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Classification Method of High-Resolution Remote Sensing Scene Image
Based on Dictionary Learning and Vision Transformer
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Abstract Classification methods of remote sensing scene images are mostly based on traditional machine learning or
convolutional neural networks. The feature extraction capability of such methods is extremely limited, particularly for
optical remote sensing images with large interclass similarity, complex spatial information, and various geometric
structures, there are problems such as loss of feature information and low classification accuracy. To overcome these
problems, we propose a high-resolution remote sensing scene image classification method that combines dictionary learning
and Vision Transformer (ViT). This method can not only mine the long-distance dependencies inside the images but can
also use dictionary learning to capture the deep nonlinear structural information of images to improve classification
accuracy. Through extensive experiments performed on the RSSCN7, NWPU-RESISC45, and Aerial Image Data Set
(AID) public remote sensing image datasets trained from scratch on the PyTorch deep learning framework, the
effectiveness of the proposed method is verified; the results show that the classification accuracy of the proposed method for
the mentioned datasets is 1. 763 percentage points, 1. 321 percentage points, and 3. 704 percentage points higher than that
of the original visual converter model, respectively. Moreover, the proposed method outperforms other advanced scene
classification methods.
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Fig. 8 NWPU-RESISC45 dataset
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Table 2 Laboratory environment

Laboratory environment Environment configuration

Language Python3. 8.6
Tool PyCharm11.0. 11
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%3 ANEIMZTE RSSCNT B4R 4 b 104328 E i %
Table 3 Accuracy of different networks on RSSCN7 dataset

ATD Kdis B v 9 25 1] 7 B 30RG 2 5wy, i 5L P )R
WK H PR S R A R D . RS BIE S S

Network Accuracy /% Bk [31] — %, 3F H ik B b CaffeNet, VGG-VD-16,
AlexNet 82.230 ResNet152 . GooglLeNet [ £ 158 84 ) ke J5U iy ViT [/ 45 FI
VGG 80. 833 TNT PZAE R XS, SEg 25 R & 5 R . 78 =F A
ResNet50 89.048 [] A ARG A AR SR UIE 1 B B R R OB o
T 8.833 H5 I s e ATD BOH 55 10 5K I o %
ViT 89.643 Table 5 Accuracy of different networks on AID dataset
Proposed network 91. 406 Network Accuracy / %
¥ J& 78 ImageNet b # Il 25 J5 48 4 5094 19 AlexNet, CaffeNet 86. 860
VGG .GoogLeNet 5 , 1iij it #2 5 1k 2 K R T #% 2% ) VGG-VD-16 86. 590
Y2 A AL SEI A SR T T Sk TR IR I 2R ) Ji 4 ViT ResNet152 89.130
DR 2 E A7 T8 b S, O HUoR TN W 2% F 47 % L S GoogLeNet 83. 440
B, 2R R MR AR . AR AR R IR VIT W 4% TNT 80. 450
P RE T 280 08 (19 AlexNet, Googl.eNet , TNT, 43 ViT 85.514
FEIEM R & 1 A5 B VGG B 4% 2 0. 1054~ Proposed network 89.218

T4 T B 7E NWPU-RESISCA5 30 4 iy 3
MM FHMEEL, RAEASREMERE, A
91.576 %,

F4 AR ZE NWPU-RESISCA5 $di 4 b Y4028 1E i %
Table 4  Accuracy of different networks on NWPU-RESISC45

4.4 HELZEIE
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dataset
Network Accuracy /% E = Fh O T8 B A JF 8L 4 4 RSSCN7, NWPU-
Fine-tuned AlexNet g5 160 RESISC45 #l AID b #4715 filt 56 5, K JH kappa £ 48 .
Fine-tuned VGGNet-16 90. 360 F1 Z %0, 7 [ 2 (recall) KOS i i (precision) 4 4> 43 2%
Fine-tuned GoogLeNet 36. 020 FE AR &5 RAEAT B, AR B i35 6 s . R 6
TNT 35031 LA AE R G W 2R IS B0, Br S B R A 34 B8
ViT 90. 255 EERERELTEGE VITER, L M8 T
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#6  PRINETE A EHEE LS EEE R

Table 6 Parameter indicators of two methods on three datasets

RSSCN7 NWPU-RESISC45 AID
Parameter - - -
ViT Proposed method ViT Proposed method ViT Proposed method
kappa 0. 900 0.916 0.934 0.947 0.883 0.909
F1 86.222 90. 890 88.927 90. 207 84.202 87.768
recall 85.986 91. 142 88.984 90. 286 84.147 87.662
precision 86.417 91. 002 89.039 90. 317 84.558 88. 004

4.5 HERSHEXL

iSRS AL S5 e VA L A S T eI 2§
W ELZ BN EENE AL, L
Y5 RSSCNT % 4 4 1 ) 28 42 4 v B i) S 500l 141, 4%
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T RAFEFE T B KR T35 &, A I 2Rl A .
SHG S5 AR SE T T B Rl A S L S RN B e 2 1Y =
o338 ARy KRB R = v iE B B = oy il B
B WA S R .
4.6 EEMENR
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RSSCN7 MR A T AS[R1HE 3h ik i 1 w2 4 e s, )
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Table 7 Parameters of different classification frameworks

Network Number of parameter /10°
AlexNet 6
VGG 13.3
ResNet50 2.55
TNT 2.25
ViT 2.6
Proposed method 1.84

P R O7 AR IR R LLEAT & B PEPEAl , SE g0 25 SR A
FITO 7R o H AT 10 AT LAFE Y A e 307 18 7 90 2l 04 i A
10 pV ] 50 pwV AL Y F rp BT S A5 20 0] 32 3] vy 307 M
P B BB 2 2 IE A R A SR — ELEE VIT /),
FEBPRELE VIT B 4F 32 DR B 4R 45 78 fE 65 U P 15
MR E AR LS R B BT LI 5 32 B e 40

35

-= proposed method
| = ViT

Rate of change /%
5 &5 B K 8

o

i

10 20 30 10 50
Amplitude /pV

P10 g 0r e 7 RT3 A 288 Tl J3E AR %
Fig. 10 Rate of change of classification accuracy on Gaussian

noise images
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