 28 A (2020b) 32 T 35 T A1
HEPE (weighted mean filtering, WMF) B IA EMAPs
(weighted EMAPs, WEMAPs ) %5 v 3k [ 1% g 75 3137
TSI, SR RS WEMAPs Az il R
FFIE BRI UG R 52 2 T R AR S e L
23 [V A ) A, A 5 LA (2020) 4 4 —Fp T
I A A

¥ Gabor 23 [A] SC AR AE | LBP 45 8] 20 FHAFAF |
MP JEAJE AR 5 R 25 A, LA T2 A HSI
B T AR S T BRI IRRE AR S X R X
0 B 2 T AR 110 J 32 B T e A4 S 25 ] R iE
PEIEEAR . AL vE U 23 ()RR PR HUR
A B = B LGS A2 Xt et ey R B KR
SR ASERE AR U R T N AR

2 =[ELBIEE B IREY

IR o R R AR R R IR R
HARBAR 2R 192 A5 S AT B4, (R A £ X
oKL eI, Sk A ME U7 T 0028 )5 R
BBk i DL an el A 80 s 1 5 70 S a4
& (BRHL,2016) .

2.1 BEZTEEENHE(IhE)RTEER

BT RoR 193 2607 2 I L — IR R T
DUARCRIREARZ MR . AR RE0h Lo JE %k
L1 RG] LR AR FR #1357 (sparse
representation, SR) ; 12 yUBIETH LR TR,
A EME L 7R (collaborative representation, CR) , F&
TR 5 2 7~ 1Y 43 28 (sparse representation classifica-
tion, SRC) FeA) & 1 Wright %5 A (2009 ) 482 H 1 FHF A
Rl o HA B K IR SR i Lo Y ER L1 §E
BOE W 1 R b ic Bl R & TR
SRC 1, X F— A y, SR Y H b2 2 etk
AT @ 8 |y - Xa™ |2 AR B2 o
/MU, SRC Y B bR R T USRS

argmin [y - Xa™ [ + A, [l@™ ], (9)
A BCE 1] i o™ B LI 3B B (basis pursuit,
BP) 77k (Chen 45,2001 ) 57, 4R E 4 10
JEEL, W3 5] # AT DL 1E 22 VB AL 3B 2% (orthogonal
matching pursuit, OMP) ( Tropp Fl Gilbert,2007 ) o§ ¥
73 [A] 3B &5 ( subspace pursuit, SP) ( Dai 1 Milenkovic,
2009) KM, 133 o™ J5 K X F @™ $R B TE KR
VI GRREAS ARl 28 1) d5e /IMEDR Bff 58 FEAS SR 45
PR PRIERS)EN GEE S e BTN EUE 3 $
ey = ||Ix, et -y, (10)
Wiy, = X, o™ BRI RN PR R,
A (10) 5% 22 /N R E y H9EPR %,
Zhang E N (2011) g T“PME" 5“8 " HIE R,
BRI B PME” Rk L Sa 47 R R RE gk — 25
PR TR, CR R HAR AR R X ok 284
RIFRARIREAIMER R, MR EMA 51
Z 502, H— 2 E N A fRh Z 3 A KoK
i, TEFET AL 78 1 4325 ( collaborative represen-
tation classification, CRC) H', CR ) H #5J& & 2 £k P4
S12 AL i o™ 8 [y - Xa® |2 J/ME. CRC
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1) B s pR AT LAy filt A CRC 1% B A oR 55, 38 2k P SR Al T AU 1) 6

(11)
UTAFRK ,SRC HI CRC 7E 5 6E 5 70 26 P A3 5]
TTZ MM (Chen 45,2011)  {HJ& 38 ORI 7ok
TR, 20 T 23 (81 S 8P A 2 AT,
T B 25 PR RAE $2 IBORN 23 28 [R) 25 58 A, 75 2 LA
FIE AR 2 ()45 B 456 B 7y A (B 26 8% ) 1Y
Mg, S T B A A [ RN B 1 LA
Z RUZE BRI (Tong 55 ,2017) , 2#E T 1HR S T BK
23 A BB A B 227K (joint sparse representa-
tion, JSR) FRAF $EHL 5 79 AR AY ( Zhang 45,2014 ) ,
BT R — 2K i g ol F b T — R4 A ),
.2 (] SRR AR L, JSR 587 FH 8 FH F )1 2 - i [ 1ef 5
AR R ] B &R FE AR 3R K AR AR AR R A 7 i
FORGEEHR AN B AR O i AR
H ko ISR AT AR o A i S5 AL T A AT SR 4
SRR R B HIBIEE ST o Zou %A (2015) Ry T Bk
OGRS Z A A AR, 32 T — b T 3R
7Y 52 3IE 4 ( sparse representation nearest neighbor,
SRNN) 73345 , 1 75 JE AR i 28 KRl 1 P iAE A
MIBRE I TT R T —A> 23 [ A AR ——I 5 i i
FRI ARy 25 8% (joint SRNN, JSRNN) , 5% 4: )7
VR O R AR I Ay NG A P i s, Fu 58 A
(2016) &1 T —FloHT IR A & IR A B3R R
412 (shape adaptive joint SRC,SAJSRC) 71k, %7

argmin [y — Xa™[; + 4, o™ ;

