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INTRODUCTION

Focusing on the pose estimation task, there have been many dif-
ferent methods and approaches presented in recent years. Meth-
ods inferring from two-dimensional data are far more usable and
easily accessible in real-time applications.
On the other hand, the regression of 3D joint positions from 2D
input data require highly non-linear operations, which can lead to
many difficulties in the learning procedure. Three-dimensional in-
put data provide the additional depth information, which can sig-
nificantly simplify the task for the network, and thus improve the
estimation accuracy. Most frequently, the 3D data input is in a
form of depth maps or voxelized grids [Xiong et al., 2019].

OVERVIEW

We introduce the Segmentation-Guided Pose Estimation (SGPE)
– a two-stage pipeline which takes a point cloud as an input,
and outputs the 3D coordinates of the estimated skeletal joint
positions. Incorporating the idea of handling unorganized and
permutation-invariant point clouds, both stages of the pipeline are
based on pseudo-convolutions, which operate in the filter dimen-
sion. The first stage of our pipeline involves a segmentation net-
work, which classifies the points representing a human pose into
the corresponding body regions. In the second stage, the original
input point cloud containing the point coordinates is concatenated
with the output regions from the segmentation network, thus form-
ing a four-channel point cloud input.
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Figure 1: The architecture of the proposed pipeline.

Such produced data, capturing the local as well as the global in-
formation, is then fed into the second model – the regression net-
work, where the joint coordinates are finally regressed. The archi-
tecture of both networks, as depicted in Figure 1, makes use of
residual connections added to the shared multi-layer perceptron
blocks, to strengthen the feature propagation.

PRE-PROCESSING

Our pipeline takes a point cloud on the input, passes it through
two subsequent neural networks, and outputs the 3D coordinates
of the skeletal joints, defining the estimated human pose. Prior
to sending the input point cloud to the first neural network, the

background scene is segmented out – the ground floor and the
surrounding walls are removed using RANSAC plane fitting algo-
rithm, and the biggest cluster of the point cloud is extracted, being
considered the captured human subject (Figure 2).

Figure 2: Data pre-processing shown on a sample point cloud a)
before segmentation, b) after removing the background and floor,
c) after final clustering.

To unify the dimension of the model input, the point cloud is sub-
sampled to a fixed number of points using the farthest point sam-
pling. Both the ground truth skeleton coordinates, as well as the
input point clouds, are normalized to the range [−1, 1] along each
axis, using minimum and maximum values of the whole training
set.

SHARED MULTI-LAYER PERCEPTRON MODULE

The shared multi-layer perceptron (MLP) [Qi et al., 2016], is a
stack of convolutional layers with kernel size 1 × 1. Unlike the
standard convolutional layers, they do not affect the dimension of
the input, but instead expand (or shrink) the dimension of filters.
By operating in the filter space, the 1 × 1 convolutions allow us
to process unorganized and permutation-invariant sets of points.
The points passed to the shared MLP module are treated as 2D
inputs with dimensions 1× 3.

BODY-PART SEGMENTATION

In the first stage, the pre-processed point clouds are fed into the
segmentation network, which performs a pointwise classification
into the corresponding body regions.
The architecture of the model is based on the shared multi-layer
perceptron modules. To obtain global features, the output vector
of the first shared MLP is aggregated in a pooling layer across all
points of the point cloud. Since the local information is essential in
the task of semantic segmentation as well, we want to avoid losing
the local context after the max pooling aggregation. Therefore, the
local features extracted from the intermediate layers of the shared
MLP are concatenated with the aggregated global features. The
model outputs the predicted per-point classification probabilities
for each body region.
In order to help the gradient flow, and enhance the feature propa-
gation, we improved the shared MLP modules in our approach by
adding residual connections in-between the convolutional layers.
Since the real data does not come with body-parts segmentation,
we perform an automatic annotation of the point clouds to acquire
ground truth body region classification of the data (Figure ??). The
number of regions matches the number of joints in skeleton, each

region being associated with the particular joint. Every single point
of the point cloud is then assigned to the region corresponding to
the nearest skeleton node in terms of Euclidean distance.

RESULTS

Our strategy achieves competitive results on a number of bench-
mark datasets, and outperforms state-of-the-art approaches.
On MHAD dataset [Vidal et al., 2013], our method sets a new
state-of-the-art with mean per joint position error (MPJPE) of
1.39 cm for the multiview approach, and 1.59 cm for the single-
view approach. Mean average precision at 10 cm is 99.80% and
99.21% for the multiview and singleview approach, respectively.
On CMU dataset [Joo et al., 2017], we set benchmark MPJPE for
human pose estimation task of 2.11 cm (Figure 3), with mean av-
erage precision at 10 cm of 98.39%.

Figure 3: Qualitative results of the proposed method on sample
data from CMU dataset.
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