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Few—shot remote sensing image classification based on contrastive

learning text perception

LI Wen—hui, YANG Chen
(College of Computer Science and Technology,Jilin University , Changchun 130012, China)

Abstract: Aiming at the problem that existing methods mainly use a single modality of remote sensing
images to solve the problem of low similarity of the same class, a remote sensing image classification
method based on multimodal learning is proposed. Firstly, The spatial features of the image are corrected.
The image encoder is pre—trained using contrastive learning to generate image features and text features are
generated using text encoder. Secondly, a feature decoder is introduced to acquire text perception visual
features, and a new attention mechanism approach is proposed in the feature fusion stage. Thirdly, a new
image encoder is designed to improve the classification accuracy. Finally, the similarity between the
support set and the query set is computed for further class prediction. Experiments are conducted on the
NWPU-RESISC45, AID and UC Merced datasets. The 5-way 5-shot accuracies of 86.46% , 85.89%,
and 80.32% respectively outperform existing methods in few—shot remote sensing image classification.
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Fig. 1 Pre—training contrastive learning stage
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Fig. 4 Structure of feature decoder
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Fig. 3 Structure of image encoder
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Fig.5 Fusion of image features and text features

Ao an Sk B s WO R AR e AR B

S5 R FH B 8 1 A8 2 AL 1450233 )
T R R B R R AR . B 6 SR i Y
HEENHLEH ECSAM S5 B, B HM W L
XoF Hi A 3 SR R AIE J2 R AT R R A6 RN 3 Ak
SR G AT — A 1D B B I — K Sigmoid 4 {H [



%7 H FIHEF R T AP I LR RS ey AR BB R + 2397 -
FEHMW i IDER
v B BRI
B
H Sigmoid —PE'
w 3
. Pl
HEC LT
] 2= R EE TP
BRith > \
H Y / Sigmoid —»@
@ 4 i A

Boe FEANMNBILEHEE

Fig. 6 Structure of attention mechanism
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Fig.7 Comparison of classification accuracy with

different weighting factors
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Table4 Ablation experiment

Ik LAEITES oy U/ %
CLTP-ML NWPU 83.39£0.63
CLTP-ML+P NWPU 85.840.28
CLTP-MLA+P+T NWPU 86.050.58
CLTP-ML+P+T+A NWPU 86.46-0.43
CLTP-ML AID 82.190.89
CLTP-ML+P AID 84.83£0.24
CLTP-MLA+P+T AID 85.28£0.55
CLTP-ML+P+T+A AID 85.89+0.36
CLTP-ML UCM 77.26+0.72
CLTP-ML+P UCM 78.89+£0.52
CLTP-MLA+P+T UCM 79.73+£0.44
CLTP-ML+P+T+A UCM 80.32+0.41
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