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PR RAE BT T —FhRRAE AR R 5

fHJZ, Transformer 45 ¥4 76 ¥ 50 AT 55 h A7 76—
FE BB, 51N patch 4 fith BRI T 18812 > {508
WRERRE S, X R E B e e AR, A
AR RSl 3 ey Jr =X
A LUAT R s R A B BT R B SR BE o R T A
PR 1) VAT R B S ASL T B o P14 350 o T R
/I patch 15 token AYGE , Lv 58 (2022) $2iH
TS [ R R R RORY . S B D R
A ISP E E patch A4 il token,  FEBUENG JR) R 45 44 45
fiE, R 2k AEE PR TR, RIE 8
FH — Ttk 208 18 T 2 ML ok 25 B AN [R) 38 3 Y
HEAE, A2 REAILE T S
GERAESE T VITRBBITEY 50 2P YT J7 . Swin
Transformer J& Transformer 7£ T3 HL A 5 401 18 1) S
— KAl . Wang 5% (2022) %54 Swin Transformer,
T —F L5 E5 Swin Transformer FE 8 | %
TSR T Z PR IE Ml BN 3 35 1 R A R 4
R e — 4R 5 o 25 PERE

P —EHESR 5 VIT 454, [RIFERT DR BIR 47 Y
HOR . ShaflLi (2022) 5@ 4 £ 5L 41°% 2] 5 ViT
G546, LAY VIT 208 JCHE Ry SRR R Y B pe o A
Z S5 WO, W LU B TR R R R
SR XU RRAE . BigE (2023) K B X HL A
A5 VITE4E, JFHETE T —FHg4 T CE i
2K 1 SupCon 5 2% I I A 450 2% BB B ARML G i 52
SCHR BRAL, JE R B SE R IR | AR

CNN Z7E R 2R BFFE AR 26 i i = 0
I HBEA SRR IAE ST, Wi CNN 5 ViT 2
] 4R AT 5, R — PR, Zhang 55
(2021) M 7 —FEram ey =X, ¥ APl
FIE] T ResNet 1, 42 H T TRSHLAL, EJE—Fl
afi 45 FH — 45 L +Transformer— 4fi Transformer 9 45 ¥
5 LSRR ViT BERUAH L4 3R 90 1 B4 1Y
B Deng % (2022) 454 T VIT FICNNHZH T

CTNet, fiff IR0 M 28 ROREZE , B VIT 5 E -y T-
stream AR PUE LEFE, CNNI&E N C—stream 3K
WA REE, o LT — DRGSR pR ROk 2%
WAAL . Li%e (2022a) [A)FEME XU N 246 R 255
CNN 1 Transformer, S #& 1 T —Fp X K5 1E 22
HAEE, A HORAU AT LA S LA JE T CNN
JE FR R ME A EE T Transformer FY4 R 4RAE, £ 0] LA
MRS b e 2 RS B . Tang %% (2022)
2 —FP 454 CNN 5 Transformer R AL, FIFH £
JZ AR S BURE B ] 37 5 v B4 Jag 0L 0 e i A 22
JEEBURE, & SOE BRI, N2 24y
AR B B Bl AE B, IR T — R IR
IR IR YOR R G R AR Z B ARG, Fm kit
TR GRS, SRBES AN IONRHER ST, Yu
S (2022) MR T —FRESIE L, BE RS ViT
45, TR UMRHERIEAE b FIREIRAS TARFRIRCR

R ZE IR — M MR BR B TR 45 )7 vk, Bl
SRR o 5| R A Y A AR SRR P RE B4
ZERYTE S R W BOMAE AL, TR AN U 2 A 5 AL 25 4
AP DL T 4 s PR RE ol IR ZE A SR AR,
CNN 5 Transformer 45 G &2 —ME R I7E . Xu
4% (2022) #HT ET-GSNet, FlFH ViT #8 f
FOMM 25, 3% FH ResNet 1 2y 2% A [ 45 AT I 25
PR i FIR 2R R RS IR RL A O A5, A
Rt 2 i, w] LUUR] %) K 280 IR A v i) i
IR 2] AR o Nabi %8 (2022) T2
CNN 1Ry 2000 9 2%, T4 ViT A5 AU 1 2 A )
2, [RIREUERT T 5 A R

M 2021 4F VIT JF #f 75 8 T B 15 7 5 oy Kb 52
FIOCHELOR, HE TSGR CNNTE , AR5 R
XA, MARAFAEA ERRIBETE I T o
3.6 ETFEMIRNENTE

TEVRJE 27 ) TE 38 BT G Z Hiy, A0 Rk
TeiE R EMGY F oy bR B EEAER . AT
FUd, TRIE CNN AL RLE AL 7 ) v s T v
ik, MAETCHE 50 morEd, R bk
W £ A 3G 5 a R O FEAR Y (Zhang 55,
2015; Cheng%, 2015; Du%%, 2017), #Rij,
T A diS a1 Tk RZEA ST AT SEE R,
Tek2 2] B A SRS A5 B TE SRR AE .

