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Abstract

Raw point cloud processing using capsule networks is widely adopted in classification, reconstruction, and segmen-

tation due to its ability to preserve spatial agreement of the input data. However, most of the existing capsule based

network approaches are computationally heavy and fail at representing the entire point cloud as a single capsule. We

address these limitations in existing capsule network based approaches by proposing PointCaps, a novel convolu-

tional capsule architecture with parameter sharing. Along with PointCaps, we propose a novel Euclidean distance

routing algorithm and a class-independent latent representation. The latent representation captures physically inter-

pretable geometric parameters of the point cloud, with dynamic Euclidean routing, PointCaps well-represents the

spatial (point-to-part) relationships of points. PointCaps has a significantly lower number of parameters and requires

a significantly lower number of FLOPs while achieving better reconstruction with comparable classification and seg-

mentation accuracy for raw point clouds compared to state-of-the-art capsule networks.
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1. Introduction

Point clouds have been widely adopted in computer vision due to their applications in autonomous driving, aug-

mented reality, robotics, and drones. A large variety of 3D sensors (e.g., LiDARs) used in such applications produce

raw point clouds as their default output, requiring no additional processing. Even though raw point clouds are dis-

ordered and irregular, they are still a popular choice for 3D processing due to their ability to preserve the geometric

information in 3D space without any discretization.

Deep learning based raw point cloud processing has gained wide adaptation in object classification, reconstruction,

and segmentation. A prominent early attempt at directly processing raw point clouds is Pointnet [1], which learns a

spatial representation of a point cloud and aggregates individual features to generate a global representation. One lim-

itation of this work is that it discards the spatial arrangements of the points in local regions while aggregating features

through the pooling operation. However, consideration of spatial arrangements is important because similar local

regions have distinct spatial arrangements due to permutation invariance. Following the PointNet [1] architecture,

PointNet++[2] proposed a hierarchical network architecture to combine local features. Furthermore, EdgeConv [3]
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and PointCNN [4] proposed a convolutional local feature aggregator based on the neighbourhood graph. Above

methods have mainly focused on improving global feature vector via different local feature extracting methods, pre-

dominately using k-NN-like clustering techniques to represent the point-to-part relationship. Learnable point-to-part

relationship—manifested in the form of capsules [5]—is more powerful in this context. Therefore, we extend the

capsule networks [5] to identify spatial relationship in local regions while considering the feature existence of local

regions.

A capsule’s ability to learn the spatial relationship of local regions stems from dynamic routing algorithm which

establishes the mapping between the lower level capsules and higher level capsules. In other words, a capsule’s

activity vector is able to represent a specific type of object or an object part through this routing agreement. 3D-

PointCapsNet [6] is the first architecture to formulate capsules with raw point clouds, generating the latent representa-

tion through fully-connected capsules resembling the multi-layer perceptron architecture. This approach is computa-

tionally intensive resulting in longer training and testing time and 3D-PointCapsNet [6] failed to identify proper point

to part representation in unordered point clouds. Furthermore, 3D-PointCapsNet [6] fails at representing the entire

point cloud as a single capsule causing the latent representation to be not linearly separable and requires a separate

SVM for classification. A recent work [7] uses such a representation, but still suffers from high complexity due to fea-

ture aggregation through clustering. Nevertheless, there are two main problems associated with the capsule networks:

1) Since the logits values in the dynamic routing is bounded, dissimilarity between capsules ranges between �1 and

0. As a result, similarity gap of dissimilar capsules and similar capsules is reduced. 2) The original capsule network

implementation assumes static pixel locations, However, point clouds are irregular.

