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Image Based Relighting
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Image Based Relighting

[Debevec et al. 2000]      2000+ Images [Ren et al. 2015] 200+ Images



Image Based Relighting
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Synthetic Scenes
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Sampling Directions

• How to choose input directions.

• Minimize relighting error.
• deep learning training process

• Embed light into network.
• Select samples from a group of candidates
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Future Work

• Do reconstruction.
• Geometry + BRDF

• Sparse sampling in general image based rendering.
• Relight + View Synthesis

• Sparse sampling in rendering. 
• Precomputed Radiance Transfer (PRT)
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Project Page: http://viscomp.ucsd.edu/projects/SIG18Relighting

My Website: http://cseweb.ucsd.edu/~zex014/

My Email: zexiangxu@cs.ucsd.edu


