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Abstract: Traditional supervised classification methods face significant challenges in effectively capturing semantic
information from high-resolution remote sensing images, primarily due to the necessity for extensive and accurate
labeling, coupled with the scarcity of high-quality labeled datasets. To address this issue, we propose a novel approach
that integrates variational autoencoders with a twin neural network architecture. Our high-resolution image representation
learning model utilizes multiple self-supervised augmented remote sensing images as positive examples for the current
sample , thereby facilitating smoother representation learning. Furthermore, during the semantic representation learning
process , we synergistically combine the twin contrastive loss function with the variational autoencoder framework. This
dual optimization of the standard evidence lower bound enhances our ability to tackle the challenge of unlabeled remote
sensing images while effectively capturing the latent semantic information inherent in high-resolution imagery.
Experimental evaluations on benchmark datasets, including SIRI-WHU, NWPU-RESISC45, UC Merced, and AID,
demonstrate that our proposed algorithm significantly outperforms state-of-the-art self-supervised learning methods, such
as SimSiam, MoCo,BYOL,and SimCLR.
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