In order to address these limitations, we propose PointCaps: a novel capsule based auto-encoder architecture,

which has two novel convolutional capsule layers, to capture point-to-part spatial relationships and vice versa. Instead

of using a traditional transformation matrix to transform low dimensional features to high dimensional features, our

approach adopts the 2D convolution capsule idea into sparse 3D point clouds by creating capsules along the feature

axis. More importantly, there is a significant reduction in the number of parameters in the capsule layer due to pa-

rameter sharing in convolutional capsules. This leads to a significant reduction in the computational complexity while

providing better identification of geometric and spatial relationships between the parts. Furthermore, we employ a

novel routing algorithm: dynamic Euclidean distance (L2 based routing (ER) in multiple capsule layers instead of

dynamic routing (DR) as a solution to the lower similarity gap in dynamic routing. This increases the resolution of

highly dissimilar capsules in between �1 and 0 instead of �1 to 0. Moreover, we represent the entire point cloud

as a single capsule by adopting the approach of Sabour et al. [5] and replacing the decoder with a class-independent

decoder proposed by Rajasegaran et al. [8]. PointCaps’s ability to compress single point cloud to a vector of in-

stantiation parameters enables us to explore the robustness of the model to noise while completing clasification and

reconstruction tasks simultaniously. To recover lost fine-grained spatial information, we introduce a skip connection

between the encoder and the decoder. Our contributions are three-fold:
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• We propose a novel capsule auto-encoder architecture to classify, reconstruct, and segment raw point clouds.

Further, we propose a novel convolution capsule layer with dynamic Euclidean routing instead of dynamic

routing to capture part-whole relationships.

• To the best of our knowledge, PointCaps is among the first to adapt a class-independent decoder to reconstruct

3D point clouds.

• We evaluate classification accuracy, reconstruction error, and segmentation accuracy (in terms of mean inter-

section over union (IoU)) of PointCaps using standard benchmarks, where our approach surpasses the current

state-of-the-art of reconstruction error and provides comparable performance in point cloud classification and

segmentation despite having 85% less parameters and requiring 72% less floating point operations per second

(FLOPs) compared to previous capsule based architectures.

2. Related Work

Deep learning applications of point clouds include 3D object detection, object classification [1, 2, 9, 10], re-

construction [11, 1, 12], scene labeling [13, 14], segmentation [1, 2, 15], point cloud completion [16, 17], layout

inference [18], and point cloud registration [19, 20, 21]. The three main categories of 3D object classification based

on the input to the deep learning network are volumetric representation [15, 22], view-based [23] and raw point cloud

methods [1, 7]. In this paper, we will be focusing on raw 3D point cloud object classification and reconstruction.

Deep networks on point clouds: The capability of processing irregular, unordered point clouds through point-

wise convolution and permutation invariant pooling proposed by PointNet [1] paved way for various point cloud-

specific architectures such as PointNet++ [2], spherical convolution [24], Monte-Carlo convolution [25], graph con-

volution [9, 26] and SO-Net [27]. Unlike PointNet, PontNet++ [2] aggregate local features into a global feature

vector forming a hierarchical feature learning architecture through farthest point sampling. Thereafter, improved con-

volotion operations [4] has been proposed to group local region features. SO-Net [27] proposed self-organization

networks where spatial distribution of point clouds are used in an auto-encoder architecture to enhance the perfor-

mance. A better upsampling method was introduced in PU-Net [28], and conversion of 2D grid into 3D surface was

proposed by FoldingNet [29]. AtlasNet [30] is an extension of FoldingNet [29] which uses multiple data patches.

PPF-FoldNet[31], which is based on supervised PPFNet [32], uses FoldingNet decoder [29] to enhance local feature

extraction. However, all of the above methods use pooling operation to learn global features from local features based

on the feature existence. We focus both existence of features in local regions and their spatial relationship through

a capsule-based architecture and employ a new routing algorithm to aggregate the geometric features and spatial

relationships in the local region.

Capsule networks: Hinton et al. [33] proposed capsule networks, a novel method to group neurons, which

greatly impacted object classification in deep learning. Sabour et al. [5] extended this idea by proposing dynamic
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routing between capsules. The success of capsule networks in object classi�cation translates well into 3D point cloud

classi�cation due to its ability to capture spatial relationships through dynamic routing. Moreover, the instantiating

parameters available in these networks are capable of capturing various properties (e.g., size, position, and texture) of

a particular entity. In view of this, our work focuses on a novel auto-encoder architecture to classify and segment raw

point clouds, and achieves minimum reconstruction error using capsule networks.

