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[Abstract]

This study proposes a novel approach combining dual encoder and denoising diffusion probabilistic models (DDPM) to enhance
building change detection in satellite imagery. Traditional change detection methods face challenges in terms of boundary
ambiguity and sensitivity to environmental changes. To address these limitations, we introduce a dual encoder architecture that
independently extracts temporal features from bitemporal images and integrates them via feature fusion. We utilize the gradual
denoising process of DDPM to generate more precise segmentation maps, focusing particularly on complex urban environments.
Experiments on the LEVIR-CD dataset demonstrate significant performance improvements over existing methods, especially in the
detection of small-scale changes in complex urban environments. The proposed method shows great potential for practical
applications in urban planning, disaster assessment, and illegal construction monitoring, and it offers a more reliable and accurate
approach to automated building change detection.
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Fig. 6. Comparison of transformer-based change detection models’ performance metrics (OA, IoU, F1) demonstrating our
model's superior accuracy and stability
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Fig. 7. Qualitative comparison results of transformer-based building change detection models. Our proposed model
demonstrates detection results most similar to the Ground Truth compared to existing models
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