550 8 5 7 OB e R CfF &R a2 i) Vol.50 No.7
20254F 7 Geomatics and Information Science of Wuhan University Jul. 2025

SI3AR N AR, BT IER - JESLAR A TRk, A I AT 55 X0 5 4 1B U S5t TR A R G 1 43 S L] R A A A (i R
W) ,2025,50(7):1359-1369.DO1:10.13203/j.whugis20230084
Citation: XU Ren, SAMAT Alim, LI Erzhu, et al. Task-Oriented Alignment for Unsupervised Domain Adaptation of Remote

Sensing Scene Image Classification[J]. Geomatics and Information Science of Wuhan University, 2025, 50(7): 1359-1369. DOT:
10.13203/j.whugis20230084

1 AR 55 6 5 1) & Jk 3 st P 1R A U
o ik 7 53 28

£ MEAR-FEZRY Fox%D OE OV
1 v RR A B e A S S M B A TR B S A S E R R /K 5F,830011
2 R ERR K IR S R A B, db T, 100049
3 VLIRS R R 2 S 0 & BRI S BE VLR AR L 221116

B EFRRAFIERINMAE REFERTF I @OFHRASL, LR AZEERS £ B AFR ﬁ'l\iﬁb”*iﬁl'l%;
5P o) LRI F, %«ﬁkb’%@%’n\%ﬁ BB R AR T RREZ—  FHEES T ket v B A
BT Em A RES 29 F KBRABEDEZRFHE X M LE — RG], LR AEF R F I 0G4 /2L 7?5 s
ME RS T, At Iﬁlf?ﬂ,%ﬁﬁ-ﬁw}% i AR 3, P 8 ) AR 4 5t 7 4 dE BB R iE B O ik (task—oriented alignment for unsu-
pervi%ed domain adaptation, ToAlign UDA)ZI N 2|35 3% % & 3 7 B o X557, £ F LR E R ALH 69 Kk b
S ER M T A KM, 8 ToAlign UDA s 35 4 38 & i# 4791 % % 3 , *F NWPU-RESISC45, AID , Pat-
ternNet 34N B AR B RS ATN K, ERRA B FEBRO TR A LiEFIE RAFHAMNERSOE LT, 3B REEE
SR R E S A B T 95.16%.96.17%.99.28% . =AW » KA AN B T K S H W EH £ %, 9 ToAlign
UDAE#E AT AR S EMBELARFOAEEF A
KB ZRDFTEG >R RER ;@R ES S FESFREFT
HE LS P237 SERFRIRAG : A W s H HR:2023-07-28
DOI1:10.13203/j.whugis20230084 NXEHS :1671-8860(2025)07-1359-11

Task—Oriented Alignment for Unsupervised Domain Adaptation of Remote

Sensing Scene Image Classification

XU Ren'? SAMAT Alim'? LI Erzhu® WANG Wei'?

1 State Key Laboratory of Desert and Oasis Ecology, Xinjiang Institute of Ecology and Geography, Chinese Academy of Sciences,
Urumgqi 830011, China
2 College of Resources and Environment, University of Chinese Academy of Sciences, Beijing 100049, China

3 School of Geography, Geomatics and Planning, Jiangsu Normal University, Xuzhou 221116, China

Abstract: Objectives: We primarily aim at addressing the prevailing challenges in remote sensing scene image
classification, specifically those associated with the utilization of heterogeneous data and the achievement of
cross—domain classification. The conventional deep learning methods, while effective, often encounter limi-
tations due to factors such as spatial scale and resolution, data sources, model assumptions, and the inherent
diversity of scene data when dealing with tasks like feature transferring and model reuse. Methods: In an at-
tempt to overcome these obstacles, we introduce a novel approach called task—oriented alignment for unsu-
pervised domain adaptation (ToAlign UDA). This algorithm, borrowed from the field of computer vision,
is designed to enhance cross—domain remote sensing scene image classification. The principles and optimiza-

