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Abstract: To address the limited exploitation of differential information across hierarchical features in current remote sensing building change

detection models leading to sub-optimal accuracy in capturing both fine-grained details and global contexts, we proposed a remote sensing building

change detection model fusing multi-scale global and detail differential features. We used C2f-UIB convolutional kernels to build a twin

backbone, and inserted differential feature extraction units between every extraction layer. Then, we used focused linear attention to construct an

encoder-decoder network. At the detection stage, we used dense upsample convolutional units to upsample the feature maps and precisely recover

intra-image detail differential features. Experimental results on the learning, vision and remote sensing laboratory-change detection dataset and

Wuhan University change detection dataset show that this model surpasses state-of-the-art counterparts in Fi-score, overall accuracy and inner

over union. Across diverse remote sensing scenes, the extracted building change masks are more complete and clearer than those of the compared

models, and they align more closely with the ground truth masks, demonstrating excellent accuracy and generalization.
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