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Abstract—We present a new rotation equivariant neural network
architecture for 3D point cloud processing. Assuming that point clouds of
interest are sampled from surfaces of objects in space, the network makes
use of surface normals. When extracting features from the neighbourhood
of a point, the point cloud is locally rotated around that point to let the
surface tangent plane fit the xy-plane in relative coordinates. Feature
extraction is repeated for a bunch of equidistant rotation angles within
the xy-plane, we thus call the net Surface Tangent Plane Rotation Net
(STPRnet). This process is organized in a hierarchical manner of several
layers. In the end, features come along with geometrical information that
may help to reconstruct position and orientation parameters of objects.
Rotation equivariance means that rotated objects can be detected by the
trained network, while training data may have been given always in the
same orientation.

I. INTRODUCTION

Convolutional neural networks (CNNs) have proven successful in
processing 2D images in a wide range of applications. Translation
invariance is enforced by the architecture of such neural networks.
On the downside, 2D images mostly stem from 3D sceneries but
plain 2D-CNNs lack 3D understanding.

Scanning data in real world applications, though, are often orga-
nized as 3D point clouds rather than 2D images. Approaches for
deep point cloud processing are diverse, ranging from CNNs on a
3D grid to purely point cloud based methods such as the state of
the art method PointNet++ [1]. For the latter, features are extracted
from the neighbourhood of a point (let us call it a centroid) based on
relative coordinates and features of neighbours and finally pooling
over all neighbours of that centroid, thus implementing translation
equivariance. While in PointNet++, the point cloud is not rotated,
there exists attempts to locally rotate the point cloud according to
some local reference frame (LRF) based on the surface around a
centroid [2], [3], assuming the 3D point clouds of interest are sampled
from 3D manifolds. A downside of such approaches is, that aside
from the surface normal any notion of a primary direction within the
tangent plane is ambiguous, see [4].

We present a new rotation equivariant neural network architecture
for 3D point cloud processing that only relies on surface normals.
The main idea is that feature extraction from the neighbourhood of
a centroid is repeated for a bunch of equidistant rotations that fit the
tangent plane into the xy-plane in relative coordinates. We thus call
the net Surface Tangent Plane Rotation Net (STPRnet).

Using this new feature extraction strategy, features are accompa-
nied by interpretable geometric data which might be useful e.g. in
pose detection. Namely, we can make votes on the position and orien-
tation of objects that are detected within the point cloud, compare [5].
Further, we may easily detect discrete rotation symmetries.

II. DETAILS OF THE NEW APPROACH

The network employs a hierarchy of abstraction layers with in-
creasing radii of neighbourhoods around centroids and a decreasing
number of centroids. Abstraction layers consist of the following steps:

1) Subsampling, i.e. select centroids out of a given set of points.
2) For each centroids determine neighbourhood within point set.
3) Extract new features for the centroids.

The third step of an abstraction layer involves learnable parameters,
namely a Multi Layer Perceptron (MLP), say, a ReLU-Network. This
step is outlined in the following algorithm.

Algorithm 1: Feature extraction layer of STPRnet

Learnable parameters: MLP

Input: points with coordinates, normals, and features;
indeces of selected centroids and their neighbours
Output: activations of new features for centroids, along with
associated rotations in tangent plane
for cent in centroids do
rots[cent] « set of rotations s.t. -, y-dirs in tangent plane
for rot in rots[cent] do
neighbourhood <« neightbours[cent]
for neigh in neighbourhood do
transFeatures < transform coordinates, normals,
and features of neigh with respect to rot
protoActiv[neigh] + MLP(transFeatures)
end
activ[cent,rot] + pool(protoActivineighbourhood])

end

end
return activ, rots

Extracting features for several tangent directions instead of relying
on one primary tangent direction provides some sort of stability.
This comes at the price that feature extraction in deeper layers of
the network involves spherical harmonics when transforming features
from previous layers.

The subsampling step can be implemented as simple random
subsampling which in experiments proved to be quite successful.
Within each feature extraction layer, fixing a discrete set of equidis-
tant rotations within the tangent plane is also randomized. Actually,
rotation equivariance is thus only achieved in a stocastic sense and
up to some discretization error. In other words, given a point cloud
P, the network N produces a random output N(P,w), and when
rotating the point cloud we can predict how the distribution of the
output changes without knowing the parameters of the network.

III. CONCLUSION

Rotation equivariance might help to reduce the effort of training
for relevant applications. Numerical experiments show that this
architecture is indeed capable of localising and classifying obejcts
within given point clouds without having seen rotated objects. The
new architecture is quite general and highly flexible.
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Fig. 1. Feature activations of the last abstraction layer centroids, when applied
to a star-shaped point cloud, each coloured ring around a centroid representing
activations of one feature type depending on the tangent rotation. Small points:
Original point cloud. Big points: Points passed to the last abstraction layer.
Black points: Neighbourhood of one of the centroids. Blue arrows: Surface
normals of the final centroids. Red arrows: One tangent plane direction out
of the discrete set of tangent plane directions that represent different rotations
around the centroid.
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