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Abstract. Human pose estimation based on points cloud is an emerg-
ing field that develops with 3D scanning devices’ popularity. Build-in
LiDAR technology in mobile phones and a growing VR market creates a
demand for lightweight and accurate models for 3D point cloud. Widely
advanced deep learning tools are mainly used for structured data, and
they face new challenges in unstructured 3D space. Recent research on
capsule networks proves that this type of model outperforms classical
CNN architectures in tasks that require viewpoint invariance from the
model. Thus capsule networks challenge multiple issues of classic CNNs
like preserving the orientation and spatial relationship of extracted fea-
tures, which could significantly improve the 3D points cloud classification
task’s performance.

The project’s objective is to experimentally assess the applicability of
capsule neural network architecture to the task of point cloud human
pose estimation and measure performance on non-synthetic data. Addi-
tionally, measure noise sustainability of capsule networks for 3D data
compared to regular models. Compare models’ performance with re-
stricted amount of training data.

Keywords: point cloud · capsule network · deep learning · human pose
estimation

1 Introduction

1.1 Problem

Human pose estimation is a task based on a human’s image or 3D points, and
the model should locate the main joints in the human’s body (head, neck, left
and right arms, spin, etc.) as shown in the Figure 1. Each joint is represented as
a point in 2D or 3D space based on the task’s objective.

A 3D point cloud is simply a set of points with three positional coordinates
and represents points in 3D space. The points represent the shape of the object
in 3D space. 3D point clouds are usually gathered by 3D scanners or dual-lens
cameras.The output of scanners is point cloud where each point corresponds to
some point on scanning surface with predefined precision. With the rapid growth
of LIDAR and VR fields, the importance of accurate and fast 3D point cloud
human pose estimation algorithms is clear.
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Fig. 1. Example of human pose estimation key points [13]

1.2 Challenges

The obvious challenge of human pose estimation is the potential space of different
human postures. The small change in the body part position changing the target
pose. The task gets more complicated with different obstacles like clothes. Using
recent ML algorithms such as deep learning on 3D point cloud results in many
challenges. Some of the common issues are:

– The high dimensionality of the input space. Compared to pose estimation
based on images, 3D point cloud has higher-dimensional space.

– Noisy inputs from 3D point cloud scanners. The sparsity and accuracy of
the point cloud greatly influence the model’s performance. The accuracy
and granularity of points are significantly dependent on the scanning device.
Compact LIDAR scanning devices the most popular and less accurate.

– Geometric-viewpoint relation. The human body has a strict geometric rela-
tion between body parts, which is invariant to the viewpoint. Most of the
deep learning algorithms are not viewpoint agnostic resulting in additional
challenges for human pose estimation.

– Lack of data. The amount of data for 3D point cloud human pose estimation
is significantly less than regular image datasets. This fact is due to the high
complexity of collecting 3D point cloud data, e.g., need special multicamera
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or LIDAR equipment, need diverse human positions, need different human
constitutions.

1.3 Motivation

Human pose estimation is an important task that is used in different fields. A
recent class of deep learning architecture known as capsule networks [14] theo-
retically overcomes multiple conventional deep learning models for human pose
estimation. Compared to CNNs, capsule networks, due to the dynamic routing
algorithm, account for the spatial relation between the input scene parts. Addi-
tionally, capsule networks ”learn” the object’s geometric relationship and thus
could be viewpoint agnostic [14]. These capsule networks’ properties make them
the right candidate for examining human pose estimators based on the point
cloud. Moreover, some experiments stated that capsule networks need less data
for convergence compared to non-capsule models. Besides, due to latent space
inside the capsule network, it is more noise agnostic than regular convolutional
networks.

1.4 Research Gap

– There is no capsule-based model for 3D human pose estimation task.
– Compare the influence of noisy data on capsule-based and non-capsule-based

models.
– Compare convergence of capsule-based and non-capsule based models with

the truncated training dataset.