V£ B I N A7 A IEMEu %HE’%%@JE%%%%
TR dedn i, 2 A FOCHE RGBT 5t

%,%%iﬁﬁ%%?ﬁ@ﬂ@ﬁ%ﬁ%o Tu %5 A\
(2018) EXT B E MR DS Tk A AR
KB E, FTRE B ISR 4R aS M PERe ™ & T, 42
H T — Pl A0 & 2R 8L (correlated coefficient, CC) 5
JSR & 1 40 2807 s A RO S e AN MR R Z 8] 1)
JCREARATE . Peng 45 A (2019) #2411 —Fp T
JEIE 1R B R o 2R B R i A ER S R B AR
(local adaptive JSR, LAJSR ) A5 71 | ¥ =~ #iL A4 15 A1 iy
B 7R [ BO JSR HEAT T B0k R ) R AR MR AS 1
BUT A T eERE

CRC BT il B4 oy iR SRC =422
A, Lh—F i T ME R s 19 43 K de——l IE Ak
F-23 8] ( nearest regularized subspace, NRS) MR E
PL(Li 5%,2014d) ., NRS 432 2458 B 25 AL Tik-
honov 1F M| ’ﬂﬁ(Tikhonov F1 Arsenin, 1997 ) #& i ES4

TR KR BEAR T 354, B, Li A1 Du(2014b)
AR T RS ] R SOfF B B A R R
(joint collaborative representation, JCR) %:1iF #2 B 5
OYZEREAY, [Al4F, Li 4N (2014b) & 1) T R A i

R T4 (Tocally adaptive dictionary, LAD) Bk-& 3F JRy 8
JCR 2R nysiaig IR o3 2607 ik, T % R 19 3k
JRERR R TE IR G5 5 B AT 5 o AR A
TR AR JRTAE SR, Xiong 55 A (2015) £
X R BIME R 03 28 AR AE S HBUR] B 3R 1 23 [ DG
TERFHE IS SR FHAH [R] B AL, S 5 7 AL JCR (weigh-
ted JCR, WICR) 7326 4% il i % b0 R R 5 HA
FEL PR 52 (0 AH AL A A 22 B 5 AL, %
AT FRAF AT 55 W B A 2 78 2280, Jiang %5 A (2017)
T 25 (W B R 3 R T X HST 402, A =5
() MG T AR AE e 375 5 B B I ASC A ) A 9 g P =X e,
STIBUR ¢ RN E R ANESE S G Ry TR I VIR AT 2 ey
[ B T o3 2 %TXTET%/HTDH%%F%I/\
HSI £33 304 Jm) - M5 19 8 TUAR R AN 2 TRl 45 B
BRIJRIBRYE , Zhai 2N (2019) &4 T — ﬁ%%%%
F 38 N B A8 S IE AL CRC B, W LA R0
IR 4 oy 7 B e TOAR MR AR A DG B i 7R R ik
PR TR, LJ@&FH%V*H?QE’JJ??E**E@%%%
INREMERER . BN, ZRG R IENIAE AT LU G M
g/ S IEU;%:‘%{FI B, Su A (2020) $2H T
TR L2 0] (4 Fe 4B ZE B [F] 7R Tihonov ( k-nea-
rest class CRT, KNCCRT) & WHERL |3 i 76 BEHL %5
[8] (random subspace , RS) ¥E £ F7 11 SR 52 BERRIE 1) 22
FEPE IFAE RS W5 AT AR A 3 N 48 3 2 Ok A
2 fE R
2.2 BREEERRE5EER

SCRy ML (SVM) 7R 2t Bl AR 2t o3 26 4 1Y

BEfl b T A KU /M R B e A 3ie
FAZ T s AT A, REAR 8 A7 IR A RE A B A2 )
AE ) AR 19 52 = P 22 18] 55K P, SVM A%0 SR
REJR - FUL A 25 ) RO A e RS 81 v 2 ], SRR TE

R 4 2% [A] 4R B — A RN X L 5 3 T I e I 2 1
T ARSI B H 3Rk D], w] LU B f 73 2 1
TH 1) 2R fife 7] ﬁi"WéjﬁlU\_FE’JQ’JﬁiﬁEﬂﬁlﬂ

