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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 OPTIMAL-31 100.00
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NWPU-RESISC45 Dataset

ik SRSy HNE /%
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 5, JLRAR
Oy NG (5 HAB A XS ) IR 4 Firos o AR SR
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Table 3 Precision of Different Algorithms on AID Dataset

Ttk RS IEREE/ %
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 U 5k 4 ATD 4
£ B}, PatternNet £ 85 4 09 SR 20 5 N
99.28 %, 4 & BE ML F Inception-V3, VGGNet,
AlexNet #1 ResNet-101, B # F GLANet.
SDAResNet il MLCLBF .

#F4 A RBEEETEPatternNet HIIEE FHBEE
Table 4 Precision of Different Algorithms on
PatternNet Dataset

WZRES FESENG eSS )

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 HRHH
34~ H bR B 4R B B R JORTE A ] R A
F1Ar 825 i, & 5 45 - B /R T Toalign
UDA fE 3/~ ¥udle 4 1 B a5 1o 5 09 70 K PR e
*5 BRBIEENBE/%
Table 5 Precision of Target Datasets/ %

RIS BANERE HER FIO%
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 4 By 1R 1A 5 M an &1 5
FE7R 10 Flidg e 2850 i A 8 Fp S B T 45 i /K P 1
IYRGRE o N 6 ] H, 4 K 43 37 2 ) 3k #)
T 90% L b4 RS R AU AR L E 4>
JE I 43 2 BT AR K B S 0 TR VA ) L AR AR
(18— 3B 43 B A X 43 B T VDI b T L 3E 19 8 43
FEAR R 73 8 T AL b o B 5 1 A 28 51 22 []
FEAE — Sl A 2540 15 5L (181 6) « AR AR A3 43 b
A F RS, BEARRRAE RN U0 35 rp 3 K7 55 110

PG AR o AR ARL, T S 350 T 0 5 BOE A9 AR 2 K
RBEFEAFFAE- S AL W) 5 B v, JRUAS el 2 A 2 L
Yy ) — 8 53, 24 B R AL B ) AR B
FEAS U 55 95 73 ML o

KHLE3 10
M3 0o o0 4 1 3 3 6 0
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Fig.5 Confusion Matrix of NWPU-RESISC45 Dataset
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Table 6 Classification Accuracy of NWPU-RESISC45

Dataset/ %
25 Kt % [l 5 F15 %%
R % 96.00 94.92 95.45
YU 99.57 90.29 94.70
FRAR 89.57 98.12 93.65
itBIES 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
i3 93.29 97.61 95.40

AR i Fiab IR
6 NWPU-RESISCA5 $d 4 i) 5y 4t 43K £
Fig. 6 Samples in NWPU-RESISC45 Dataset That Is

Prone to Misclassification
MIEL 7 FZR 7 0], ATD B 4 245 A 2000 1
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Fig. 7 Confusion Matrix of AID Dataset
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Table 7 Classification Accuracy of AID/%
250 iRl FEREES F143 8
Gk 94.17 97.69 95.90
E S 98.33 97.12 97.72
IR/ 92.20 98.69 95.33
T e 99.75 99.50 99.63
[i3287 100.00 86.96 93.02
ThE 100.00 100.00 100.00
FeiN 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 B 7= X 96.29 90.84 93.48
HEEEKX 88.05 97.30 92.45
i 97.22 99.43 98.31
kg7 98.93 97.88 98.40
Tk b 92.82 93.30 93.06

-8
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K8 ATD HHi 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/ %

el LIRS FANGIE S F1451
T 100.00 100.00 100.00
A i 100.00 99.75 99.88
PRk Y 99.25 100.00 99.62
i A X 100.00 94.34 97.09
FIN 100.00 99.88 99.94
145 100.00 100.00 100.00
HEAEX 94.38 100.00 97.11
fitt o e 100.00 99.88 99.94
Ui 99.88 100.00 99.94

PatternNet £ 45 4 25 B 0% TR W6 JE M 4n 151 9 B
NIRRT 8 s R LR IN B T
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Fig. 10 Samples in PatternNet Dataset That Is Prone to
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