1.5 Objective

The work’s objective is to propose a model based on a capsule network for a 3D
point cloud human pose estimation. Evaluate the model on public benchmark
datasets for human pose estimation. Compare results with state of the art ap-
proaches for the task as mentioned earlier. Evaluate the influence of the noise in
training dataset on capsule-based and non-capsule-based networks. Measure the
convergence speed of the models in training data lack environment.

1.6 Paper structure

Section 2 covers the related work of human pose estimation based on both 2D
images and 3D point clouds. This section described conventionally, and state
of the art approaches for solving the issue. Reviews capsule networks for dif-
ferent 3D point cloud tasks like point classification, segmentation, and position
estimation.

The rest of the paper is organized in the following manner:

– Section 3 presents the project’s hypothesis and problems;
– section 4 describes the approach for solving the project’s objection and pro-

vide timelines;
– section 5 sums up the paper’s ideas and present brief conclusions and possible

future work in this field.
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2 Related Work

2.1 Deep learning approaches for point cloud

The different number of points and high dimensionality of the point cloud input
makes it challenging to use regular 2D convolutions. The typical approach for
such an issue is the conversation of the point cloud to a different format. Such
approaches are projection-based methods, volumetric-based methods, and other
geometric based methods.

Projection-based methods take point cloud and project it into a different
panel view. After the projection, each view provides a set of combined features
for target classification, regression, or segmentation. The critical challenge for
the projection-based algorithm is the multi-view feature aggregation into one
global feature space. MVCNN [15] is the first model that presents a standard
CNN architecture trained to recognize the shapes’ rendered views independently
of each other and show that a 3D shape can be recognized even from a single
view at an appropriate accuracy. Recognition rates further increase when mul-
tiple views of the shapes are provided. MHBN [20] (Multi-view Harmonized
Bilinear Network) is the continuation of MVCNN. The approach proposes to in-
tegrates local convolutional features by harmonized bilinear pooling to produce
a compact global descriptor. To persist the information from different views, the
View-GCN [17] proposes constructing view-graph with multiple views as graph
nodes, then designing a graph convolutional neural network over view-graph to
learn discriminative shape descriptor hierarchically. All projection-based meth-
ods struggle from high memory consumption and high computational complexity
since, for one feature extraction, the model should be run for the number of dif-
ferent views.

Volumetric-based methods map the point cloud into a 3D grid. Then con-
ventional 3D convolutions are using for feature extraction. VoxNet [8] is the first
method that exploits the volumetric representation of the point cloud. In this
work, each cloud point is mapped to a discrete voxel point. The size of the target
grid is 32 x 32 x 32 voxels. After the mapping, three convolutional layers are using
to produce the target feature representations. The more advanced volumetric-
based models use octrees data structure. OctNet [12] propose to represent the
point cloud as several octrees along a regular grid, each octree is encoded as a
bit string, and features are generated through naive arithmetic. This approach
reduces the memory consumption of the model during the training and inference
stages. The next iteration of octrees representation of point cloud is proposed in
O-CNN [16]. The model uses 3D convolutions to extract features from octrees.
Built upon the octree representation of 3D shapes, the method takes the average
normal vectors of a 3D model sampled in the finest leaf octants as input and
performs 3D CNN operations on the octants occupied by the 3D shape surface.
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2.2 Point-based Methods

Compared with projection-based methods and volumetric-based methods that
aggregate points from a spatial neighborhood, point-based methods attempt to
learn features from individual points. Most of the recent work focuses on this
direction.

The first work which use point-based approach is PointNet [9]. PointNet
learns pointwise features independently with several MLP layers and extracts
global features with a max-pooling layer. The input (an n× 3 2D tensor) is first
multiplied by an affine transformation matrix predicted by a mini-network (T-
Net) to hold invariance under geometric transformations. The point set is then
passed through a group of MLPs followed by another joint alignment network,
and a max-pooling layer to obtain the final global feature.

