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Motivation

In 3D convolutional networksmemory requirements increase cubically wrt. input resolution

3D data is usually very sparse

Mesh 163, 4.19% 643, 1.06% 2563, 0.31%

Idea

Use space partitioning data-structure within convolutional networks
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OctNet Representation

Data structure: grid of shallow octrees [1]
• Shallow octree have fixed depth
• Efficiently encoded with bit-string
• Bit indicates if node is split, or not
• Fast neighbour address resolution via bit operations
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bit(j)︸ ︷︷ ︸#split nodes pre i

+mod (i− 1, 8)︸ ︷︷ ︸offset

OctNet Pooling

Combines shallow octreesData on finest resolution is pooled Oout[i, j, k] =

{
Oin[2i, 2j, 2k] if vxd(2i, 2j, 2k) < 3

P else

=⇒ =⇒ =⇒ =⇒

OctNet Convolution

Convolution pools data in larger octree cells
Oout[i, j, k] = pool_voxels

(̄i,j̄,k̄)∈Ω[i,j,k]

(Tī,j̄,k̄) with Ti,j,k =
L−1∑
l=0

M−1∑
m=0

N−1∑
n=0

Wl,m,n ·Oin [̂i, ĵ, k̂]

===⇒Conv.
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Efficient implementation

Consant Corners Edges Faces

Experiments - 3D Classification

Evaluation on ModelNet dataset [2]
• Memory & Runtime
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• Accuracy
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Experiments - 3D Orientation Estimation
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Experiments - 3D Semantic Segmentation

Evaluation on Varcity dataset [3]

Average Overall IoU
Riemenschneider et al.[3] - - 42.3Martinovic et al.[4] - - 52.2Gadde et al.[5] 68.5 78.6 54.4
OctNet 643 60.0 73.6 45.6OctNet 1283 65.3 76.1 50.4OctNet 2563 73.6 81.5 59.2

Input (Voxelized) Estimate (Voxelized)

Estimate (Point Cloud) Ground-Truth (Point Cloud)

Conclusion

OctNet makes high resolution 3D convolutional networks tractableCan be extended to generate high resolution 3D output [6]Code is online: https://github.com/griegler/octnet
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