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A New Change Detection Algorithm for Remote Sensing Images Based on

Deep Learning: The Proposal and Application of H-BIT Method
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Abstract: In this paper, we studied the change detection of remote sensing images, and proposed an H-BIT method combining HRNet with BIT,

which could take into account the high resolution and high semantic features of remote sensing images, and perform well when the scene was

complex and the target scale span was large. Firstly, H-BIT method extracted image features by HRNet. Then, the tokenizer transformed features

into tokens. With an attention mechanism model, change detection results were calculated from a larger receptive field. In our experiments, we

qualitatively and quantitatively demonstrated that H-BIT method outperformed the classical BIT on LEVIR-CD dataset with higher accuracy

(86.95% accuracy, 90.24% recall, 87.93% F1 score, 96.62% overall accuracy). To be specific, with less error detection, H-BIT method adapt to

multi-resolution targets and complex scenarios with high level of robustness and generalization.
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