The second iteration of PointNet is PointNet++ [10]. PointNet++ introduce
a hierarchical neural network that applies PointNet recursively on a nested par-
titioning of the input point set. By exploiting metric space distances, network is
able to learn local features with increasing contextual scales.

The state of the art model for point-based classification is Point Attention
Transformers [19]. The research for the first time propose an end-to-end learnable
and taskagnostic sampling operation, named Gumbel Subset Sampling (GSS), to
select a representative subset of input points. Equipped with Gumbel-Softmax,
it produces a ”soft” continuous subset in training phase, and a ”hard” discrete
subset in test phase. By selecting representative subsets in a hierarchical fash-
ion, the networks learn a stronger representation of the input sets with lower
computation cost.

2.3 Human pose estimation

The latest research approaches in the field of human pose estimation are based
on deep learning. There are two main approaches to the task:

– pose estimation based on 2D images (mostly RGB);
– pose estimation based on the 3D point cloud.

The latter approach is more recent and promising. The 3D perspective gives
more information for the models about body position in the space. Also, 3D
point clouds mitigate the issue with occluded parts of the body. 2D image is a 2D
projection of 3D space, and this transformation leads to the loss of information.

Image-based methods The approaches for 2D image human pose estimation
are devided into two types:

– top-down approach
– bottom-up approach

In the top-down approach the first step is person detection and then pose regres-
sion. In bottom-up approach all body parts are detected first, and then grouped
according to body’s position.
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OpenPose [1] is the most popular example of bottom-up approaches for multi-
person pose estimation. The network first extracts features from the image using
VGG feature extractor. Then features are passed to two separate branches, first
branch predicts body parts key points, second branch predict the associativity
between body parts.

RMPE (AlphaPose) [5] is a top-down model. This approach propose to use
Symmetric Spatial Transformer Network (SSTN) to extract person regions based
on bounding boxes. A Single Person Pose Estimator (SPPE) is used in this
extracted region to estimate the human pose skeleton for that person. A Spatial
De-Transformer Network (SDTN) is used to remap the estimated human pose
back to the original image coordinate system. Finally, a parametric pose Non-
Maximum Suppression (NMS) technique is used to handle the issue of redundant
pose deductions.

point-cloud-based methods . Point cloud based estimation is relatively young
field due to recent growth of popularity of point cloud scanning devices.

The first model for human pose estimation based on point cloud is [3]. The
paper presents an approach where based on predefined human body skeleton
the input point cloud is clustered using PCA and Expectation maximization
algorithms.

The recent work in this field is presented in [22]. Paper propose a deep human
pose network for 3D pose estimation by taking the point cloud data as input
data to model the surface of complex human structures. This approach is end to
end, first cast the 3D human pose estimation from 2D depth images to 3D point
clouds and directly predict the 3D joint position.

More point cloud human pose estimation methods will be covered in the next
subsection. Next subsection covers models which are based on capsule architec-
ture.

2.4 Capsule network

The concept of the capsule was first proposed by Hinton [14] and has been widely
used in 2D and 3D deep learning [4, 6, 7, 11].

Capsules represents as a set of vectors. The length of the capsule’s vector rep-
resents the probability of the object’s presence. Direction of the vector describes
object’s property e.g. position, viewpoint, size, shape, etc. For capsules’ train-
ing Hinton propose a new algorithm [14] called dynamic routing. The forward
pass with dynamic routing propagate the input data from lower level capsules
to higher level ones. Lower level capsules pass learned and predicted data to
the higher level capsules. If multiple lower-level capsules agrees (activated) then
higher-level capsules activates accordingly. With each iteration of dynamic rout-
ing each capsules gets more accurate.

