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- Denoiser trained on cloud-free images
- ID images with cloud coverage < 10%

- OOD cloud coverage > 10%
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▸ Cross-domain performances:  we can use a di�usion 
   model trained on images from another geographical 
  area and preserve OOD detection performances.

- Use di�usion models reconstruction as OOD scorer 

- Reconstruction metrics: MSE and LPIPS

- Leverage generative models for OOD detection
- Di�usion models trained on ordinary images only

- Results: AUC/FPR@95%
 

- Avoid degraded model predictions & dataset curation 

- 64x64 RGB images from the Sentinel-2 
Cloud Mask Catalogue

- 256x256 SpaceNet 8 RGB images

- One-step denoising: small noise corruption / denoising

- ODEED (ODE Encoding Decoding): determinist di�usion / denoising

▸ How to select      ? 

Out-Of-Distribution detection:

 ID samples → good reconstruction
 OOD samples → worse reconstruction

- Baselines:
- Discriminative models 
   (segmentation models)
- Generative losses 
- Reconstruction losses 
(autoencoders and 
di�usion models)

 

- Germany and Louisiana

- Local changes (e.g. �oodings): MSE + small
- Global changes (e.g. pre/post): LPIPS + small