BT CNN B4 5 3 1 2l R B iR R A R
YIRREAL, SR T 8 1R SR BRI S, TERE



2746 National Remote Sensing Bulletin #2454k 2024, 28(11)

FEA & —T0 595 g % AR RUW TAE . T GAN A LA i
PAREAS, DASEEUBRE IS T i H 9 (Goodfellow 45,
2014) . PHtb—2pt 5% A 53 FF IR H GAN SR A il 5t
IRFEAR, XufF (2018) N TAEMH T RN
fY e BT e R TR, K A Y i B T T
(SELU) #IN%E| GAN, MaZf (2019) ¥&iT T Sifting
GAN, B DA K& S B FEAH T3
SOTR . TV R TGN GANAESE , 4345 ]
FREAR A B L A5E R O e R AR O e A 22 B O ik
Han %% (2020) 42 7 — P87 19 5L T GAN 1Y 1 Jgk
EGA T, nTDLH PRI T8 50 2850 5
DPERERFEAR . Ma (2022a) 1T —FhAT W
B GAN, ZEREAA RGO T i 2 e
TR . SCEE REAR N T AR SRR S
A UHESR , IEA 28 T — T it A KA W 1

A T E I 5% 1 4 R D P M 7S G e 1)1 5ok
A PAREAS A AT R 1 ks N A AR Ak
B, ¥ GAN Fil CNN 25 &8 i T DCGAN #5 7Y
(Radford 5, 2016) . i 4F K Bl GAN B H Y 2%
&, GAN [RIFERE N HAE T 3% 54 28 . Lin 5
(2017) #&H T —FH T Y500 28 55 M 2 )2 FEIE
VC LAz X7 /4% (MARTA GANs) ., CNN BRI
WATERE A8, BREARERRAL R
AR AT IR FX N EY, MARTA GANs £ Al
B2 Hh 2 AR D R RE AR BN R AT, Duan 55
(2018) #&H T —FH TR EG KM EA AR
2 a5 B AR O BT 4% (GAN-NL) . H A&k
i, PR R E A IE R GAN H A BEFT JC B R
2o RIE, BT 532 I 4 R HE W ETR B
% . Han%§ (2018) $2if T FRZ A SSGA-E 4 L
HEBL R HEAT 5000 26 o TRHE JUKE VR B 4 2T R AE |
H AR 28 HOR FNHD PPAL T ik a5 Gk, 58 g 5
IR FBIRENREALS . YudF (2020) @it T —
M T35 50250 F 2 71 GAN, I Attention GAN,
B3 I 3 R 2% 1 2R R BE T ok S B 4 1 1
ArHMERE . Attention—GAN R FUFE GAN [ FERY  F
— A TIPS AL g8 T i T
CNN &5, It HAER —d B2 A T E
BNERMATII, B Ar TC B 2 2 b B 5
Oy FAAU T AT B T AR B RO o 7R T AR I F Y
H, GuodF (2021) ¥ AFEE MR ITIIA
Inception V3 [ 2% | i T SAG £ F1 SAGGAN
W24, Pan%§ (2020) 484 T Diversity-GAN FAY

FeAr AT GAN Y Zrad B R A G 3 i ik 1 O =X
AYNZRIEBE R PE 3, RAUERTE T A4 AR A 1Y
AN, T DATE I 2R o B i /b i kAR S i i
FRGBE ZREE . Weis (2020) #2017 —Fh
U T I R 2 R W] DL TE AR IERE AR
R TR B FHIEFE E . Guo % (2021)
PEH T — AL AL A W A EEE T GANY
Yy Ko

RUEEF A O B sE A TR E L, H
2 QAT 3 o A 0 Ao 1 7 A R 0 AT AR T B S
Cheng 55 (2022) #2i T —FH T H 50 KA
BHAAE AL, S8t 5 A G e A v A i S
(DS EIRE TR IIPS AN 1 S| E4I e

EEIREG s dih, B R —1ME
FRRTEMITT I o GAN N 5337 5t 0 JEAR AL T — Fif
FEEBE AT ] . Bashmal % (2018) 424t T —7Fh
FHT 22205k @ PSS [ 38k 4% 09 S 28 R AiF 7 7%
FH ofe b P 1255 10 2% F T 1038 B RS 3 5 o 2K 1)
Teng 55 (2020) #&H T —F T B 80) B S 5
Oy R A H PR . SO R F R IR
CNN # #RHIE e R i iR T 5o i ik LN %S, SRR
AT HIEN . SR, XU [ 38 B o ) 5 I8
FEARRRAE A0, A S 7R 38 20 3T A
A7 B D - B T 2 A ) B R T R R A

TEIE IR R 2y 2R, KEZHIT GAN
(4 7 12538 8 AT 7 2l T GAN AT RE AR A B
BURRIES3] , H5ET CNN I 54 2B 7 A I
HETOC T2 T GAN B9 3 5 70 KT L L8,
JFHIET GAN 5t 0 5 M BEAS WL T CNN 9 7
o BRILZAN, ROMIET GAN 35432 ikl
W B RGN 2%, FREREZH
Bk T R s U 2k, SR, GAN SR KA H
W BHRRIE 24 2T R ) R g e oy R AR R T — A
ARA HTE 14 7 W
37 ETFEREMBERNTG X

FE AR TR A8 VE N 25 BT W AT 55 1 B AR ) gt
Yy —FpiR 24 S BEAY (Yuan, 2023), HFEEMN
KA E A AR b2 2] 3 — R IE R, SR AR
i e 5 10 O P R AT AROUR AN AE i, DAY K B B 4R
BMOR (He %%, 2024), 78 HAREURGUEL, FEAHHAY
MBFIE B S T HE R ERE, A SR 5 b2
PTG, SERIRLZE ORGSRy
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4 . BERT (DevlinZ§, 2019). iBOT (Zhou %,
2021). T5 (Raffel %%, 2020). ChatGPT (Dehouche,
2021) . CodeGeeX (Zheng %5, 2023) . DALL-E
(Ramesh %%, 2021). CLIP (Li%, 2022b). DINO
(CaronZE, 2020) %%,