Q(a) = za —7 zl’aajyiyjl((xi,xj)
(12)
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K, >, BEAWS i DFEA, y, e |- 1,11,
a, |, JRKIRAYICE R O RIA% I H 3 F, A0 0
R TCER TS I FREASFR S SR i, K (x, %) I
TR eR B, e 5 0 A% oK BB RE B8 T B S AR A 22
] AARMBLRE . SR, JF AN BT AT 9 B i R 4 m] LA
BHTRIT, HF59 AR IR ER, B
i /& Mercer 51 ( Perkins 45 ,2001) , X} T 45 %€ i)
AELR MM pREL o , B Mercer 2% pRELRT LAZRIR N
K(x,x") = @ (x)"®d(x") (13)
W PRECA 4 28 4G LM (linear) | 2T
¥ ( polynomial ) | 5 #1 4% 7] #% (radial basis function,
RBF) FUZ AL ( sigmoid ) %5, Hirp | RBF 7E4¢ /0
ZHOYTE LT Bl ReAS 2 5 HAD AR AR A% sR B LY
PERE, & SVM Bl IR PR Z —
SVM S SR %) 56 T 4% 25 (Al 5 B 42 Uy 73 26 07
¥, RERE A R I s DG 1 R I S TP AR AR R R
#J“Hughes” 14, Camps-Valls Fl Bruzzone (2005 )
ST R BN TRtk g2k, BT
A ¥ (Camps-Valls 55,2006 ) 558 & 2F & SVM
A3 2R R ( Marconcini 55,2009 ) FH 4k £ HY R F 3
T SVM (kernel SVM, KSVM) 432 %5 50 B 45
] —CE AR S R AL 3 IS 23 2R T e, B,
Ok B Z 1Y KSVM 73 28 4% 5 73 S 155 1Y W F 5%
Wang 55 A (2014) $2H T —Fp 3 F 25 [0 — G ik bR &
AR 1 G T R Y 2K B 732K . Yang 6 A
(2014) $& T —FP H T2 W e iE KR o 2k
2 SRR T SVM, F A3 1) | A SRRk
el g w B RN, BT T RDGIE ER Y 4R ks
[F] 24 ROR A 38 25 [A) IE U 8% . Peng 45 A (2015) 42 i
TR T X B Y S RE ) &AL (region-kernel-based
SVM, RKSVM) , | ] X sk it 2R Joy ¥ Rl #4525, )
PR A5 XA AR S BUARICAR 2R FIFR 1 DX A ] I
0PSB AR 3R A ) 35 ) X0 S 56 R
Xia 55 A (2016) 4 1 5 T i #% 1Y 345 ) 5 pL
(rotation-based SVM, ROSVM) , F| F BEHL AR £
FVEC G A A [R) Y S A 1] S L2 28 4521 AT LA
S i B SVM 1973 2k B2 B JE AL SVM R Z A
Xie A5 A (2017 ) F AR5 32 8] B 6 78 FR AR M S T
235 (AR IR A 25 AR SR S5 4% SVM 73 2K 4w
KPR P ZERTBE . Liu 45 A (2018a) 4R T3 T H
AL A IRAR R 25 T8) 1Y) 25 8] B /DN 3 S RF ) 6 AL
(least-squares SVM in sum space, LS-SVM-SS) [ 1E

MALHEZE . Zhao 25 N (2020) #4235 [8] | F SCHR K
B EIH, 5 SVM $R At 1 . W ih s
B TR ARARICHEAS , 25 rfu AR R 4B IR R 1)
ST AR S B e TR PR

Br T KSVM Ab, %5 B 27K 43 25 (kernel SRC,
KSRC) F1#% P[] 2671 732 (kernel CRC,KCRC) 7E 5
Tl R 23 155 B RREP AR S 5 2 h AR 8] 7
K, Zhang % N (2012a) $&HH T —Fp 3 T 45 ] —
AL AR B 2N 1 PR IE P A B T — A )
ik KSRC AOHEZR | 7 A% FRAE 23 (] v 2o 408 35 8 O ok
B s AR . Li 28 A (2015d) #8756 T Tik-
honov 1E WAk 19 4% Pb ] & 7R 19 85 06 1% G 43 25 05
2RI EDGIE BSR4 B R IZOT IR IE TS
HEBIFFmEIL A, BT 2T L
(kernel extreme learning machine , KELM ) E.45 fj 5. |
PR DL K AV RE 58 SO0 A 7 = 6T R S 1B 1
B R A7 B Ok B 2 e, Zhou A
(2015) $&H T WP 25 M —EiE & G4 4% (CK) (1) ELM
07, #E CK HEZRrh | B2 (M) A% RN 3% A% 4 i) Hh
BT WO R A RN S A% A R, g 1 H S
ZHN 52,

M T 2% > BEME AL FE YGRS AN 2S [RIERAE 1Y 5744
G (Gu % ,2017b) , AT LUJE JLAS & 58 4% 59 B AL
AL, LA A% 56 1 TR AR 81 5 A% 1 R BR A2, 2 1)
Hu ;s R R 2 i BRI S 2, BT
R R FIEM 2 M 0 3R 43 205 1 RIS &R
PR R ) SR B 5 R AR R Z (R A IS 4 53
TF & B3 2 G AE (Sun 25 ,2019) |, AE MR R A4
SRR A A B e T A F, REAIK T
B BB, 0 T o0 R0 i G A = 4 R
23 [A] AR R PR R | 2 T A 2 (R RRAE SR i 432
BRI 5 242 ) (MKL) A% J | T BUS T —5F
MIZEME, 4N, ¥ MKL itk A 2 P [F] R 7R 53 2548 (Du
45,2018) K MKL i A % PR 2% 2J B ( Ergul #1 Bil-
gin,2020) 55, {HH T s i 22 500 = 0 20K R
BEMENEZNE G EASHE L S5l E kA
[, BT 222 2] 1 25 Tl (5 B PR S 0 iy
i FitE— 2Ltk

BRI A AR B 5 O6IEE B A B 2545
o TSN A BB R IR A O o 2R
AL PMRIDGIERRAE 28 (B4R S5 0 Rgm X R i RIR R
SHEFT R 55325 XA B A TR R I
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SO RAIGE — [R5 58, X T e 25 1 Ak
W5 73 28 23 8] SO T 25 A RS O T 3, AR
FAE THIESR IS r IO 70 BES B, X s AE T
AAARPRERR X BB R 5 23 T AR IR R B K R o 45
BB FOEIE 2B | LU P K R0
B AR