tion mechanisms of the algorithm are explained, and its classification performance is evaluated through com-
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parative experiments. Results: ToAlign UDA is used in the experiment to train on the source domain dataset,
while tests are conducted on three target datasets: NWPU-RESISC45, AID, and PatternNet. When the
spatial distribution, spectral characteristics, scale, and other similarities between the source and target do-
mains are high, ToAlign UDA achieves an overall classification accuracy of 95.16% on NWPU-RE-
SISC45, 96.17% on AID, and 99.28% on PatternNet. Conclusions: The results clearly indicate that the
ToAlign UDA approach outperforms most scene classification algorithms in terms of classification accuracy
in remote sensing scene image analysis. Therefore, it holds significant potential in advancing the field of re-
mote sensing image classification, particularly in the context of utilizing heterogeneous data and achieving
cross—domain classification.

Key words: remote sensing scene image classification; domain adaptation; task—oriented classification;

feature alignment; deep learning
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NWPU-RESISC45 Dataset

ik SRSy ARG/ %
TFADNN 90.86
LCNN-BFF 91.73
D-CNNs 91.89
SCCov 92.10
MF?*Net 92.73
CNN-GCN 92.87
H-GCN 93.62
ToAlign UDA 95.16

PatternNet £ 48 HUBL R 23 B 7, JLRAR
Oy (5 HAB A XS ) IR 4 Firos o AR SCRT
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Table 3 Precision of Different Algorithms on AID Dataset

Ttk BRI RNEE/ 7
ResNet-152 92.19
ARCNet 93.10
GBNet 94.58
MLCLBF 95.84
ToAlign UDA 96.17

ffi FH B9 ToAlign UDA 5.3k, 4 I 5 4 ATD 4
£ B}, PatternNet £ 5 4 09 SR 20 K5
99.28 %, 4 & BE P F Inception-V3, VGGNet,
AlexNet #1 ResNet-101, B # F GLANet.
SDAResNet il MLCLBF .

#*4 A REEETEPatternNet HIIEE FHBEE
Table 4 Precision of Different Algorithms on
PatternNet Dataset

WZRES FERENG eSS Y

Inception-V3 97.02
VGGNet 97.50
AlexNet 98.02
ResNet-101 98.60
GLANet 99.40
SDAResNet 99.58
MLCLBF 99.60
ToAlign UDA 99.28

2.3.2 R H
34~ B bR B 4R B B AR JERT E A ] A
F1Ar 842 5 i, & 5 h &5 - B /R T Toalign
UDA fE 3/~ %udle 4 1 B a5 1o 5 69 70 K PR e
*5 BRBIEENBE/%
Table 5 Precision of Target Datasets/ %

BT BANERE HER FIOK
NWPU-RESISC45 95.16 95.29 95.16
AID 96.17 96.04 96.23
PatternNet 95.16 99.32 99.28

NWPU-RESISC45 %4 48 By VR 1A 5 M an &1 5
FE7R 10 Flidg S 2850 i A 8 Fp S B T 45 i /K P 1
OYRERE o NFE 6 ] H, 4 K 43 37 2 ) 3k #)
T 90% L bRy ar MR R, A AR L 1E T 4>
JE I 43 2 BT AR K B S TR VA ) L AR AR
(18— 3B 43 R A X 43 B T VDI b T L 3E 19 38 43
FEAR R 73 ) T AL b o B 5 1 WA 28 51 22 1]
FEAE — Sl A 2540 15 B (181 6) « AR AR A3 43 b
AT REE K, BEARRRAE AN VD 5 b K7 35 110

PG AR S AR RL, 5T 5 25 T 4 0 5 B A9 78 23 R
RBEFEAFFAE S L W) 5 B v, JRUAS B 2 A 2 L
Yy ) — 8 g3, 24 B R AR B ) AR B
FEA I 55 95 73 ML o

®HLF-3 1 0 8 0 12 1 5 0 -

M3 o0 0 4 1 3 30 6 0

T R N RS
T S IS 8
e
Bl
F5 NWPU-RESISC45 i 42 1R 1 4 14
Fig.5 Confusion Matrix of NWPU-RESISC45 Dataset