SR 5 A AR EMGAR L, 18 Ik MR 32 3% Jlk s
o, WEEA 2SN PER, BT REMAMA
FER ZRENE, [l — P I AE i B G h B AN R Y
FROE. J34h, @REMR T BA V2 /&£ n) B
B, AR K B 1Y 1 SRR RS, X e /N 2 AR 1Y B
Prsg i T fERE RS . BRILLIAN, BR T HAREE
Hh, EREBRAS T RENTREL, REER
HYAE MR L AR . BB B S Z B R LEk.
=, FHEARERN T, mii e, ET 5
R HARENR SRR 22 5%, A REIRIIZR
FERN IR R SRR R A 2E, B, AL
WAl R A FE R R (Sun %, 2023).

12 B G ) Rl AR AU B9 L e UAS T —
PEE . Wang &5 (2023b) X 32 2% 7 Il 25 $5 4l 0E 17
TEE, AR R MUy vk T LU R i B s
25, B T NIRRT 2 5 55 T 55 A [
ML, PRIAT AT g A2 B4 55 22 52 . Sun 55
(2023) WLHE T 200 5 gk B Eg, fE T — A4
T 42 BRI [A) 37 550 R0 G2 10 R RS B3040 4 147 )|
i, HARRME R - REIAEIE by 3% RS
ZAT N AL T — 2 . PERR L R A A
T, Wang%s (2023¢) % T —NHEA 1125
B A58 38 B transformer B AY | FR5 AT —FHT Y

T T A8 /IR T 5 s, LA R SRR
() H bn % AR AR o BRI SR B AR U 25 R R
AT, Reed 2§ (2023) #EH T scale—mae J7 72,
BT R TORE B AR B Z B &R . I
A, Cong % (2022) #HEA. T — /3T mae £
T TR BRI GRHESR , # iz Xy e 3 20615
PG P 4ERE 10 Mai 2 (2023) FHEIR )
Hb 3R 2 () F A A T — AN TR e 2T i T 2
FESE . Mendieta 5§ (2023) fg# T — BB 24
MBHESE, FRZ N GeoPile, T HE I F Y1 24 % 3
ifE B

Y5 0r R i R A BAL PR 55, 2
A TR IR KB TS 2 —. BT
R AE R 3 B 0, AR R A L
4l () JEAT BB AL PR L VO AR A5 R . AT &
LR R RS 58— 5 or 26 . HARK I . o Loy
5 Z RN AT 55 & 20 A A 3R A R
SRR R A S T ]

XF T O TR B IR R 7 5 R OURA —E
SORRRYOEE A GOR B, TFHIEACRS AT DL Al T4
BEE R . FRATEER 1 h 245 753 7E GitHub
A S TR DX AN [R] 7 ik AT L
B X SEITIRAURS BE AT 2 T MATLABIT A 1, X
H i H Python 55, 3 T Caffe, TensorFlow,
PyTorch HEZR UEAT &) o Hidr, i Meta JF & 1)
PyTorch HEZ(H PR U s, BE ARAS AT T A& AT
T Bk, EAEREIE, Google fEVT I H AY JAX HE
BR, RIN R BA  BNZ U I A

®1 MOEREGRERSEREZIFENAFRBICE

Table 1 Summary of the open—source codes of some remote sensing image scene classification deep learning methods

R B T HESE R 4
MSCP(He%,2018) MATLAB https : /github.com/henanjun/code_MSCP
D-CNNs(Cheng %,2018) C/C++ https : //github.com/limbo0000/PairLoss
IORN(Wang %,2018) PyTorch https : //github.com/wdczs/ImprovedORN
FACNN(Lu%,2019) PyTorch https : //github.com/Hua~Y S/Multi-Scene—Recognition
Hydra(Minetto %,2019) TensorFlow https : //github.com/maups/hydra—fmow
SCeov(He5%,2020) MATLAB https ://github.com/henanjun/SccovNet

SF-CNN(Xie 4,2019) Caffe

EAM(Zhao % ,2021) PyTorch
CPGL(Tang %:,2022) PyTorch
MF2CNet(Bai % ,2022) PyTorch
ARCNet(Wang%,2019) PyTorch

SAFF(Cao%,2021) PyTorch

https : //github.com/Aaromxj/SF-CNN

https : //github.com/williamzhao95/Pay—More—Attention

https ://github.com/TangXu—Group/Remote—Sensing—Images—Classification/tree/main/CPGL

https : //github.com/liugingxin—chd/MF2CNet
https : //github.com/laserbox/ARCNet
https : //github.com/zh—hike/SAFF
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2
B R T HESE fRAD 4
GCSANet(Chen4§,2022) PyTorch https : //github.com/ShubingOuyangcug/GCSANet
SCDAE(Du%,2017) PyTorch https : //github.com/296769150/SCDAE
MARTA GANs(Lin %,2017) TensorFlow https : //github.com/BUPTLdy/MARTA-GAN
Simaese—GANs(Bashmal %,2018) TensorFlow https : //github.com/LailaMB/Siamese—~GANs

SSGA-E(Han%,2018) Caffe
SiftingGAN(Ma %% ,2019)
PSGAN(Cheng 4 ,2022)