3 ZFEERELAE

23 [ B A BB AR 23 )5 2400 25 1)
REERAATROE, IS 20 SERG B2 . W T ot il
P4 2 [R5 B 5 Ak B 5 v AT LAy 2 AR LA
551 B LU B R W] SR B AL (MRF) ( Rellier 4%,
2004) K R BAHLI J5 1k 55 2 Bl DLXGL S
(Lee 5 ,2011) RARRAYUEH Ik 55 3 F2 LA =X
B (Valero 55,2010 ) AR & 73 FE SR, BR T LA
FEIURIrESN  SEAERERL (SRR 55 ,2017) J37K
I ( watershed transformation ) ( Tarabalka 4% ,2010a) .
YIJ{EIEFS ( mean-shift) ( Huang #l Zhang, 2008 ) %5 J5
AN T OGS R i 2 )5 B AR 3L
3.1 L/RAIXKENS

Ly R AT R FHL (MRF) A R R T bl Y
SRR, AR, SHRBEDLY Y BER G B A o A
SE—XE A, MR PE Hammersley-Clifford 2 B, & /R
TR BEHLY 3B Ve BT IR A5 A1 e A . PR, 5
IR AT R BEAIL R 1) Ja P 2 B ] LU A ST B AL 3%
1) o P 88 BE R S R HA n AREA BN A
HX = x|/, MRF KRR gE y =
{y,}7., o Q0 Tarabalka % A (2010a) fFi& , MRF 5K
B MR B T A oA, OB U

P(y) = Sesp(U(y))

Srh, 2 09— AR R W — LR AR IR 3 5 SR A

Ak o U(y) = n Y, 8(y, —y) 1M #%
Q

(i,j) e

8(y, —y,) 1EW Q LAWK, u 2V SHL ¥
Al S —2ASR R R . B, X (14) e T AH4R
BEWA RS TR — 280 28 | Se 5, SE o BT
W KE,

H M SVM-MRF ( Tarabalka %5 ,2010b ) i) 1% FH
FrRtiE ER S i RIS S 028 IR IR
B ORI 2 025 F BT MRF $2 1 T ki oy

(14)

P Li 25N (2014¢) ¥ MRF 5 GMM 432K 28454,
$2H () LPNMF-GMM-MRF %4 Ht SVM-MRF HA 5
U5 2SR R, B AR /IVREAR I 0L T, B AT 245
ARG . Sun 258 A (2015) $2 1 T —Fh B 42
RRIEY 2R 5 ' 3 5 (R L 00T o 3 Y
23 [B) [ 38 N B /R AT R BEAL e R . Yu % A (2016)
FIH SVM 4325ds , 45 125 [ H3RE 1 A e 15 3R R
FEIR A Y [P E, BEF 6 1A B 28 09 5 38 o3 A b4 7
A, R A S Y. MRF % BURAR R 1925 (e {5 Bk A7
AR, Cao 5N (2019a) X MRF (3% )2 4519 AN G
703 A R G MR A B ), 45 HH 948k MRF 45
Yl FH 2 20 A R 1 i A LA 5 2 S
AR RS AAE 7] HE &% HST 7776 1 75 7] B0 | Cao 45
A (2019b) 2R IR G f 7 A0 Bk 5 B 43 i ( low-rank
matrix factorization, LRMF) J5¥2 , X} M Jay il BBk J
(8 A Sy A I ) B 2 S AR AR O S B s | )
FH MRF #4740 3R, 5L, TR m & 240
(‘Andrejchenko 4% 2019) . 2 R EE B b4 (muli-
scale information fusion, MIF) A1 % >J 1) MRF &
72 (Qing %5 ,2019) AH4EHR H
3.2 MHEHE

XU UGG # R —Fp R s S 0 i B R B p
MRS HAR IS R 22 8] AL BRI ORI 8IS 30T X R )
SRE(E 22 R ORI R e g, & u M AR,
BF (w) RXGHUEN: 5 0~ , B

1
BFG), = 3 3, G, (i =) G0 Clu, - )
ije

(15)
Ao, W AUEAN 1, XN

W= X6, i-jDe,lu - ul) (16)

A, i FREE OB ENE, j RREELE
Q BNLE R — D RN R (2n +2) x2 )R
e H, o = 1,2, M, uw, ARG | MER
AEHISEEE(EL, [|i - j| o (@ -j) BY 12 {5k, G, A
G, SPFRIRIREZE T o, Bl o, B3 0] v ST A A
EE= T  EE R ER N i YR (I | o  275
Bl w, =~ w, A BAUE I L, — LT 1 E,
AN T B as . AR, G ARARAB R R 1Y
SREEAEAN A, W28 EXHZAR R AT s . B0
MU KRR TR A T R S5 AR R A3 A DXk
HEAT R AN X 0 AT R I . RGAUE B
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i T LA S A B A AT R IS5 5 O B
TG 1] AASRT, [ B3 Bk T 4850 X sk M
UEAh , BGHUE I % o 77 AT, vl LLE i o,
o, ZH803E B I RCR (Wang 45 ,2016)

o T PG A A 20T A [ s AR A e 7 | BB
ARG G B — E RS BTSN EE RS
— o PRIFIASG AU 7 (ANSGA R ) 7T LA R
P MG R, BRI T G R 25 S
B 543 ( Kotwal A1 Chaudhuri,2010) , 7E2530 5t
VPR T , (5 i AR R U U 8 1R Gy JE
HEAT P AL P B 35 4R R R A OGS A R i 42k
K5 B (Schindler, 2012 ; Kang %5 ,2014) , J 7 #k—4
PR LN Zhao % A (2017 ) $2H T—FloR B A
UL U8 B 4 R B JINFA B ] Bh i 2 AH 25 45 1) HST 3
HKH, Qiao 55 A (2018) $2HY T 36T XU JE W AN
i B 2R I RS 2 A] S AE A ) 2 Hh — i B ok
AHLYE B9 JSRC ( spectral similarity-based JSRC, SS-
JSRC) 7512 , I FHAB B 11 59 481115 5. 3k 5 5 A A
K&K,