Several recent works address the use of capsule networks in point cloud classi�cation, reconstruction, and seg-

mentation. The 3D-PointCapsNet [6] is the �rst to devise a capsule network for raw point clouds where part seg-

mentation classi�cation is completed in an unsupervised way. However, it fails to model an entire point cloud as a

single capsule. Several previous works [34, 12] have proposed supervised capsule architectures for point cloud clas-

si�cation. Cheraghianet al. [12] applies capsule networks as a drop-in replacement for a fully connected classi�er.

However, these models are trained in a supervised manner, in contrast to our auto-encoder architecture in PointCaps.

Point2SpatialCapsule [7] uses capsule networks to encode �xed spatial locations into capsules. These capsule network

architectures[12, 6, 7] directly use classi�cation capsule layer with fully-connected capsule architecture for feature

representation. This and the presence of k-NN clustering [7] lead to high computational complexity. On the other

hand, convolutional capsule layer (PointCapA and PointCapB described in Sec. 3) and the absence of k-NN clustering

in PointCaps provides signi�cant reduction in computational complexity.

3. Method

The 3D point capsule Network [6], has proposed an end to end trainable auto encoder architecture for several

common point cloud-related tasks. Inspired by the bene�ts of capsule network, we propose PointCaps, for processing

a point cloud by simultaneous classi�cation and reconstruction, and later achieve segmentation. Point cloud process-

ing differs signi�cantly from regular deep networks based vision tasks due to the irregular and unordered nature of

point clouds. The high level processing pipeline of PointCaps: 1) reduces the size of the original data using convolu-

tional capsule networks 2) generates the latent vector representations followed by reconstructing the point cloud using

deconvolutions.

In the following sections, we �rst describe the overall PointCaps architecture. Second, we describe the different

types of capsule layers we employ. Finally, we elaborate the routing mechanisms with Euclidean distance.

3.1. PointCaps Architecture

The proposed point-cloud classi�er reconstructor network comprises an encoder with Euclidean and dynamic

routing, and a class-independent decoder. The encoder architecture contains three types of capsule layers to learn

spatial and geometric features of irregular, unordered 3D data. we designed the overall architecture as Fig. 1. The

input to PointCaps is a 3D point cloud withN points. We choseN = 2048 following the work by Zhaoet al. [6].

Two 1D convolution layers process this input to produce a feature vector of length64, one for each point. This layer
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Figure 1: Model Architecture, PointCapA and PointCap B are convolutional capsule layers where PointCapA uses Euclidean routing and in the

other capsules dynamic routing is applied. DR denotes the dynamic routing whereas ER denotes dynamic Euclidean distance routing

is followed by aPointCapAcapsule layer: (Fig. 1.: path A) which creates the point-to-part relationships. The second

path (Fig. 1.: path B) generates point-to-part relationship through sparse subspace. The direct use of 2D capsule layer

gives larger parameter space which increases the use of computational resources. Therefore we use PointCapA as

a dimension reduction technique in the second path and followPointCapCandPointCapBcapsule layers to retain

the essential properties of parts. Then the parts are regenerated using a PointCapA capsule layer. The two paths:

path A and path B are concatenated. Using the concatenated output, the DigitCap capsule layer generates the latent

representation of a point cloud. Note thatPointCapBis an upsampling layer, deployed as an intermediate capsule

layer after thePointCapAcapsule layer, which generates various properties of a given part that is available in the point

cloud. Furthermore,PointCapClayer is a generic convolutional layer, with squashed output.

