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NeRF

[1] Ben Mildenhall, et al, Nerf: Representing scenes as neural radiance fields for view synthesis. In ECCV, 2020 
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Inputs: sparsely sampled images of scene Outputs: new views of same scene
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Volume rendering in NeRF

Rendering model for ray r(t) = o + td:

[1]
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Volume rendering in NeRF

Rendering model for ray r(t) = o + td:

How much light is blocked earlier along ray:
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Volume rendering in NeRF

Rendering model for ray r(t) = o + td:

How much light is blocked earlier along ray:

How much light is contributed by ray segment i:

[1] Ben Mildenhall, et al, Nerf: Representing scenes as neural radiance fields for view synthesis. In ECCV, 2020 
[2] Max, N.: Optical models for direct volume rendering. In IEEE Transactions on Visualization and Computer Graphics, 1995 
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1. NeRF has to be optimized per scene

2. NeRF requires millions of network inferences
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Limitations of NeRF

[1] Ben Mildenhall, et al, Nerf: Representing scenes as neural radiance fields for view synthesis. In ECCV, 2020 

[1]

1. NeRF has to be optimized per scene

2. NeRF requires millions of network inferences

Advantages of MINE

1. MINE generalizes to unseen scenes

2. MINE requires lesser network inferences (e.g. 64)
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(optional)

• Loss function
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Experiments on KITTI
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Experiments on RealEstate10K
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Experiments on Depth Estimation
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Experiments on Depth Estimation



Introduction

Method

Experiments

Conclusion

43



Conclusion

44

Single Image Input Synthesized DisparitySynthesized RGB



45

Q & A



Method

48

• Rendering

(1)

(2)

(7)