3.3 ZXXoH

XK 5B (BPT) 2 — i B ) 36 1 1 43 F i
OGS UG A TR AE SR B 43 28 vk R T as )
5 UG ALFEAYIERE . BPT J2—Fp LT IX Bl /)2 3
TN, AT DA RS R A AR B 254 i i — 22 IR X
S, HLAT R 238 A

BPT & —Fp 3L F X IR PR 45 4 R 1) o0 J2 26
TN o MNEEIT I 9 20 43 1 30 56 30 AR (4 REL 431, BT A
FEARTR) ) 43 0 RUBE T %t EUSARAE HEA T4 40 . W H T
GRS A W S B 3 TR R A
BPT, S HL2 i e T B 1) 25 33 AH D& 1 5 I
PEAT BT, WIS Fh 1Y s 2 A T, 3 HL SR 16 B
(T4 40 22 1 S eI

b 4y
L E bR

DGR 4—»[ —

LUESZN
K3 XAl moR R

Fig.3 Diagram binary of partition tree

BPT & — i T XU iy (SR R, 8 B iy

FARKLTE, e H T 5tk EHR A #EEA —E 1Y
BREPERE R, Valero 58 A (2010) il 1d AR
()5 I R B AC R mG , D) HoKs BPT L FH T =it
TR HARAEI , Valero 26 A (2011b) 2 T 3T
BHAAH 5C 32 AR AR 1 = 3 XA IR SR . Vegan-
zones %5 N (2013) $2 T 3 F 038 4 il A A4 19 ke
TG BPT #4377 10 F B9 A3 SR ek, A1) FH X385 1 Jsy 75
R TR B 2 R /N IR 2ZE A9 43 X, Valero
EN(2013) G5B DL IEE B $2 0 T —Fh L F
RS R G R B AR R Oy R T
DI 375 I 7 3 X e O 1% R R AT 43 BT, Vegan-
zones S5 N (2014) $2 H T 3L F 6 3E 40 1) v 615 1A
& BPT ¥4 1 757 I RSy A SR W, S8 T 76 R [R5 5 Al
OIHERTT A N ERRCR Ak, B BPT X
i MG T 48 TR AR SR U A G D, B4 p
FETC WA RIS,

25 (B B Ja A BT O3 o 2 248 A 1 25 1)
5 B T AME 5 Al | X 5025 [ 48k 45 8 05 =X, 3K
PR AT B S R B Bt L Sl OGS REAE X HSI
BE 4328, B An bt L 8 I R o E S 2s [R)
TR A AR R A S T A X RS AR SR IO
(AR B2 DIOGTERRAE SR IR 4328 2 (B REAE R R 5t
JP S HSI 28 JEARAE S 0 43 25 0, Ok i A T i
Je—4, BNUNT A R A B ) 23 e (5 EOHRL 2
SO AL P R

4 REZIEFE

PRI EALSE HSI 28 i R U i K2 B % 1k
IR0 Ff B AR TR B 2 2T 1) SR Ao A
TREE I HESL 45 N HST B h 43 )22 S B 1R
FEPEFNHN BP0 9 J2 BT 22 2 i TR B RRAIE , AR SO
o SUCHIRIZZS 1B RHE . IRIZZS IS RHIE A —E W
SRR, BB S IIR)Z | A S AR, AW e S
SR HbRKEI o B T S B F T RE T, RS
ARSI 2 TP & S 5 )z N T
e EMG A I ks A 4 FTs
4.1 HFRMWMEZML(CNN)

A CNN Al DU OG5 B (R R 5,
2017 ;Hu 45,2015 ) s 25 3545 B (i 4h 5L 46,2019)
FEH T CNN /9 5k b, o O 3% 4E 204 1F R
i ANFRE R IR T AL S pLas 4 2 Bk  (HIE T
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b= = 3 GCN Transformer
N ) A
2015 2017 2019
2016 2018 2020
N y
CNN 3D CNN Z 2 NCNN

Kl 4 RIZZTERFIEN T HSI 232 B k4 141

Fig.4 Chorogram of deep-layer spatial-spectral features for HSI classification

ZSTEARFIER) 3 YEB T4 M 2% (three dimension
convolutional neural networks, 3D-CNN) X} & 1% &
B PERE A R IR BE S i, Hu 58 A (2015) $24h
THEWMAR BRZE RO E | 4% 2
HZ B IR E  FUR 28 R 2% (deep CNN, DCNN) , H]
PGSR BT RGBT 70 28, 15 3 1 H S
] LRI GE IR B 2 S DT PR 0 e MEfE . RR
WS N (2017 ) i D3 iV Dy i e 91 A 3 fi
FH 36 T #2245 ( recurrent neural networks , RNN) 3
T [ Be 2z T AR DG, A D3 B vh
PEHL BT SUE S, K6 8 13 #2852 (convolu-
tional recurrent neural networks, CRNN) T & 6%
Bl o 28, A B2 A 0 R AE TP B OB 1% 75 5
(W