&6 NWPU-RESISC45HIBE S KNP EEE/ 10
Table 6 Classification Accuracy of NWPU-RESISC45

Dataset/ %
25 bR A Il 5% F15%%
R % 96.00 94.92 95.45
YU 99.57 90.29 94.70
FRAR 89.57 98.12 93.65
itBIE} 91.57 95.53 93.51
3 E 97.71 98.70 98.21
IR} 96.29 91.20 93.68
R 97.71 93.44 95.53
AN B 94.14 94.55 94.35
KL 95.71 98.53 97.10
s 93.29 97.61 95.40

AR i i %
6 NWPU-RESISCA5 $di 4 i) b 4t 43K £
Fig. 6 Samples in NWPU-RESISC45 Dataset That Is

Prone to Misclassification
M7 R 7 RAL, ATID B £ 4 AN 2
Oy K B A, A D i T RN % A XA
FE B 0 R A 1) (B 8) o fR 358 43T 3 A AR
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Fig. 7 Confusion Matrix of AID Dataset
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Table 7 Classification Accuracy of AID/%
250 iRl 4[] % F143 8
Gk 94.17 97.69 95.90
E S 98.33 97.12 97.72
IR 92.20 98.69 95.33
a3 99.75 99.50 99.63
Pk 100.00 86.96 93.02
ThE 100.00 100.00 100.00
ARk 98.80 99.20 99.00
i 99.12 100.00 99.56
KAl 98.08 85.86 91.56
T X 95.17 96.84 96.00
Tl G 7= X 96.29 90.84 93.48
HEATX 88.05 97.30 92.45
i3 97.22 99.43 98.31
Lie7] 98.93 97.88 98.40
Tl b 92.82 93.30 93.06

SR R BSMEEK
K8 ATID K Hi 4R () 5y i 70+ 91
Fig.8 Samples in AID Dataset That Is Prone

to Misclassification
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Fig.9 Confusion Matrix of PatternNet Dataset
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Table 8 Classification Accuracy of PatternNet Dataset/ %

251 LIRS FANGIE S F14051
T 100.00 100.00 100.00
a3 100.00 99.75 99.88
PRk Y 99.25 100.00 99.62
i A X 100.00 94.34 97.09
FN 100.00 99.88 99.94
1545 100.00 100.00 100.00
HEMAEX 94.38 100.00 97.11
fitt o 100.00 99.88 99.94
Uiy 99.88 100.00 99.94

PatternNet £ 45 4 25 Bl 0% 1R ¥ 0 M 4n 151 9 B
NI IR 8 s R LIS B T
100% WY MG RE (KR 8) . (UHEMATE XA D ER
SRR T B X, Qi 10 FroR L B
AR A XA 5 B XA A — 2 1Y 53 A A
PR 5 0 X O A7 AR S 0] R, e s T A A A
EAEAGE LN N RZ Wb . TEFELETX

IR A 8 XA A 0 B2 AR B 0 (7 5L
EF T ) 55 AR A

3 & iF

1 58 TR BZ 27 21 75 15 2R [ U5 5080 2k 47 1 2k
AU C ke NWPU-RESISC45 % 4 48 1l 4
2020 U ZRB s A T 4 80 %0 A XK de 4R )
e TR o A 25 S AR RS 25 S RN R )
EXF T R E A AR E A TN T F . BA%
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PatternNet ¥4/ 5 1) 5) 5 53 1)
Fig. 10 Samples in PatternNet Dataset That Is Prone to