TensorFlow

PyTorch

https : //github.com/weihancug/SSGF—for—-HRRS-scene—classification

https ://github.com/MDAooo/SiftingGAN

https : //github.com/xuxiangsun/PSGAN

4 EIEEG S SO KRB 5Tk
PERE HL#L

4.1 HIBEEHARIRK

R T 5 Y R R R R S s oy X — S Y
WFoT, Ak, BER N T R T
G 5 o MBI 4 o 808 4 nT DLl O vk 1t
TEAGARIE, DA SE ik iAot . R, o
A2 bk de HAR ZR M ) B 45 2 UC Merced B(HE4E
(Yang Fl Newsam, 2010). Z&HE H 2100137 50
BARL, 5rh 210 5300, B 28050t 1004
256x256 18 Z Wi s 1B IR MR 1, A 3B
WIE, ZSE R 0.3 mo IZECE B0 TR 55
[E # T 82 J5 (United States Geological Survey)
FWE TR M2 IESR, W T 95 E 20 IR
o ZBIREA S = EESW AN, F
MEEFEEX, PEEENETXMHHRETX,
ETHY E T XN T A5 A %, W XAy
A B AL 0 =F AT PR AR

BRUt =z A, T I A T R R () Oy VA T
fili, WL T —HAARTEA, B2 M H R AS 7
1000—3000 Z [1], & GIECA R 15 21 4> R 3 /NI
BB S, B0 . WHU-RS19 (Xia %5, 2010;
Sheng %%, 2012), RSSCN7 (Zou%¥, 2015), Brazilian
Coffee Scene (Penatti %, 2015), RSC11 (Zhao%%,
2016b) , SIRI-WHU (Zhu %, 2016) . 3 4b,
SAT-4 F1 SAT-6 it #f 48 W] 2 & 57 T 42 1% 500000/
405000 1 R BES I BHR AR, BB /MUy 28x
28 (Basu®, 2015). fRERfE RE S ikEY 5
SRR R DI T, B s IR o AR 2 2]
FIFEB W REGE N T, X R iE&
R B S At e T 7 R AR St 2R,
Z BT 55 0 BRI/, TR D 246 1)

RB AT 25 a2 BB W R, F — 25 Sl 8 e Ty vk
FESCBR R R HZ R, F Ik, PR —A KR
BB SR 3 207 vk B SR UME R R

AID 048 4E (Xia %, 2017) BRI TS 5
43 28 B ARG KRR Ay B 4 o B 4 30 15
FIMNA N, HA TR IR 220 B 420 R EIL,
A E T 10000 5K E 15 . EIE M Google Earth H1#
FARsk, I E 1E 600x600 K/, T AID f FH Y
AL GO FHAS [F) 0 A e AR B, R iz i
FLRZIN, BURERME THRGESAEL . It
Ab, BHRE IR R Z A HERN, BRI
A BER MK 8 m BIKZY 0.5 m A5, AT
2RI AR B B R I T XN ) B SRS S VA2
Y, BRSO BRI X R HEAT T i —
H gy, MRS 2, RkIX . TalkIX
WL KNG AE, RN T IR 2
s, B3R T 2R nHEE

NWPU-RESISC45 4 % (Cheng 5%, 2017a)
FEAR A — B ][] N AR 2 B K 3 5 o B 4
B 4SRN R, B2 700 5K A
% . T M Google Earth 135715, K/ 256256 14
R AR BN 31500 5k g MG, R
100 24 E R MK o BT — 8825 1] 5 HER 541K
R A, K 2808 528 5 1 25 o] 43 5 A
30 m 3 0.2 m Z [AARfk . B s A R s 18 Y &2
Pz S TE—2B90 R, . Bri. sl Ak .
X, SEAEHE . R R SCHARAL . MIE S
FIXFTT 5, NWPU-RESISC45 Bl 45 0 & i 2 1+
srEE, BT b2 RS i
S KAREEHE L IX 3 20

A2 G, 520 B PR RIS [ R 2 2
JEAEPAR Y, 40 RSI-CB256, RSI-CB128 (Li%:,
2020a), MASATI (Gallego%5, 2018), RSD46-WHU
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(Xiao %, 2017), PatternNet (Zhou %%, 2017),
Optimal-31 (Wang %, 2019) , CLRS (Li %,
2020b), EuroSAT (Helber %5, 2019) 4, H,
MoW % 235 62 12851, 132716 5k EIfg, H 4%
AP AR Y 0] @ (Christie 55, 2018) .
1M WH-MAVS 4 5 19 K450 55 51 8 T 2014 45 Fl
2016 AE PR, 5 5 AR 55 ok TR Bk
. (YuanZE, 2022).

BT AP0 SCR B SEAN, E ERES
s & L. N Kaggle 7£ 2017 45 A1
2019 4F- 4347 &4 T Planet-Understanding the Amazon
from Space Z(Hi4E A1 WiDS Datathon 2019 Z(#i4E .