It is important to note that the original argument of dynamic routing in capsule network [5] was the capturing of

intrinsic geometric properties of the object. These capsule representations sometimes may not correspond to human

visible part segments in the object. However, we expect to centralize semantically similar regions in the object so

that a human can identify. Furthermore, the coupling coef�cient determines the agreement between the current output

and the prediction using cosine similarity. As the coupling coef�cient and logits are bounded, the gap between

highly dissimilar capsules lies within� 1 and0. We increase this gap by making logits unbounded while keeping

the coupling coef�cient bounded using Euclidean distance. This increases the dissimilarity range between�1 and

0. We employ novelPointCapA, which predicts the possible point-to-part representation for each point using a given

dynamic Euclidean (L 2) distance routing algorithm (see Sec. 3.2).
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3.1.1. PointCapA

Let 	 l 2 Rcl � n l
be the input to the PointCapA layer, wherecl andnl denote the number of input capsules and

the input number of atoms (capsule dimension), respectively. Initially, each point with its features is considered as an

input to the layer, and	 l +1 2 Rcl +1 � n l +1
is considered as the output capsule from the layerl . The output capsules

correspond to different local regions in the point cloud. The activity vector parameter interprets different properties

of local region such as size, orientation, and texture.

The operation of the PointCapA 1D convolutional capsule is as follows. First	 l is convolved with(cl +1 � nl +1 )

number of l kernels, forming	 conv
A 2 Rcl � (cl +1 � n l +1 ) , where l 2 [1; nl ]. Then swish activation function [35] is

applied as the pre-activation function to	 conv
A , and then reshaped to generate the vote matrixVA which has the shape

of (cl ; cl +1 ; nl +1 ). Using a 1D convolution and choosing the kernel height as one in the transformation matrix has

two advantages: 1) it provides a solution to the order invariance problem 2) it allows the network to keep the value

of cl (input number of capsules) unchanged. Then we feed the vote matrix to the routing algorithm as described in

Sec. 3.2.

Similar to the approach used in [5], the transformation matrix learns the part-to-whole relationships between the

lower and higher level capsules by updating the logits based on the similarity between the input capsule and the output

capsule.

3.2. Routing Algorithm

Routing is a standard method that is used in capsule networks to identify the relevance between a lower level cap-

sule and an upper level capsule [5]. In PointCaps, we employ routing to generate point to parts relationships. Unlike

Sabouret al. [5], where the agreement between the current outputVj and predictionvA j j i is the dot product between

two quantities and the logits are updated based on the measurements for the next iteration, our novel Euclidean dis-

tance routing employs the Euclidean distance to �nd the relevance between capsule layers, and experimentally proving

that Euclidean distance provides better performance compared to cosine similarity.

The operation of the routing algorithm is as follows. The routing algorithm maps a block of capsules in the child

capsule to the parent capsule. Let the vote tensor (votes) be denoted byV 2 Rcl � cl +1 � n l +1
. Following the [5],

we initialize logitsBs as0 whereB 2 Rcl � cl +1
. Then the corresponding coupling coef�cientsK are generated by

applying theSoftmaxfunction, de�ned as

kij =
exp(bij )

P
r exp(bir )

; (1)

on logits B , wherei 2 cl and j 2 cl +1 This results the iterative dynamic routing process. Here the logits are

normalized over all the predicted capsules in layerl because each single capsule in layerl predicts the outputs for all

the capsules in layerl + 1 . Then these predictions are weighted bykij 2 K as

sj =
X

i

kij :vj j i (2)
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andsj is applied to the squash function, given by

ŝij =
ksj k2

1 + ksj k2 :
sj

ksj k
: (3)

The squash function is a non linear function that ensure the higher probability of the existence of an entity to converge

to a length nearly1 and lower probabilities t0 get a length of almost0.

Sabour et al. [5] proposed cosine similarity as an agreement between the current outputVj and the prediction

vA j j i . The logits are updated based on this similarity measure. We used Euclidean distance to calculate error between

two quantities and updated the logits values using,

bij  bij � k vA j j i � ŝj k2
2 (4)

Algorithm 1 Dynamic Euclidean Routing Algorithm
1: procedure ROUTING

2: Require: V A 2 Rcl � cl +1 � n l +1
, r andl

3: B  0 2 Rcl +1 � cl
Let i 2 cl ; j 2 cl +1

4: for r iterationsdo

5: for all i , ki  softmax (bi )

6: for all j; s j  
P

i kij � vj j i

7: for all j; ŝj  squash (sj )