Capsule networks for point cloud classification . The first work where cap-
sule networks were applied to the problem of point cloud classification is 3DCap-
sNet [2]. In this work a new capsule-based layer is proposed - ComposeCaps.
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ComposeCaps learns spatially relevant feature mapping that can be exploited
for 3D point cloud classification. The second iteration of capsule applicability to
3D classification is 3D point capsule network [21]. 3D point capsule network is an
auto-encoder designed based on capsule networks. In this work researchers pro-
pose new architecture with capsule network encoder which encode input point
cloud to capsules’ latent space, and decoder which decode latent capsules. The
proposed architecture works for several common point cloud-related tasks, such
as object classification, object reconstruction and part segmentation.

Capsule networks for point cloud regression. The only work which is
currently presented on the topic of point cloud regression is Capsule-HandsNet
[18]. This project is inspired by this research. Capsule-HandsNet proposes an
end-to-end capsule-based hand pose estimation network, which processes hand
point clouds directly with the consideration of structural relationships among
local parts, including symmetry, junction, relative location, etc.The model works
in autoencoder maner the same as in [21].

3 Research Hypothesis and Problem

3.1 Hypotheses

Model Comparison hypothesis: This project’s main objective is to create a model
for human pose estimation based on point cloud using a capsule-based neural
network, which shows competitive accuracy on well-known benchmarks.

Noise resistance hypothesis: the impact of noise in the training dataset on the
capsule-based model should be less compared to non-capsule models. Hypoth-
esis is made based on 2D image recognition based using capsule networks [14].
Dataset size hypothesis: The dataset’s size for full convergence should be smaller
for capsule-based network compared to non-capsule ones. Assumption is made
based on experiments presented in [14] based on 2D image classification.

3.2 Problems

Noise problem. To achieve the project goal mentioned above, we need to create
an algorithm that could create realistic noise for point cloud data. We need to
analyze and replicate factors that influence scanning devices’ accuracy and result
in noisy data.

Models’ retrain problem. To achieve the project’s third goal, we need to retrain
reference sota models with truncated training data. Hence, we need to allocate
additional time for such an activity.
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4 Approach to Solution

4.1 Dataset preparation

The proper dataset is a cornerstone of the whole project. At this stage, we need
to download the dataset, preprocess it to an appropriate model format. We need
to develop and apply an algorithm for noisy data generation. We need to create
a pipeline to regulate the about of noise in the dataset’s portion. The time to
complete this part of the project is due end of January.

4.2 Building a pipeline for an end to end human pose estimation

At this stage, we need to develop a capsule-based neural network for the point
cloud regression task. This part of the work is the most intense one due to the
overall model’s high complexity. We laid the time till the end of February to
proceed with this stage.

4.3 Setup evaluation pipeline for models’ comparison

It is crucial to create a comprehensive evaluation pipeline for two existing rep-
resentative 3D human pose datasets to provide a baseline for valid comparisons
with other human pose estimation models. We will dedicate to this state the
time to mid-March.

4.4 Experiment with the amount of noise and dataset size

At this stage, we will experiment with different amounts of noise in the training
dataset to calculate the accuracy of our approach and sota models. Also, we
will evaluate how the data amount influences the convergence of the models. We
allocate four weeks for experiments, till the middle of April.

4.5 Analysis and conclusions

We plan to produce an analysis report and conclusions of the above experiments
by the middle of May. We include the buffer of two weeks in case of a timeline
shift due to unplanned.

4.6 Timetable

The primary time ranges are outlined in Table 1.

5 Conclusion and Future Work

There is an emerging requirement for accurate human pose estimation models
that could work with the point cloud. The most important contribution from
the project’s possible results is a human pose estimation model based on the
point cloud, which more noise-resistant needs less training data than currently
proposed solutions.
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Table 1. Project’s timeline

Activity Due date

Dataset preparation end of Jan

Building a pipeline for an end
to end human pose estimation end of Feb

Setup evaluation pipeline for models’ comparison mid-March

Experiment with the amount of noise and dataset size mid-April

Analysis and conclusions mid-May
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