M EEX
& 10

Misclassification

G BE 2 2 5 2 BR T UGB AR i B DA K 3
SO KRB B R ME LIS N 2 JE G AL B4
B 2 5B R . ARSI AR ToAlign
UDA B3 Doy B8 55 S ), SE B [ EHE 4R 2
(] £ 5 0E 412 TR X 55, A A0 b g 95 38 e 1Rz P )
HFR B 248 55 b . MR T4y g
& B, ToAlign UDA S i SsUREAE 3547 REAE ] 51
AR IR T 5 53 2548 55 0 R W RRAIE |, kG 25 40
A2 RV RR IR X 55 4 SR 09 SRR AR T A 2500 R B S i
J 7] A, AR SCHF ToAlign UDA 78 NWPU-RE-
SISC45,AID , PatternNet ix 34~ H Fr B8 % 9E 47
I, BUAT 1 B A 3 JOKS B2 43 il 3R B T 95.16 24
96.17%.99.28% . 4R W], 7E Il hHE A Ui 2
%, FLUR IR H BRS0 23 [0 40 A0 OGS RRAE R E
A5 KR L B 5 s i, ToAlign UDA 7E 18 837 5 5%
SRR HA R o R RE

i T ToAlign UDA X 5 380 5 1 (1 ] 51 45
B A6 T b ThT 52 250, 28 10 0300 4 5006 8, {4 43
Hh AT 55 0 R AR AETE — 8 IR 22, LA EAT /Y
XF 4027 2 32 3 U U A A R A A 3 B e AR OK .
WA, 27 o R L At TG W S I i — R, X
V53RN H A 4800 B 23 TR) A3 A O R AE R
25RO HUR . R, DR A 43 AT 55 REAE ) 5 L)
B T+ J0 Wi B N A B iz Ak g 1 R R — 4
WFFE w7 ] .

2 % X #

(1] ZHZ . @ P R 2 A 7 v i N R &2

JE [T, B AR T 4k, 2015, 12(17) »
75-76.
QIN Zengren. Application of High-Resolution Image
in Surveying and Mapping Production and Its Develop-
ment Potential [J]. Science and Technology Innova-
tion Herald, 2015, 12(17): 75-76.

[2] AR, Bk, BEEGEARWARTTH K7 i 0858 i e 25
W] EEEARS R, 2011, 26(1): 33-44.

[4]

(6]

[7]

[11]

REN Wu, GE Yong. Progress on Sub-Pixel Map-
ping Methods for Remotely Sensed Images[J]. Re-
mote Sensing Technology and Application, 2011, 26
(1): 33-44.

Kk B TR A B0 B RS 4y B EOR[T].
M2 FHEHAR AR, 1995, 12(4) : 276-278.

ZHU Shulong. Remote Sensing Image Classification
Technology Based on Mixed Pixels[J]. Journal of
Geomatics Science and Technology, 1995, 12(4) :
276-278.

LTS TR AR R Y IR SRR R B
[D]. Wg/RE : iR LAY, 2018.

ZHANG Siyu. Research on Classification Technolo-
gy of Remote Sensing Image Based on Superpixel
[D]. Harbin: Harbin Engineering University, 2018.
W R BT R o PR R G AR
KBFFELT]. BIERAE R, 2006, 21(5): 27-30.

CAO Xue, KE Changqing. Classification of High-
Resolution Remote Sensing Images Using Object—
Oriented Method [J]. Remote Sensing Information,
2006, 21(5): 27-30.

KA . H T DONN I i 43 9 5 18 I8k 1537 50y
K[D]. KA HbkRy:, 2019.

ZHANG Xinyue. Scene Classification of High Reso-
lution Remote Sensing Images Based on DCNN
[D]. Changchun: Jilin University, 2019.

O, R, FokA, F L R RGBSR
LR [T]. PEB . 5B, 2015, 45(7): 827-
848.

LI Xuelong, SHI Jianhua, DONG Yongsheng, et al.
A Survey on Scene Image Classification [J]. Scien-
tia Sinica (Informationis), 2015, 45(7): 827-848.
A, BRI, R, & B RGE AR A U
S WE ST Lk [T]. i R i, 2022, 26 (4) @ 589~
605.