R 2 — > 3 1 TR B CNN A, FEAE A
BA TS, i BEA g8 T g0 A~
GRREAR . BIE, FHEUA I3 5 o AR S o8 4
WIGRRE S BRI T Z2A M. YT
S 20T R R AT B 2 2T O B AR
ImageNet Fil Il Zr ol AOAE A, H I [ 4R[BS A i ek
EMG IR AE B R IE s FRY 250 . BART R
AR RV A AT FR 0% H A 0l 45 - R 345 A Y
U, H55%ESUIGRE CNNEBRA L, BA19FA
BRI T %, B S FE R I 2R B A e
BETE SRR A 2 08 K B 00 P2 O BRI A
PLidE . H BRI

b & 18 G QB KA A R R, AT R
TG AR i ik A% TR 5 1) T % A A FH B B 1Y
TR H R, BB R BE b S B0
RS H, BENH ERWHRTE, S0 bRy
KEIRENY 7B LR . Million—ALD i
BTSN, BAZERIK LA 20000 5K K
%, 3£1000000 7K FI14 o 25 8] 53 BERAE 0.5 m |
153 mZ [[], EMRK/INH 256x256 Fl512x512, %%
P>k A T Google Earth H ) 2 ER 4 ANHJ7 o B4R
HE 2 20 R T 28 B AHIME, JEbrdE T ik
FRAOLE, b AR AR 1 IR E R B R AT I 2R iR
BT HRE (LongZ, 2021).

Bl E BRI 2, TRt R EE AR it
S8 A ST ) 45 A0 22 18] N TE BB R T R A2 3
K, Million—AID Bdi 426 s Ak 51 428 51151 20
VM B T M, SRR S M
e . A8 P ML AR A b AR X 5 8 4
RG], Hrh i & a2 m 4l L . Tolk F b |
ISR S5 FH M A A 38 b 4 A5 2 2 g 28 0t T

A0, BT RIS 1—6 N HARM 2,
kR TR, Million—ATD R 34~ 4325 vy ) 30 4
YR A2 T 45 e 2 S S T — A T AR R A 28 5
PRIR R

1 B 5 7 55 43 2 ) LA 88 11 R0 % 8 1) PN 7
Bl 7 SR 1 SRR 25 (] 4 B 4R T, R g 54y
KW FE — M 32 B T o PR R IR R . i
A3 HER IR IR R AT FR (5 B R AU E T B s
b e S R T WO R, T X A
BT TE TR A IR 2 Fh AR 0 R s R, R
SRAFFEE — BRI . TR IR, AT LUK EE
FIE 2 FNINEA /P SO DL NSEEYSS e S s
AR, I E— 2B BT 55 2R . BigEarthNet
B ANCK FEA R T2 51 590326 7k . KU
a3 NG, AN 328—217119 5K EIf&,
3590326 K E % . 25 [H] 43 B K 10 m, 20 m Al
60 m. & 1% K /N Hk 20x20, 60x60 F1 120x120,
P T M ER A B R )RS R S R R
(Sumbul &, 2019). {E13IEE M2, BigEarthNet
T AL 1R 22 R TR 2R 50 8 AR AR R OCIE T AR Z AR AR
H, HAPRARERE T 217119 MREA . EFpRE
W T 211703 MEAS | aob I AR R OQHK 173506 4
AL WM ARSEER 150944 ASREAS, 330 MM AT L 5z sk
T IZBEE ST A SR b b G 43 2 TN R

BigEarthNet 7F 2021 4F i#f 17 T #h 7 , &
Sentinel-2 [ FE it | 5] A T Sentinel-1 % #i5 , H
BigEarthNet-MM #0455, #2728 4
T SZ F5 T X 22 450 285 38 JEOR IR JEE 2 2] 19 BF 5%
(Sumbul %, 2021) . 548, CFEL U T 7
BigEarthNet-MM _[= p\ Sk I 25 (1) TR Ji2 27 2 B AL T
7 ImageNet | Tl ZRpy i Al o HOZAF — L4 45
Al AR B F SRR BT B B 2420y T

FEHSE TR, MIRZEEEGHAN RS
F—I SO, YR A 2 R 1 R
ARG by SRR IR R 43 2l B —Fh ke 2. Bl
GHARENERE, DR SarR0mik ki e
(4 Kk e, SHE IR AR U T 2R 2 B
HEENE L, T LA RO A AT ) 4 2 G
S5 I 45 8 SR R R R LA B — 2B 1 T
MultiScene $UHE4E AU HE H QI T Z AR5 AR
SO RBRAE . MU AL GBI A — K 1R A
H— ARt 2R, B Ar & B R 2
EZ 134 (Hua%s, 2022). ZBIREMB T
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14 BBR 25 7 S B SR LT TR, ol i it A
H—REARMEAE TR E5 . . 3P
S SRV AR RS 5 M2, K 2 g 5 28 0