23 [ — 615 B AR A R il it 2 RE B
DB AR LR SPGBk e 2B D S B CNIN T8 3
AIRIAG o, (T 2 )5 SR RO E 1 CNN %)
28 L B SR BOGTE (5 21 CNN R 28 BAT Sy

hypercube PCA input  convl

| spectrum | )

Cl

E5 2D ZsEE B E

pooll conv2

rEPERE . PR, 6 A A5 S RRAE 1Y 3D-CNN 3T 4F 5k
Z R THORAR)Z e, W E 3D-CNN
Ay LI AR —Fp R 2D S EME B 45 A 1D GiE s
S 3D-CNN BEHY | 55— LA 3D 7 7 R EHE1E N
I 25 % A FY 3D-CNN AR

2D % [ {5 B 454 1D JEilk {5 B A9 3D-CNN 4%
RLWNES i, H5E, it PCA FE4EALEE W 5 R
TG B 4 | LATE Y CNN i A (— R 3 il
) 2 BB R A E T L 4R U SRR E,
iy M AR P 11 30 3 0 B B B N O e SR
REAIE 1 28 aat b A Ak 38 (5 FH A A T 340 it A B R
k) |, bt BUZ At fL 2 A 38, SHERAE B i A7 R
SREECRHEE A B RSE W AS/N) L EIE R C &%
WS R AR E] — > 1 4k ) S () 2 094 B Ry 3 T AL
C,f HMSE WH R s iem il a2 b B
TR IO P U3 TG R S B AR A XoF iy 28 S A AR 232
SEMUTAS, LAY 2 4 CNN(2D-CNN) 22k il 5 i
IR ERUZ ANl )2

pool2 fcl  fe2

- —_'gf_:g | !—’“tree”
2

Cl

1D JE%5 E 403 1%) 3D-CNN

Fig.5 2D spatial information combined with 1D spectral information for 3D-CNN

PL 3D 777 AR AE A X 46 i A9 3D-CNN A5
TU] DL ] SO 3 R 2 [ R AE , B4 3 i B
AR I R A T 1) L AT A i A A )
[ AT A Wk R U, 3 AR R S0 5 R E 1A

(4 3 ANJ7 1 #EAT W Bl 3 iR B AR AR
Ky 4 dEra) B AR AE A RO R4 B B S %
U AR B R, &t 2 2 B ROl AL 1
VEZ A8 —4> 1 dem &, ik 6 Fis,
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hypercube convl pooll

Cl C

conv2 pool2

fcl  fe2
““““ | a—=4
]
__Egeftflirr_l__ )l/,./] - - — “tree”
H il ' !
11y
> - 2 2
1

6 3D ¥diafi AR 3D-CNN
Fig.6 3D data input for 3D-CNN

FET CNN [ B HSI 28 35 RA RS MUy 32 , i ik
BT Z B 2 2 O HESR R BCEAT 0 R & A
AAEYE (Chen 55, 2016) B2 FFIE, Mei 55 A
(2017) #9385 T —4> 5 J2 CNN, H2 H B ERE22 2] CNN
(feature learning CNN, FL-CNN) 3 W& 75 43 F| H T
HSI 23 A FDETE (5 B . Zhang 55 A (2019) $2 H —
T 2 3 AEAR A TR 2% S T 3 4
B2 4 (3D-CNN) KRS HST #9755 85 B2 73
2, AHA T FE o R HST MR AY A5 S (46
(b R R E R EPS DR LE Nl N ERN ]
Pl

BT X i DT AR GRS W38, 53 24 Bk ik [
XER IR, Lin 1 Song (2017 ) & H T 625 [a] G i {5
I A T R VIR T R A7 4R 23 5 R AIE 19 7 15
Feng 55 (2019 ) &%) i '3 145 i 4E B8 1 )t , 523
T CNN R HGR ETE B R 19 25 (R FRAE K CNN Y
TRJZE 2R )2 A3 AR AR A S 22 4 AR 42 BUAN [+]
JEWR WA 25 TR, S0 30 31 o 288 AR B J2 2
AAF BFGR 2 GAT B Z R BAME B 58 AT
7P 2EMERE ., Lin 45 (2020) 1 AR 15T (5 T TiE R 45
A GG Pl € e e 6T 4R | 45 5 25 DG E B
BT CNN M4,

FEXE AT T G UG bR LA A B SR 2R
AFRBRAY )AL, Lin 558 A (2017) $ T —F0 0 T 5
DT B 73 25 1 2 W B 4 B 22 0 2% 5 Mou 55 A
(2018) f& Hi 1 W 4% 58 x4 AR A AR 2% i 45
225 > R 09 R Tt Al 18 VR U0 A R0 2% Li AR A
(2017) 4t T —FhEE TEREE CNN 27 ) B 15 3R X e
fiF: ( pixel-pair features , PPFs) [ 4328 HEZE | 45 & vpls
BT R R A R RN ; Zhang 55 A (2018)
Je i 7 M EE TR X A R EE CNN B ( diverse
region-based deep CNN, DR-DCNN) , % 31 T A [A] )
CNN FHY iy A A AR bS5 A, i i 2 RUE K

