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Abstract: Objectives: This paper is primarily aimed at addressing the prevailing challenges in remote
sensing scene image classification, specifically those associated with the utilization of heterogeneous data
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and the achievement of cross-domain classification. The conventional deep learning methods, while
effective, often encounter limitations 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 attempt to overcome these obstacles, we introduce a novel approach called
task-oriented alignment for unsupervised domain adaptation (ToAlign UDA). This approach, borrowed from
the field of computer vision, is designed to enhance cross-domain remote sensing scene image classification.
The principles and optimization mechanisms of the algorithm are explained, and its classification
performance is evaluated through comparative 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 domains are high, ToAlign UDA achieves an overall
classification accuracy of 95.16% on NWPU-RESISC45, 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 remote 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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Fig.4 Precision heat maps of different algorithms on three data sets

NWPU-RESISC45 %45 £ i) e A4 7 S HE FE
(HHAM LX) W3R 2 s . AH 5 fi
il # Toalign UDA 5 &, X4 J§ ik A&
OPTIMAL-31 %540, NWPU-RESISC45 %
B ) G AR 4> KK B2y 95.16%, HHAL T
TFADNN. LCNN-BFF. D-CNNs. SCCov %%
EHEA IR 5 I RE .

AID &M= 2 . B,
BESHRBAIEE KR, XE—ERE L
TZBAR RN AT, Hak sy KR (5
FAR B I D Wk 3 Fron. AW 5T AT 1)
Toalign UDA &%, i1 N NWPU-RESISC45
Bym L nt, AID Bl M ok KK R R
96.12%, H. A 1. T ResNet-152. ARCNet. GBNet
I MLCLBF 5% 40 e .

PatternNet #(#E &£ MBLN . % m, H
SRR (5 HAREVEX L) i3k 4 Fios.

AW FC AT Ad H B Toalign UDA 5.k, 4YEECA
AID B4R, PatternNet 5 (1) Sk 2y 2%
Wi BN 99.28%, 73 KMEREIL T Inception-V3.
VGGNet. AlexNet 1 ResNet-101, K i F
GLANet. SDAResNet #l MLCLBF.

* 2 TEE A% NWPU-RESISCA5 HiEE FHHEE
Tab.2 Precision of different algorithms on the
NWPU-RESISC45

LGRS J7 ¥ SRy R BE 1%
TFADNN 90.86
LCNN-BFF 91.73
D-CNNs 91.89
SCCov 92.10
NWPU-RE MF? Net 92.73
SISC45 CNN-GCN 92.87
H-GCN 93.62
Toalign UDA C#5 A
OPTIMAL-31, HisigA 95.16

NWPU-RESISC45)




R3 FTEEEAAE AIDHIEE LHEE
Tab. 3 Precision of different algorithms on the AID

A . JERENGE S
4 ik HEREI%
ResNet-152 92.19
ARCNet 93.10
GBNet 94.58
AID MLCLBF 95.84
. 5 A
Toalign UDA (Y538 N 96.17

NWPU-RESISC45, H#rik A AID)

% 4 TN[EEETE PatternNet B3RS ks

Tab. 4 Precision of different algorithms on the

PatternNet
Kl PR S KN 1%
Inception-V3 97.02
VGGNet 97.50
AlexNet 98.02
ResNet-101 98.6
PatternNet GLANet 99.40
SDAResNet 99.58
MLCLBF 99.60
Toalign UDACJE Ky AID, 09,28

H #5318 A PatternNet)

232 ZR5H

=N EARER R SR RS EE . AR
MFL R 5 fron, R &R EIR T Toalign
UDA £ =/ #¥a & b H &t 7 i 7 kR .

x5 BIRHEENRE

Tab.5 Precision of target data sets
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Tab.6 samples on NWPU-RESISC45 that is prone to
misclassification
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Tab.7 samples on AID that is prone to
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Tab.9 Classification accuracy on NWPU-RESISC45
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3 0.9629 0.9120 0.9368
(3287 0.9771 0.9344 0.9553
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Tab.10 Classification accuracy on AID
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Tab.11 Classification accuracy on PatternNet
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Fig.5 Confusion matrix on NWPU-RESISC45
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