NWPU-RESISC45 $5 28 5 8 FH KA R A6 56 7 13500
RIPRERIEEE . NS, KEE Ik #: UuC
Merced, AID Fl NWPU-RESISC45 B4 1E 52 56

BE—DEEAT, AL ITARN SR BdRE, LOEMIT N L Ra Ut . BRI 50
WIRES] Few I B N 2 R
FEE R A EIE 4, UC Merced, AID il
x2 EREGHESEHIEELS
Table 2 Summarization of remote sensing image scene classification datasets
AT KA RAR g Bt
VR \ . % 3
” T M
UC Merced -
i 21 2100 0.3 256%256 http : //weegee.vision.ucmerced.edu/datasets/landuse.html
(Yang fll Newsam,2010)
. o http : //'www.lmars.whu.edu.cn/prof_web/zhongyanfei/
WHU-RS19(Xia % ,2010) 19 1013 75 0.5 600%600 P et WL CEL IO webTongyanier
e—code.html
RSSCN7(Zou%,2015) 7 2800 400%x400 https : //sites.google.com/site/qinzoucn/documents
SAT-4(Basu%,2015) 4 500000 1—6 28%28 https : //www.kaggle.com/datasets/crawford/deepsat—sat4
SAT-6(Basu%,2015) 6 405000 1—6 28%28 https : //www.kaggle.com/datasets/crawford/deepsat—sat6
Brazilian Coffee Scenes http: //patreo.dec.ufmg.br/2017/11/12/brazilian—coffee—
A 2 2876 600x600
(Penatti %5 ,2015) scenes—dataset/
https : //www.researchgate.net/publication/271647282
RSC11(Zhao % ,2016b) 1 1232 %502 512x512 s www.researehgate.neipublication -
RS_C11_Database
http : //www.lmars.whu.edu.cn/prof_web/zh fei/
SIRI-WHU(Zhu % ,2016) 12 2400 2 200%200 (P fwwwAmars i edu.enprolwebfzhongyamet
e—code.html
NWPU-RESISC45
e 45 31500 0.2—30 256x256 https ://hyper.ai/datasets/5449
(Cheng %,2017a)
https : //pan.baidu.com/s/ImifOBv6?_at_=
AID(Xia %,2017) 30 10000 0.5—8 600X600 b ipan, pane com s VDA
1695288119618#list/path=/
https://github.com/RSIA-LIESMARS-WHU/
RSD46-WHU (Xiao,2017) 46 40480 0.5—2 256x256 THpsgrtiub.com
RSD46-WHU
MASATI(Gallego 45 ,2018) 7 7389 512x512 https : //www.iuii.ua.es/datasets/masati/
EuroSAT(Helber %5 ,2019) 10 27000 10 64x64 https : //github.com/phelber/eurosat#
PatternNet(Zhou %¢,2017) 38 30400 0.062—4.693 256%256 https : //sites.google.com/view/zhouwx/dataset
fMoW (Christie % ,2018) 62 132716 0.5 T8 h /lgithub.com/fMoW/d
o ristie 55, . 16184x16288 ttps://github.com/tMo ataset
. https ://drive.google.com/open?id=1Fk9a
Optimal-31(Wang %%,2019 31 1860 256%256
prma ang % ) 0DW8UyyQsR8dP2Qdakmr69NVBhq9
20%20,60x60,
BigEarthNet (Sumbul %5 ,2019) 43 590326 10—60 https: //bigearth.net/
120%x120
CLRS(Li%§,2020b) 25 15000 0.26—8.85 256X256 https : //github.com/lehaifeng/CLRS
RSI-CB128(Li%,2020a) 45 36000 0.3—3 128%128 https : //github.com/lehaifeng/RSI-CB
RSI-CB256(Li%%,2020a) 35 24000 0.3—3 256X256 https : //github.com/lehaifeng/RSI-CB
MLRSN(Qi %,2020) 46 109161 0.1—10 256X256 https : //github.com/cugbrs/MLRSNet
256X256 1§ https : //jin—pu.github.io/Million—AID/2018/12/12/
Million—AID(Long % ,2021) 51 1000000 0.5—153 = pasfmpuLgiub. 107N
512x512 Million—AID/
MultiScene ( Hua 45,2022 ) 36 100000 0.3—0.6 512%x512 https : /multiscene.github.io/
http: //sigma.whu.edu.cn/ age.php?q=
WH-MAVS(Yuan % ,2022) 14 47137 12 200%200 (P /lsigma. whtecu.chenspage- P
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4.2 FEFE

G2, Bk B Al AR S 2
B (OA) HFHEWEFEFE (Confusion Matrix) A #F
KRR .

TR V8 R B S — A FH T 37 1000 N B S Y
B GO B . ROk UL, FEE T
PRI, 1703 8 B 43 2515 21 Y il
WS . Gl IR FE I, AT DL LGS0 I b WL % 5
2t B, R W — R AU
IIATR IR A AN 1 BOREE o PR AR A AR A
O3 2 I S BEA TR R A R K L SRS AR M RE RS AR
SR P 29 B RS (1 A Ay ELAAR 1) 0 R L«

WRYETRIBFERE , R B 5 JKS B R 25 A0
ardeaiimims, A

=
OA:N;% (1)

Aob, P RIREHEFEMATIE, TR R
M, I ATHIE—3 NRREAR RS «JEIREMH
B I A P 3o 7 A R ORS EE EA Jr
e, AT LU R A AR RS A3 B A
U A T LR AR (R 3

Kappa R EUH T —ZCMER S, Rt = —Fh
WK E MR, EEBEEG IR
i A

Ui
1

|

i i i
K = B J= J (2)
r (=

ARG —#F, Kappa RECH AT LIAEUAE I
FLVLA ST JEE T A PR E
XF TR TE R I HLEI ST CNN 7, ] LA

F] CAM, Grad—CAM Fl Grad—CAM++ & 5 B W 7
AT 1 JE s A TE B I FLA TS A ROCR (Zhou 5,
2016; Selvaraju 5%, 2017; Chattopadhyay 55, 2018) .
7 Bl O B R, LAY st CNN
A BRI, RS 2R ARR T I R
FH (Zzhu%:, 2019; Tongg‘}, 2020; BaiZ$, 2022;
Shi%§, 2022b),

4.3 HEELEER

AR, £ R s R ARGk R . ARy
fift A 23 RS B 48 A5 AR S IR AL AR M, AE UC
Merced, AID FI NWPU-RESISC45 3% 3 5 F 1Y
B FHEAT I . X T UC Merced B8 4E, H2E
T8 £ 4 L 80% X 50% HEAAE MY GFEA . X F
AID S 4, 4525 PR L 50% F1 20% FEAS A R 1)1 25
BEAS, XS T NWPU-RESISC45 B e, 42k
20% 5 10% FEA ST ZAEAS

