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Experiments

le Noisy Image Depth Estimation with Multi-Scale Feature Fusion Module
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- Explore median and bilateral denoise filter (REL)

- Explore multi-scale feature fusion module (MFF) [3] Bilateral denoise > no denoise > median denoise > no MFF
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Challenges / Limitations

o Denoise filter can smooth out edges, impede
the depth-estimation performance

o Real noise have unknown distribution
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Summary
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o Depth Estimation: encoder (E), decoder (D), multi-scale ; =
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Without Denoise Without MFF

Summary
o Training with MFF yields lower loss than without MFF
o Denoise slightly improves depth estimation

o Denoise: Median / Bilateral

Future Work
o Explore other denoise models (Non-Local Mean, DnCNN)
o Explore other depth estimation methods (self-supervised)
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