FENG Quanlong, CHEN Bo’an, LI Guoqing, et al.
A Review for Sample Datasets of Remote Sensing
Imagery [J]. National Remote Sensing Bulletin,
2022, 26(4): 589-605.

LECUN Y, BENGIO Y, HINTON G. Deep
Learning[ J]. Nature, 2015, 521(7553): 436-444.
CHENG G, YANG CY, YAO X W, et al. When
Deep Learning Meets Metric Learning: Remote
Sensing Image Scene Classification via Learning Dis-
criminative CNNS [J]. IEEE Transactions on Geo-
science and Remote Sensing, 2018, 56 (5) : 2811~
2821.

XU K J, HUANG H, DENG P F, et al. Two—
Stream Feature Aggregation Deep Neural Network

for Scene Classification of Remote Sensing Images



1368

DR 2 R (R

ISR Y

2025 47 H

[12]

[15]

[16]

[17]

[J]. Information Sciences, 2020, 539: 250-268.
SHI C P, WANG T, WANG L G. Branch Feature
Fusion Convolution Network for Remote Sensing
Scene Classification [J]. IEEE Jowrnal of Selected
Topics in Applied Earth Observations and Remote
Sensing, 2020, 13: 5194-5210.

HE NJ,FANG L Y,LIS T, et al. Skip~Connected
Covariance Network for Remote Sensing Scene Clas-
sification [J]. IEEE Transactions on Neural Net-
works and Learning Systems, 2020, 31(5) : 1461~
1474.

WpAC, e, aRRIE . e 2 RIEEEINZ
WA 8 B AR s or 2R 7] R 2 4 (5 BB
2ERL), 2024, 49(3): 366-375.

SHI Yongxin, ZHOU Weixun, SHAO Zhenfeng.
Multi-view remote Sensing Image Scene Classifica-
tion by Fusing Multi-scale Attention[J]. Geomatics
and Information Science of Wuhan
2024, 49(3): 366-375.

BRI, AAEGE, A4, 5L RS RSRIIM
DU 3Lt O — 07 i [T ] B2 4 (f5
B OB 2 ), 2023, DOI: 10.13203/j. whu-
g1s20220632.

YU Xin, ZHENG Zhaobao, MENG Lingkui, et al.

University,

Scene Recognition of Remotely Sensed Images
Based on Bayes Adjoint Batch Normalization [J].
Geomatics and Information Science of Wuhan Uni-
versity, 2023, DOI: 10. 13203/j. whugis20220632.
T H, FUITF . GEE M T4 Sentinel £ 44 5
b € NS /NI I B LY S I ) G N
AR (F BRI , 2023, 48(5) : 756-764.

MAO Lijun, LI Mingshi. Integrating Sentinel Ac-
tive and Passive Remote Sensing Data to Land Cover
Classification in a National Park from GEE Platform
[J]. Geomatics and Information Science of Wuhan
University, 2023, 48(5): 756-764.

FRIGRFE LTI e 73 BE 50 SRR AR R R T B B TR
W2 I BT T[] DR 2 2 4 (fF BBk 2
JiR), 2023, 48(5): 821.

LU Xiaoyan. Deep Learning Method for Large-
Scale Road Extraction from High Resolution Remote
Sensing Imagery [J]. Geomatics and Information
Science of Wuhan University, 2023, 48(5): 821.
K, B, T S PR R RO R R
Wt e 5 [T]. K%M (F B R
M), 2023, 48(10): 1582-1590.

ZHANG Xinchang, HUANG Jianfeng, NING Ting.
Progress and Prospect of Cultivated Land Extraction
from High Resolution Remote Sensing Images[J].

Geomatics and Information Science of Wuhan Uni-

[19]

[20]

[21]

[23]

[25]

[26]

[27]

versity, 2023, 48(10): 1582-1590.

EEURSN (DI A AT £ PR (AL A
Tl G5 5 SCHE B ST D RE IX 23 2 [T ] mRBUR
A E BRI , 2023, 48(6): 950-959.
WANG Yan, LIU Wanjun, TAN Yali, et al. Clas-
sification of Urban Functional Areas by Convolution
Neural Network Recognition Combined with Sliding
Window and Semantic Reasoning [J]. Geomatics
and Information Science of Wuhan University,
2023, 48(6): 950-959.

