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Abstract

We present an efficient convolution kernel for Convolutional Neural
Networks (CNNs) on unstructured grids using parameterized
differential operators while focusing on spherical signals such as
panorama images or planetary signals. To this end, we replace
conventional convolution kernels with linear combinations of
differential operators that are weighted by learnable parameters.
Differential operators can be efficiently estimated on unstructured grids
using one-ring neighbors, and learnable parameters can be optimized
through standard back-propagation. As a result, we obtain extremely
efficient neural networks that match or outperform state-of-the-art
network architectures in terms of performance but with a significantly
smaller number of network parameters. We evaluate our algorithm in
an extensive series of experiments on a variety of computer vision and
climate science tasks, including shape classification, climate pattern
segmentation, and omnidirectional image semantic segmentation.

Highlights

I We present a novel CNN approach on unstructured grids using
Parameterized Differential Operators (PDOs) for spherical signals

I We show that our unique kernel parameterization allows our model to
achieve the same or higher accuracy with significantly fewer network
parameters.

I We illustrate the use of our model for spherical semantic segmentation
tasks.

Methodology

In our formulation of PDOs, we replace the cross-correlation linear
operators ∆ij with differential operators of varying orders.

F(x, y) ∗ Gdiffθ = θ0IF + θ1∇xF + θ2∇yF + θ3∇2F (1)
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Figure: Illustration for the MeshConv operator using parameterized differential operators
to replace conventional learnable convolutional kernels. Similar to classic convolution
kernels that establish patterns between neighboring values, differential operators
computes “differences”, and a linear combination of differential operators establishes
similar patterns.

Figure: Schematics for model architecture for classification and semantic segmentation
tasks, at a level-5 input resolution. Ln stands for spherical mesh of level-n. MeshConvT

first pads unknown values at the next level with 0, followed by a regular MeshConv.
DownSamp samples the values at the nodes in the next mesh level. A ResBlock with
bottleneck layers, consisting of Conv1x1 (1-by-1 convolutions) and MeshConv layers is
detailed above. In the decoder, ResBlock is after each MeshConvT and Concat.

Experiments and results

I Spherical MNIST

Figure: MNIST dataset projected to the
surface of the sphere. Projecting the image
back to the plane incurs significant
distortions.

Model Accuracy(%) # Params

S2CNN 96.00 58k
SphereNet 94.41 196k

Ours 99.23 62k

Table: Results on the Spherical MNIST
dataset for validating the use of PDOs.

I 3D Object Classification (ModelNet)
Model Input Accu.

(%)

3DShapeNets (Wu et al., 15) voxels 84.7
VoxNet (Maturana & Scherer, 15) voxels 85.9
PointNet (Qi et al., 17a) points 89.2
PointNet++ (Qi et al., 17b) points 91.9
DGCNN (Wang et. al., 18b) points 92.2
S2CNN (Cohen et al., 18) spherical 85.0
SphericalCNN (Esteves et al., 18) spherical 88.9

Ours spherical 90.5

Table: Results on ModelNet40 dataset. Our method compares favorably with
state-of-the-art, and achieves best performance among networks utilizing spherical
input signals.

(a) Parameter efficiency study on
ModelNet40, benchmarked against
representative 3D learning models
consuming different input data
representations. The abscissa is drawn
based on log scale.

(b) Figure 4: Parameter efficiency study
on 2D3DS semantic segmentation task.
Our spherical seg- mentation model
outperforms the planar and point-based
counterparts by a significant margin across
all parameter regimes.

I Omnidirectional Image Segmentation (Stanford 2D3DS)

Figure: Visualization of semantic segmentation results on test set. Our results are
generated on a level-5 spherical mesh and mapped to the equirectangular grid for
visualization. Model underperforms in complex environments, and fails to predict
ceiling lights due to incomplete RGB inputs.

I Climate Pattern Segmentation

(a) Ground Truth (b) Predictions

Model BG (%) TC (%) AR (%) Mean (%)

Mudigonda et al 97 74 65 78.67
Ours 97 94 93 94.67

Table: We achieves better accuracy compared to our
baseline for climate pattern segmentation.
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