B, JAHIRT T CNN TS, &40
AR LRI TEREUNZE 3 B . Bt A R] Y
K&, UC Merced 5045 4E 1 7E 80% HEAS = I 21K &
BT T 100.00%, fERXEERYSCR S E T, dE
A 420 5K B R VR IHAAEAS , 2440 1 ke A
iR HImE, HERG 2R R A 419/420~99.76%, 5 111 ]
FH CNN W VF 2 M4 FE - 4k 8] TiX—K
Vo 20174F, BfiZE AID FI NWPU-RESISC45 %44
ML, AT T PR A v
11 B A 1) 2 R, A 3 RS Bl 4 L dE AT M e A
5 ) ARG B 3 T 9 T 90% . CNN 45 4 75 1%
REMG s e R B T KRR # . A
PEBE BT, AUALAE ] CNN VB A 45 A 3 B2 51 1%
A KA CNN BT 1, i = LG AT Rtk — A 4
5% 1 CNN YR IE RN AET) o

x3 ETEHRMEZNENEREGRHRSLXRBERERRE NS XRE

Table 3 Classification accuracy of remote sensing image scene classification model based on convolutional neural

network on standard dataset

1%

LAY UCM80 AID50 AID20 NWPU20 NWPU10
D-CNNs(Cheng%:,2018) 98.93+0.10 96.89+0.10 90.82+0.16 91.89+0.22 89.22+0.50
SF-CNN(Xie %£,2019) 99.05+0.27 96.66x0.11 93.6020.12 92.55+0.14 89.89+0.16
SCCov(He%,2020) 99.05+0.25 96.100.16 93.12+0.25 92.10+0.25 89.30+0.35
ADFF(Zhu%,2019) 97.53+0.63 94.75+0.25 93.68+0.29 91.91+0.23 90.58+0.19
CNN-CapsNet(Zhang % ,2019b ) 99.05+0.24 96.32+0.12 93.79+0.13 89.03+0.21 89.03+0.21
DCCNN(Bi%,2019) 96.2120.67 91.49+0.22 87.3720.41 85.630.18 83.97+0.19
RADC-Net(Bi%%,2020b) 97.05+0.48 92.35+0.19 88.12+0.43 87.63+0.28 85.72+0.25
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FERL 24 B UCM80 AID50 AID20 NWPU20 NWPU10
SE-MDPMNet(Zhang % ,2019a) 98.95+0.12 97.14+0.15 94.68+0.17 94.11+0.03 91.80+0.07
APDC-Net(Bi %,2020c) 97.05+0.43 92.15+0.29 88.56+0.29 87.84+0.26 85.94+0.22
MIDC-Net(Bi%,2020a) 97.40+0.48 92.95+0.17 88.51+0.41 87.99:0.18 86.12+0.29
CAD(Tong%,2020) 99.66+0.27 97.16+0.26 95.73+0.22 94.58+0.26 92.70+0.32
SAFF(Cao%5,2021) 97.02+0.78 93.83+0.28 90.25+0.29 87.86+0.14 84.38+0.19
ACNet(Tang%,2021) 99.76+0.10 95.38+0.29 93.33+0.29 92.42+0.16 91.09+0.13
SEMSDNet(Tian % ,2021) 99.41+0.14 97.64+0.51 94.23+0.63 93.89+0.63 91.68+0.39
ResNet101-EAM (Zhao %5 ,2021) 99.21+0.26 97.06+0.19 94.26+0.11 94.29+0.09 91.91+0.22
VGG-MS2AP(Bi % ,2021) 99.45+0.32 96.86+0.20 95.42+0.28 93.910.15 92.27+0.21
GCSANet(Chen % ,2022) 99.31+0.56 97.53+0.32 95.96+0.38 94.95+0.36 93.39+0.39
LCNN-GWHA (Shi %:,2022a) 99.76+0.25 97.64+0.28 93.85+0.16 94.26+0.25 92.24+0.12
HHTL(Ma % ,2022b) 99.48+0.28 96.88+0.21 95.62+0.13 94.21+0.09 92.070.44
MF2CNet(Bai % ,2022) 99.52+0.25 97.02+0.28 95.54+0.17 93.85+0.27 92.07+0.22
SCCNN(Shi %:,2022h) 99.76+0.05 97.31+0.10 93.15+0.25 94.39+0.16 92.02+0.50
F: UCMBO Nt I UC Merced B4 5 8 F 80%0/20% HFEAS HEAT N 250038 ; AIDSO Ay £ Y ATD B4 4R i Y 509%/50% (1B A 30 A7 1 253k 5
ATID20 i i AID %541 45 1 FH 209%/80% (14K A< 47 1 25/ 38 s NWPU20 S48 ] NWPU-RESISC45 %4 8 18 1 209%/80% (4R A #E 47 Y11 2/l
s NWPU10 g F NWPU-RESISC45 i &1 I 10%/90% (LA HEAT I 2R/
% Vision Transformer iT WIAF1E 35 41 25 1) 2% CNN H A3 R R RE I 28 2501 VA V%A A R H

B, ATIINAE T —5 9 2 Transformer B &% 5 4
FKaPim, WL, XFXEaTrkms, HAURS
%4 ET Vision Transformer FiERE G = 0 KR ERESEE LMD XBE

Table 4 Classification accuracy of remote sensing image scene classification model based on vision transformer

on standard dataset

RAIEE T, ER AR ORAEE A o B 8 B AR
IR I SRS 8 3R 7 1]

