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Robust Dynamic Radiance Fields

* Input: a causally captured monocular video




Robust Dynamic Radiance Fields

* Output: space-time view synthesis

Fix time Fix view Fix time
Change view Change time Change view



Robust Dynamic Radiance Fields

* Challenge: COLMAP fails to recover camera poses
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Robust Dynamic Radiance Fields

* Our work tackles this robustness problem and showcases high-fidelity
dynamic view synthesis results on a wide variety of videos
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Neural Radiance Field (NeRF)

Input Output

A set of calibrated images A static 3D scene representation
that renders novel views

/AN




What are the remaining challenges?

Input Output

A set of calibrated images A static 3D scene representation
that renders novel views




Extensions of NeRF

Static Scene

Input Output Input Output

A set of calibrated images A static 3D scene representation
that renders novel views

Images + imperfect camera poses A static 3D scene representation +

registered camera poses
& s

BARF [ICCV’21], SC-NeRF [ICCV’21], NeRF--

D-NeRF [CVPR’21], NSFF [CVPR’21], DynamicNeRF [ICCV’21]

) Our targets: Casually captured videos
Dynamic Scene



RoDynRF

Viewing direction d
|_‘ M Volume s 4
R Color ¢® rendering > B A Vasked
Gradients for camera poses LT Static RGB ¢S 10ss Input
_ T Static o
—————————— *x=[xyz]" = voxel
Vs > z » Density o5
Static Radiance Fields Summation Ray distance §
Viewing direction d |1
11 <
> d d POty o5 P
Stop gradients ;_I GI)_IC I__> coler e Vqurr:ne _>Dyn€;finc RGB C Iﬁpu
\>< 1 |—| 5 . rendering = t
v --+x= PE. 04 > x' > Y/r;ig;lc ] [T ] S A
. R
L IJ Coordinate vd e @g- = Density O'ti o > | - - .
deformation - Dynamic depth D¢,
’,——""’tl‘- P.E. mimln
> @fn — Nonrigidity m%il == Ray distance & jump
Dynamic Radiance Fields Time-dependent MLps I T L Nonrigidity mask M¢.
Volume
c$x (1 -—mé c¢ x m¢ .
( L )+ ti 4 rendering £ Py
(a) Sampling (b) Radiance fields o COTF"?%CC”N Cy, Input
0¥ x (1—mi)+of xmf —> >
| - gl
Linear combination Ray distance §| Combined depth D,




RoDynRF —
Static Radiance Field + Camera Optimization
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Camera Optimization

* Coarse-to-fine strategy
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Static Radiance Field + Camera Optimization

Volume rendered 3D point

Volume rendered depth

Static*mask

Epipolar
distance
thresholding
I

Optical flow

Current frame Next frame



Pose Estimation

But we do not have the masks for casual videos
* Mask out moving objects with epipolar constraints
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Optical flow Frame t
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Thresholding
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Static Radiance Field Reconstruction Results

Input video BARF [ICCV’21] Ours
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Dynamic Radiance Field

Dynamic Radiance Fields

(a) Sampling
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Dynamic Radiance Field



Space-Time Synthesis Comparisons
* With COLMAP poses

Input video DynamicNeRF [ICCV’'21]



Visual Comparisons + Our Estimated Poses

COLMAP

!

Fails to recover
camera poses

DynamicNeRF [ICCV’21] TiNeuVox [SIGGRAPH Asia’22]



Visual Comparisons + Our Estimated Poses
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Visual Comparisons + Our Estimated Poses

Estimated poses SR

DynamicNeRF [ICCV’21] TiNeuVox [SIGGRAPH Asia’22]



Visual Comparisons + Our Estimated Poses
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TiNeuVox [SIGGRAPH Asia’22]



Consistent Geometry Prediction
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Failure Cases -- Fast Moving camera
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Input Our space-time synthesis result
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Failure Cases -- Changing Focal Length

Our space-time synthesis result
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