F B R 2 B E HST A OGIE—28 B R 1E . Tang 55
AN(2020) $& H —Ff 25 ] — 3% JE 780 ) 4% ( spatial-
spectral prototypical network, SSPN) , Il &5 & T 25
] AT A5 2 1Y Jr AR U B B30 A — 4 AU 22
P 2 SR R S S ARRAIE | T A 6t HST HP A2 AE IR &
BFEIATHIE Liu A (2020d) 48 H T — P i
RS HTMZ M2 (shuffled group CNN,SG-CNN)
itk

T30 B XS E G R R IE B IR e N 22 e
FE2eia) 22 SRR R, Lin %8 N (2018b) $&4H T—
L F Siamese #5 F 28 W 2% ( siamese CNN,
S-CNN) (A7 We B R BE PR O 125, L N ol
ST R P B EOR BE A 5 X Aok B 8 o ) £ TR B 2%
SRS DA IA W 25 1570 20 AN [R] S K ] 1Y
5 FLAMAESE ], Guo 55 A (2020 ) $2 1 9 CNN L4
FEASHE N Gk AR AR R B KNS LT, 52
BT O PR A RS B 0 2 S BEXE CNN A R0
T MR A WY RRIEBEA T 2SS, 2 TR BE RGN | 1 £8%
(] f5fe = AR DCAR L E M T B 1R A (0] 3, 5K AR 5
5N (2019) Bt 1 T ) M) 4 2 0 v O AR AT
5% 2% CNN 45 ; Han 45 A (2020) 42 —FHEET A
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T M D T BT A R B

FLT CNN 925 1R AR 4 B 7 42 M LA A 33U
Bt , B T AR OC 2 | i & 850a >k
By HST Bl 9 G — Pl 1 K 4 CNN ) R
FHAT O T # (He %5,2021) , 3 F 7 2 AHLH AY
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Transformer 7EAb BRI P 5540 i B — @I035, -
I T HST B TR B FRAE 1248 5 00 25, (R AE T
FHEBCRL T R2 A E 245, Hal DLSEaIf
AT IR RREAR TR A . 3k, BT X
CNN X HST 548 Ak B s 38 3253 A7 FF AR AR B AN 2
SEGE A AR, 0] AR LT 1 T 5
SRt U R R A Zrad B A TR X R Y
YIEREE R B R 2 203X, il B 2 ) F23h
) 5 AWM E,

4.2 BEERMLE(GCN)

FIB BN 45 (GCN) & 1 FHF HST B — 4~ #40
FIHT LI 25 048 | B A% 30 2 EASERE AR 22 ] 1) 56 &
KA R A 3B AT B 2544 19 B (Hong 45,2020)
UG b ) B AMR AR AR R — A9 a5, LA R 2
PEPE AN E B, CNN AR TR X ELAT [ 52 R /N Al
AU (1 B0 1E 7 8 R XSk E A7 % RLiE B,
B 7(a) iR 2 e BURB RO SR R 5 5L
FHARAT SR RGBT 34, 9 28 8 2 A 7
(), I ELA [ 2 RN, BRI, AN BB i 8 By 2 A
A5 PR G2 43 A5 FLAR] S0 8 A4 AS 7] Je3 38 X 388 ( Zhang
4,2016) , BE#E GCN BRIP4 BdE 2 Al (i4 2
WIEXRTT LU EDR R R, E 7(b) iR, BT 1%
LA SRR SRR | BB B 50— A8
il TR T 1 R €849 s )Y SRR 5 LR A T3
., S5EGEIEARI R, 5 mABERITF M, K
INJERT AR Y (Scarselli 45 ,2009) . Hit AT %1, HSI
R REAS R R T LA [ AR Mo ) GON SRA L, B
SK,FIHH GCN X HSI #4753 200 4 TP B B, H
B —E MR BRTE, (HE WA 32 8] T Ok ik £ 24
(DG BT 2 R e ) 8 T — RIS
LGOS

A XX N
IXIAIX /7
SO .
AN VAN VAN

(a) 2D-CNN (b) EZ5H

7 24k CNN BRUSESBH
Fig.7 Two-dimensional CNN convolution and graph structure

((a) 2D-CNN; (b) graph structure)

BEXT HST R 4ERFYE S A FRAEAS (8] AN 7 1]

B, Mou 55 N (2020) $& tH T7 —FhIE Jmy S 1 45 FH W 4%
(nonlocal GCN) (1422 W W 2% ) S 1 i & A &
B AR B3 10 R R AR 02 1 5 ) AR ; Lin 48 A
(2020a) $2H 1 FHE S 2 (GCN) #F5¢ HSI 1Y
INFEAR Y SR, ST R A% Gt 1 2 Wa B ik A
SeHkERITREE2: 2 J5 A R8CR s Sha 558 N (2019 ) £2
T2 [R) i AT 3 7 0 5 S5 6 LR I 4% S
T AER B R R v R R s S B SRR F
JH GCN Ny A B th B BURFE | OF-2 > - 5 ih Sk
RPN C R BIBOR s Qin FEA(2019) £ T 4T
ZS TERRE 1) [ 5 B 4% (spatial-spectral GCN) ) 2
Tk [B] 2 W B A ST HE SR S T R bR D REAR 1)
A FEE HSI 2 R UERPE ISR