1%

FEAL 2 Bk UCMS80 AID50 AID20 NWPU20 NWPU10
TRS(Zhang %:,2021) 99.52+0.17 98.48+0.06 95.54+0.18 95.56+0.20 93.06+0.11
EMTCAL(Tang % ,2022) 99.57+0.28 96.4120.23 94.69+0.14 93.65+0.12 91.63+0.19
MFST(Wang % ,2022) — 97.38+0.08 96.230.16 94.90+0.06 92.64+0.08
Resformer(Li%%,2022a) — — 96.010.21 — 92.68+0.14
ET-GSNet(Xu %,2022) 99.29+0.34 96.88+0.19 95.58+0.18 94.50+0.18 92.72+0.18
SCViT(Lv4:,2022) 99.57+0.31 96.98+0.16 95.56+0.17 94.66+0.10 92.72+0.04
C*~CapsViT(Yu%5,2022) 99.76+0.12 97.500.15 96.05+0.11 95.28+0.08 93.32+0.05
CTNet-ResNet34(Deng %5 ,2022) — 97.56+0.20 96.35+0.13 95.49+0.12 93.86+0.22
CTNet-MobileNet_v2(Deng % ,2022) — 97.70+0.11 96.25+0.10 95.40+0.15 93.90+0.14
MITformer(Sha #1 Li, 2022) 99.83+0.24 97.96+0.18 96.04+0.21 95.93+0.17 94.09+0.15
ViT-CL(Bi%,2023) 99.76+1.06 97.31+3.09 95.39+4.68 94.69+4.38 92.85+5.38

1 UCMS0 Ml FH UC Merced 5104 5 48 FH 809%/20% HIAREAS 1
AID20 A FH ATD #4418 F 209%/80% R FEAR 4T
i% s NWPU10 {8 Fif NW PU-RESISC45 B 4 1 1 10%/90% [ REAS

:|:\
5 4 i

Yy s oy R I 1 I

AT YN ZRANI ; AIDSO0 2 fli FH ALD $5045 548 FH 509%/50% WA 64T U 250 5
I/ s NWPU20 J9 {8 ] NWPU-RESISC45 4k 45 1 FH 209%/80% A REAS HEFT I 285/
IRz .

FEHIRTE o T IR 55 2T BRI B AR AL

Y iy KBRS R - SL
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PRECE R R, DTz R T, SR T2 A

Y i KA TR K

RS £ IUVFE BT TR A8 S, HH

HHLAS 09 B K P 5 N2 1 3R UK Z [T S8 A
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TEERIZERE, NI, 7E8 3 nRolEie A1RZ
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(1) —A ey . ML K RS,
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DA S I 2 ek 2 O Y 1) B0Hie A A — R 51 v
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FE T X SE PR A, A7 AE B AR B f2E 1 5
BERUR — BT 00 o IUAT A 28 0 B 00 1) i 4
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Abstract: With the rapid advancement of remote sensing technology, the resolution of remote sensing satellites is improving, the number of

spectral bands is increasing, and revisit periods are contracting. This progression empowers researchers to access more valuable data and

information from remote sensing images. Concepts, such as remote sensing big data, remote sensing foundation models, and smart cities,

have successively emerged in recent years, imposing increased demands on the intelligent extraction technology of massive remote sensing

data, particularly regarding remote sensing image information.

As an indispensable element of intelligent information extraction technology applied in fields, such as land use and cover, national land
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resource surveys, natural disaster observation, agricultural yield estimation, and forestry protection, remote sensing image classification
exhibits substantial practical importance. Remote sensing image scene classification has been introduced in this context. The objective of
scene classification in remote sensing images is to comprehensively and semantically categorize each given remote sensing image. This task
entails summarizing and analyzing the extracted feature information at a high level and assigning different labels to areas of interest based
on their features.

In contrast with natural images, although they contain features, such as color, texture, and shape, remote sensing images encounter
more challenges in classification due to the intricate scene content resulting from the overhead perspective, weak texture, and color
information caused by low resolution. Nevertheless, as one of the technical means in remote sensing applications, remote sensing image
scene classification technology plays a pivotal role in the development of practical application technologies.

After years of development, numerous comprehensive review studies on remote sensing image scene classification have been
conducted locally and abroad. However, the recent surge in remote sensing big data has introduced new challenges into scene classification.
The ongoing evolution of deep learning technology, particularly the widespread application of Convolutional Neural Networks (CNNs) and
transformers, has resulted in significant advancements in remote sensing image scene classification. In this context, self-supervised learning,
as a method that is independent of annotated data, has become indispensable in the field of remote sensing image scene classification.
Foundation models based on self-supervised learning have been successfully implemented in scene classification, presenting innovative
solutions to this field. As the volume of remote sensing data continues to increase, the dataset scale for remote sensing image scene
classification is expanding rapidly, giving rise to increasingly intricate classification tasks. Remote sensing image scene classification
datasets are swiftly progressing toward the integration of multiple sources, the incorporation of multiple labels, and the inclusion of large-
scale samples.

Drawing from the findings of the current literature survey, this study systematically compiles a summary of deep learning methods
within the domain of remote sensing image scene classification. Encompassing CNNs, visual transformers, and generative adversarial
networks, this overview also introduces representative datasets and foundation models since the inception of scene classification. Several
classical scene classification methods have undergone evaluation across various benchmark datasets. In addition, this study delves into
primary challenges and prospects, paving the way for further research in the classification of scenes in remote sensing images.
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