JRNE S, A, I, A IR R A AR AR 4% 52
i s B RO AR A 2R R 3 2R (7], s DUR 27
2 (15 B Bl 2¢ i) , 2023, DOI: 10. 13203/, whu-
gis20230136.

ZHOU Ya’'nan, HE Jinke, FENG Li, et al. Parcel-
Scale Crop Type Classification Using Tile-Slice-
Based Spatial-Temporal Convolutional Networks[J].
Geomatics and Information Science of Wuhan Univer-
sity, 2023,DOI: 10. 13203/j. whugis20230136.
VRO REARZ IR T 0 moe il iE B R oy K05
HEURET]. BRI (R B0, 2023, 48
(5): 822.

XU Huilin. Sample Constrained Conditions Methods
for Hyperspectral Remote Sensing Image Classifica-
tion[J]. Geomatics and Information Science of Wu-
han University, 2023, 48(5) : 822.

WANG M,DENG W H. Deep Visual Domain Adap-
tation: A Survey[J]. Neurocomputing, 2018, 312:
135-153.

FARAHANI A, VOGHOEI S, RASHEED K, et
al. A Brief Review of Domain Adaptation[C]//The
16th International Conference on Data Science, Las
Vegas, USA, 2021.

T, XM, e, S RS R gk — e
WLEZRMOLIT]. Ak, 2021, 47(3) -
515-548.

FAN Cangning, LIU Peng, XIAO Ting, et al. A
Review of Deep Domain Adaptation: General Situa-
tion and Complex Situation[J]. Acta Automatica Si-
nica, 2021, 47(3): 515-548.

PANAREDA B P, GALLJ. Open Set Domain Adap-
tation[ C ]//IEEE International Conference on Com-
puter Vision, Venice, Italy, 2017.

WILSON G, COOK D J. A Survey of Unsuper-
vised Deep Domain Adaptation[J]. ACM Transac-
tions on Intelligent Systems and Technology, 2020,
11(5) : 1-46.

GANIN Y, LEMPITSKY V. Unsupervised Do-
main Adaptation by Backpropagation [C]//The



550 B T 7

745 < THT 1) A 55 6 55 O 2 J gy 3 PR A MG ol 3 28

1369

[28]

[29]

[30]

[33]

[34]

[36]

[37]

32nd International Conference on Machine Learning,
Lille, 2015.

VEBUHE , SEME 4, RMESE, 45 . 454 XTPU M %% 556
B A 55 10 38 J S A5 T M el 1o O i [T ] 7
fiz, 2017, 46(12): 1969-1977.

XU Suhui, MU Xiaodong, ZHANG Xiongmei, et
al. Unsupervised Remote Sensing Domain Adapta-
tion Method with Adversarial Network and Auxiliary
Task[J]. Acta Geodaetica et Cartographica Sinica,
2017, 46(12): 1969-1977.

SUN B C, SAENKO K. Deep CORAL: Correla-
tion Alignment for Deep Domain Adaptation [C]//
ECCV 2016 Workshop, Amsterdam, 2016.

WANG X S, LIY R, CHENG Y H. Hyperspectral
Image Classification Based on Unsupervised Hetero-
geneous Domain Adaptation CycleGan[J]. Chinese
Jowrnal of Electronics, 2020, 29(4) : 608-614.

Jil B L T 0 M A N 1 R ' 3 IR A3 2
[D]. #2022,

ZHOU Shaokang. Hyperspectral Image Classifica-
tion Based on Unsupervised Domain Adaptation
[D].
Technology, 2022.