GCN J&—Fp B #0242 Oy ik, R Fir g 1 i #p
Z 53k B, A GRS B S A 55—
f], GCN ‘it B 38 408 2 46 [ | 1H1 e o B 2 003
TR AR SR O RN 28 A IR BT a5 AT R
TR, &%t GON 7E HSI 43281 F oh BT 3
BB PRI, You 58 N (2020) #2101 —Fh 3%
f)53)2 GCN ( layer-wise GCN, L-GCN) Il ZHEZE | 7
Y Zhach B T RRIE R A R AR A 40 53 85 DT KR [
R T IR AN N Al TR A PR T R G S
PERE ; Yang 25 A (2021) $2 1 T —F A 9824 ) ik,
AT R R A i B IR B N R B R A DA 2 (]
R TR AR i R RIS T 28 H) &2 24k, H AL
B 143 RO s Hong 25 A (2020 ) 42 1 T 2645
GCN(miniGCN) BRI n] LU /Nt & (1) 77 2CFE T 2%
FER (S I 254 ) A RO I 2R 45, 5% CNN
55 miniGCNs 12 B 45 1 Fil 75 76 3t 210 3 7T 111 25 149 4
Zern ) S Ar AR R IR B4R FE, Liang 5 A
(2020) ¥ CNN 5 GCN 254, K 4 Ja b e AiF A%
AL ERFIE A BUR 514 R B = FRIE RN BB T .

FET R AR IRIE 2= S HOR B 2w ) i AE
fR4EF R HSI, w58 A (2019) 2 1 —Fh 25 3
IF) I D0 P s 6 A L e A %, 4 o L D A i R [
BT A A 7 e YT B0 8] 1 22 ST AT 2544 , 1) A
A ST 5 Ry 8 2s [1] SR IHIRE > S 2SR AR
B, 7E HSI & B as iR AE SR B4, 21 % GON 72
FAB LT RABIZ IR R M ZS 0] BN SO R 23
FE— S AN KR SN 257 1 DX (B a2 B ) i
53w 22 7] B, Shahraki 1 Prasad (2018 ) #8131 —
TR T Pl B SIS 5 43 25 1 CNIN 2848, S8 T 4R
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IR ; Lin 25 A (2020¢) 1% GON LA 18 £
P23 ERHAE AR &, B2 T —FPFRA CNN 3458 GCN
(CEGCN) W SRR E 45, $2 55 T 25815 i R fiE 2%
IHEET .

FH T GCN g b H AT 4% F ot 52 43 A A LA b
MRLA Jey R X 38, HST A4 K 2 25 1] 56 & AT LA GCN
AT, P, R GCN 3 Rl B 2 9 26 4244 X6 HST
AT BA —E R 1, A&, GCN W H] T HSI
WAL TR A B B, i A7 SE R i ok ] AR 5T . 0
HoZ5@ 1t GON BRI HST YRt , T BN HARR &£
() &R ekt VA s 11539 AT RN & R 8t Kbz
D RN R, AN Z BT GON A B 1R
P FHEST CNN I L IR B A7 B HfE USR5 5
ZMIRZEE
4.3 ZRFIEEHSKRE

5ot E& (HSI) Fdig AT, ot 3 Ik (Li-
DAR) i #1243t 1 4 A X A 3 AR AR 8L, T DATE
— K AR AR s () B4 RS T ARE, Bl ()
— XA HSI A1 LiDAR 58l ) o] PR 3G I, o 5 ol
A IFATRAAESE AT LU 47 bib, S 3037 557 Z0 ) ( Xu 5§
2018b) . &1 8 L HSI Bdls 5 OG B A5k ds hy 1], 44
T CNN HEZE T /Y 2 IR 508 56 A R A R L S 23 28
P2 45F . Huang 55 A (2020b ) R FHZE ALY 0 265 245
F,—A4~ CNN FH2k A i iS4t v 2 2 S —2s )
FHIE, 73— CNN IR A HOGE IR B rh 3R B 72
G 5 A6 FBUZ 8 o S5 2 R ms R A A
_@O

rHSI CNN ReLU :
W}“_“”O;'k:-ﬁg Softmax  f#iith
-
LIDAR  CNN  ReLU Y- ngg ::::-’H_H
| bRl 3 T
o

I8 HSIHfiE5 LiDAR Hichhamh 5 i TR R 255 A 4
Fig. 8 A deep network framework by fusing
HSI data and LiDAR data

R T i DRAS TR R 22 [ ) AN S A4 iy ok 4 1)

B, Luo 5 A\ (2017 ) 3 i & A 6 i 4R AIE | 25 [8] R AE
(HSI AIEAZARRE ) Al AR RRE ( LIDAR BB A2

R K JC B R XA B2 DX A 495 2R 2R 1T il
A5 Gu Fl Wang (2017a) 45 H T —Fh 84050 1] 114
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) A oA Ao 32 1) 4 s 1 3R =[] AR AR ARL 1 5 R S
Zhang % A (2020 ) 3l 53 B0 —E R B AR 2
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CNN) ) 2 Xt HST Al LiDAR 450408 19 22 RUE RRAF
AR T IC B B ) 402 5 Xia 45 A (2020) 42
T — B W Rl 5 (semi-supervised graph
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T4 R BT P AR IO I 2 4 B BE HL AR bR
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TR 732 5 Xia 55 A (2018 ) i FHIE 25245
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FAAESE CNN B IR JZ B I 23 1] 23 B 38 ( Chen 4,
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(Zhao 75,2020 , 7] LAFI AL 37 2 P 73 1 45 & Ak
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