8: for all j; b ij  bij � k vA j j i � ŝj k2
2

9: end for

10: return ŝj

11: end procedure

3.2.1. PointCapB

PointCapB is a 2D convolutional capsule layer. We use PointCapB in PointCaps architecture to identify the

properties of the entities such as length, elongation and texture. PointCapB operates as follows. Let the input tensor

to the PointCapB be	 l 2 RE � cl � n l
, whereE is the number of entities,cl is the number of capsules in thel th layer

andnl is the capsule dimension. First, the input tensor	 l is reshaped into(E; cl � nl ; 1), where(E; cl � nl ; 1) is

the standard format of the input for the 2D convolution(H in ; Win ; C). Then the reshaped tensor is convolved with

(cl +1 � nl +1 ) number of i 2D kernels, where the size of i is (1 � nl ). Note that the height and width of the input

feature map for the 2D convolution are represented byE and (cl � nl ), respectively. Maintaining the kernel height

as1, width and stride asnl enable PointCapB to get a vote for single capsule from layerl . This process generates

intermediate votes	 conv
B 2 RE � cl � (cl +1 � n l +1 ) , where the width of the output can be calculated as

Wout =
cl � nl � nl + 0

nl + 1 = cl : (5)
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The intermediate votes are then reshaped into votesVB . The vote tensorVB has the shape of(1; E; cl ; cl +1 ; nl +1 ).

We apply the pre-activation swish function [35]. Then the votes are fed to the routing algorithm as proposed by

Rajasegaranet al. [8].

During routing,softmaxfunction is applied on logitsBs 2 R1� E � cl +1 � cl
for eachs 2 cl (initialized as0) to

generate coupling coef�cientsK s. Here, we normalize the logits among all the predicted capsules from capsule

tensorS in layer l . Each generated prediction inVB is weighted by a factorkprs 2 [0; 1], which results in a single

predictionSpr . Then thesquashfunction is applied to the single predictionSpr . The level of agreement betweenS

andVB is measured using cosine similarity to update the logits in the next iteration of the routing.

3.2.2. PointCapC

Now we describe the architecture of the PointCapC. Let	 l 2 RE � cl � n l
be the input to the PointCapC and

	 l +1 2 RE � cl +1 � n l +1)
be the output, whereE is the number of entities or points, andcl andnl have usual meaning.

First 	 l is reshaped into a matrix of shape(E; cl � nl ), and 1D convolution is applied with(cl +1 � nl +1 ) kernels

having the shape(1; cl � nl ). Then the output is reshaped into a tensor of shape(E; cl +1 ; nl +1 ), followed by the

squashfunction to produce the output.

3.3. Class Independent Decoder with Skip Connection

The decoder network is used to reconstruct the input point cloud using the instantiation vector extracted from the

DigitCap in the encoder network. In the original capsules [5], DigitCap is masked to extract activity vectors and then

used with three fully-connected layers to reconstruct the input image. During the training, they mask the digit capsule

output with the true label, and the activity vector of maximum length is used for the inference stage. This vectorization

results in aRa� b matrix with zeros except for the row corresponding to the true class or predicted class. Herea is

the number of classes andb is the classi�cation capsule dimension. Hence, the network gets class information which

indirectly makes the decoder class dependent. DeepCaps [8] has claimed that class independent decoder based capsule

networks are better for regularization.

To address this issue, in this paper, we use the class independent decoder proposed by Rajasegaranet al. [8] which

provides better regularization in terms of capsule encoding. The proposed decoder network uses a class independent

network by passing only the activity vector. Here, the masked activity vector isPt 2 [1; b], wheret is equivalent to true

prediction in the training stage whereast = arg max i (kPi k2
2) for testing. The decoder learns different distributions

of different physical parameters irrespective of the class which makes the decoder class-independent. The network

consists of a single fully connected network followed by �ve deconvolution layers. Moreover, the convolution layer

from the encoder is skip-connected to the intermediate layer in the decoder as shown in Fig. 1. Further, Chamfer

distance loss is used as the reconstruction loss and the input point cloud is recreated at the �nal layer.

Loss function: The total auto-encoder loss is de�ned as the summation of classi�cation and reconstruction losses,
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