DRI . T o) 2 531) 43 A 22 S5 14 TG M 7 i 17 2 )
FE[D]. Bat: B aTHEE R, 2022

CHEN Quchuan.
main Adaptive Learning for Category Distribution
Differences [D].
Posts and Telecommunications, 2022.
BAKTASHMOTLAGH M, HARANDI M T,
LOVELL B C, et al. Unsupervised Domain Adapta-
tion by Domain Invariant Projection [C]//IEEE In-

Xuzhou: China University of Mining and

Research on Unsupervised Do-

Nanjing: Nanjing University of

ternational Conference on Computer Vision, Syd-
ney, Australia, 2013.

WEI G, LAN C,ZENG W, et al. ToAlign: Task-
Oriented Alignment for Unsupervised Domain Adapta-
tion[J]. Advances in Neural Information Processing
Systems, 2021, 34: 13834-13846.

JABE . BT B o W BGE I 7 R [D ] AL
LR, 2021,

ZHOU Biao. Research on Domain Adaptation Method
Based on Adversarial Learning [D]. Hefei: Anhui
University, 2021

INEPE . BRI X HIHTFE (D] e at: w5l
#E HL G2, 2020.

SUN Yuze. Research on Semantic Segmentation of
Migrated Images [D]. Nanjing: Nanjing University
of Posts and Telecommunications, 2020.

W fra, AR . BT IR R R R S K R

[38]

[39]

[40]

[42]

[45]

[46]

WA [T]. M ee 5 L W5, 2001, 17(1): 72-
77.

YANG Cunjian, ZHOU Chenghu. Investigation on
Classification of Remote Sensing Image on Basis of
Knowledge [J].
search, 2001, 17(1): 72-77.

SELVARAJU R R, COGSWELL M, DAS A, et
al. Grad-CAM: Visual Explanations from Deep

Geography and Territorial Re-

Networks via Gradient-Based I.ocalization [C]//
IEEE International Conference on Computer Vision,
Venice, Italy, 2017.

SIMONYAN K, VEDALDI A, ZISSERMAN A.
Deep Inside Convolutional Networks: Visualising
Image Classification Models and Saliency Maps
[C]// International Conference on Learning Repre-
sentations, Banff, AB, Canada,2014.

GANIN Y, USTINOVA E, AJAKAN H, et al.
Domain-Adversarial Training of Neural Networks
[J]. The Jowrnal of Machine Learning Research,
2016, 17(1): 2096-2030.

ZHAO Z C,L1JQ, LUO Z, et al. Remote Sensing
Image Scene Classification Based on an Enhanced
Attention Module[J]. IEEE Geoscience and Remote
Sensing Letters, 2021, 18(11): 1926-1930.

XIA G S, HUJ, HU F, et al. AID: A Benchmark
Data Set for Performance Evaluation of Aerial Scene
Classification[J]. IEEE Transactions on Geoscience
and Remote Sensing, 2017, 55(7): 3965-3981.
WANG Q, LIU S T, CHANUSSOT 1J, et al.
Scene Classification with Recurrent Attention of
VHR Remote Sensing Images [J]. IEEE Transac-
tions on Geoscience and Remote Sensing, 2019, 57
(2): 1155-1167.

ZHOU W X, NEWSAM S, LIC M, et al. Pattern-
Net: A Benchmark Dataset for Performance Evalua-
tion of Remote Sensing Image Retrieval [J]. ISPRS
Journal of Photogrammetry and Remote Sensing,
2018, 145: 197-209.

XU K, HUANG H, LI'Y, et al. Multilayer Fea-
ture Fusion Network for Scene Classification in Re-
mote Sensing [J]. IEEE Geoscience and Remote
Sensing Letters, 2020, 17(11): 1894-1898.

LIANG J, DENG Y, ZENG D. A Deep Neural
Network Combined CNN and GCN for Remote
IEEE Journal of
Selected Topics in Applied Earth Observations and
Remote Sensing, 2020, 13: 4325-4338.

GAO Y, SHIJ, LIJ, et al. Remote Sensing Scene
Classification Based on High-Order Graph Convolu-

(FH:%5 1381 71)

Sensing Scene Classification [J].



