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Point Cloud Interpolation

Low Frame Rate High Frame Rate 
Interpolate  𝒌𝒌 frames

Let’s take a glance at NeuralPCI first!

Given the point cloud sequence 𝑃𝑃0,𝑃𝑃1, . . . ,𝑃𝑃𝑀𝑀 , 𝑃𝑃𝑖𝑖𝜖𝜖ℝ𝑁𝑁×3

between every two frames



 Hardware Limitation
The frame rate of the 3D Scanner / LiDAR 

is limited (i.e. 10-20Hz)

 Point Cloud Structure
Irregular, unordered, and hard to find 

correspondences between frames

Interpolation is needed

Background & Challenge

Can’t directly interpolate

Nonlinear Interpolation is the key 

 Nonlinear Motion
Large amount of nonlinear complex 

motion exists in the real-world scenarios 

(i.e. dynamic human / vehicle motions)



Background & Challenge

 Nonlinear Motion

More examples … We construct the NL-Drive Dataset



Related Work & Motivation

We can view NeRF as an interpolation

 Video Frame Interpolation
Super SloMo / QVI / RIFE         optical flow based

 Point Cloud Interpolation
PointINet / IDEA-Net          scene flow based

Multiple point cloud frames as input; 

 Neural Field
NeRF         take images of different views as input
and render new images of unknown views

(Implicit parameterization)

Construct 4D Spatio-temporal neural field



Method  Multi-frame point cloud interpolation algorithm

NeuralPCI

 Deal with both the indoor and outdoor scenarios

 Integrate motion information implicitly over space and time

 Output point cloud frames at the arbitrary given time

 Flexible unified framework for interpolation and extrapolation



Method

Spatial Coordinate

Temporal Coordinate

Interpolation Time Pi

Coordinate-based MLP

Optimization at Runtime

 4D (𝑥𝑥, 𝑦𝑦, 𝑧𝑧, 𝑡𝑡) Spatio-temporal neural field

 Establish mapping: 

 Use Interpolation Time to control the output

Coordinate Field
ℝ4

Motion Field
ℝ3
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Method

 Chamfer Distance Loss

 Earth Mover’s Distance Loss

 Smoothness Loss

Overall Loss

 Self-supervised Losses



Method

 Runtime optimization

Coordinate-based MLP
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Construction of 4D Spatial-temporal Neural Field
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Method

 Runtime optimization & Inference

Interpolation Inference 
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Experiments

Results on DHB Dataset

Results on NL-Drive Dataset



Results

Indoor Scenes









Results

Outdoor Scenes






Other applications

Auto-labeling

Point Cloud Morphing






Conclusion & Takeaways

 Extending to multi-frame increases the receptive field of the time domain

 Benefiting from the fitting ability and smoothness of MLP

 Optimizing interpolation in a self-supervised manner 

 Bridging different tasks via neural fields 

Neural field is awesome!

Limitation

 Runtime optimization (per-scene fitting) limits the real-time application

 There is still improvement space on large scenes and extrapolation 



Thank you for listening

Project Page：https://dyfcalid.github.io/NeuralPCI
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