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Abstract

As the development of the health and well-being industry advances, the importance of
maintaining physical exercise on a regular basis should be understated. To help people
evaluate their pose during exercise, pose estimation has aroused huge interest among
researchers from vary fields. Meanwhile, pose estimation, especially 3D pose estimation,
is a challenging problem in computer vision. Although a lot of progress has been made
over the past few years, there are still some limitations, such as low accuracy and the
lack of comprehensive and challenging datasets for use and comparison. In this thesis,
we study the task of 3D human pose estimation from depth images. Different from the
existing CNN-based human pose estimation method, we propose a deep human pose net-
work for 3D pose estimation by taking the point cloud data as input data to model the
surface of complex human structures. We first cast the 3D human pose estimation from
2.5D depth images to 3D point clouds and directly predict the 3D joint position. Our
proposed methodology combining a two-stage training strategy is crucial for pose esti-
mation tasks. The experiments on two public datasets show that our approach achieves
higher accuracy than previous state-of-art methods. It reaches the accuracy of 85:11%
and 78:46% on both part of the ITOP dataset, and the accuracy of 80:86% on the EVAL

dataset.
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Chapter 1

Introduction

1.1 Motivation of the problem

The vision of a digital twin as stated in [43] by Prof. El Saddik is a digital replica of a
living or non-living physical entity. By bridging the physical and the virtual world, data

is transmitted seamlessly allowing the virtual entity to exist simultaneously with the
physical entity. A digital twin continuously learns and updates itself from the external
environmental condition, using multi-sensor to monitor, understand, and optimize the
functions of the physical entity and providing continuous feedback to improve quality of

life and well-being. Therefore, a digital twin is the convergence of several technologies
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such as Internet of Things, Arti cial Intelligence, Machine Learning, Cyber Security, and
Communication Networks.

Pose estimation is a speci c part of the Al technology for digital twin, which is to
identify and locate the key joints of the human body (head, left hand, right foot, left
hip, etc) in an image. Because digital twin analyzes, recognizes and imitates human
behavior through the estimated key joints, the key joints of the human skeleton are
extremely important to describe human pose and predict human motions for digital
twin. Therefore, the detection and location of human skeleton key joints have played
a fundamental role in the computer vision system of digital twin. Besides, the high-
level applications of pose estimation are mainly focused on patient monitoring system,
human-computer interaction, virtual reality, human animation, smart home, intelligent
security, athlete-assisted training and so on. For example, as a speci ¢ application for
human-computer interaction by bridging the physical and the virtual worlds, Microsoft
Kinect has achieved an excellent performance in the Xbox 360 gaming system. Kinect
uses a depth camera to capture the player's body movements and recognizes the positions
of di erent parts of the human body in the three-dimensional space.

In the eld of human pose estimation, the directions in the past decade can be
summarized in three di erent points. First, based on di erent inputs, it can be divided
into two approaches: depth and color images. Besides, pose estimation can be divided
into multi-person pose estimation and single-person pose estimation. The di culty of
multi-person pose estimation is greater than that of single. In addition, based on the
di erent tasks, it can be divided into two directions: 2D and 3D. 2D pose estimation
is to detect the key points of human body in the color image and display them in the
coordinate system(u; v) of a 2D color image, while the 3D pose estimation is to detect
the key points of human body on the depth image and display them in the coordinate
system(x;y;z) of a 3D depth image.

3D pose estimation based on depth images has been widely used in related elds of

3D computer vision, such as motion capture and augmented reality. Most applications



Figure 1.1: 3D point cloud has a one-to-one relation with a 3D pose. Our approach is

based on point clouds, converting depth images into point clouds before pose estimation.



for depth-based pose estimation were based on machine learning, such as random forest.
Kohli et al.[37] proposed a real-time tracking system by using a Kinect and random forest
algorithm to estimate the human pose in an indoor environment. Kinect was considered
as a perceptual part of their human-computer interaction systems to capture depth maps.
The motions were reconstructed in the virtual environment by joint positions so that the
system presented a better understanding of human movement. Others took depth maps
as input images to process 3D estimation by using deep learning model like [6], [14],
[13]. In 3D computer graphics, the image channel of a depth map contains information
about the distance between the surface of the viewpoint and the object. It is similar
to a gray-scale image, except that each pixel value of it is the actual distance of the
sensor from the object. Using depth maps for pose estimation is a new trend in the
future. However, current methods treated depth maps as 2D images. Researchers used
convolution network to direct process the images and extracted the speci c features form
the depth maps.

As the depth map represents a 3D information, converting the depth maps into point
clouds is another trend for process the 3D information data. The process of 3D pose
estimation based on converting 2D depth images into 3D point clouds is shown in Figure
1.1. Moonet al[33] took 3D voxelized grids converted from point cloud as input and
estimated the per-voxel likelihood for each key point. A point cloud refers to a set
of points in a three-dimensional space. Point clouds are generated by 3D scanners,
such as lidar(2D/3D), stereo camera, time-of- ight camera. These devices measure the
information of a large number of points on the external surfaces of objects around them
in an automated way. With the widespread use of radar and depth cameras in robotics
and autonomous driving, the study of point cloud has gradually been improved from the
geometric feature extraction to high-level understanding. Recent works of PointNet [38],
PointNet++[39], and Dynamic Graph CNN [54] performed both 3D object classi cation

and 3D object segmentation on point clouds directly.



1.2 Challenges for 3D human pose estimation based on
point cloud

The general challenge of human pose estimation is that various postures and shapes will
appear since the human body is quite exible. A new pose will be produced after there
is a small change in any part of the human body. At the same time, the visibility of its
key points is greatly a ected by clothing, posture, viewing angle, the e ects of occlusion,
light, fog, and other environments. Also, there exists the visual foreshortening e ects in
di erent parts of the body. Therefore, estimating the key points of the human body or
skeleton has become a very challenging task in the eld of computer vision.

In addition, there are some challenges in processing point clouds. Point cloud is a
set of vectors in a three-dimensional coordinate system. These vectors are usually repre-
sented in the form ofX;Y; Z three-dimensional coordinates and generally used primarily
to represent the outer surface and shape of the object. In addition to the geometric po-
sition information represented by(X;Y;Z), the point cloud can also represent the RGB
color, gray value, depth, segmentation, etc. The challenges of the pose estimation from

the point cloud are concluded as follows:

The data structure of the point cloud is a set of points consisting of point coor-
dinates in three-dimensional space. It is essentially a low-resolution resampling of
the three-dimensional geometry, so it can only provide one-sided geometric infor-

mation.

The sparsity of the point cloud has restricted the power of the neural network.
When the same object is scanned by di erent devices in di erent positions, the

order of the three-dimensional points varies widely.

It is di cult to output the 3D position of human body key joints directly in high
accuracy since the current approaches regress the heatmaps to achieve an excellent

performance by using deep learning models.



Although there are lots of the datasets for human pose estimation, most of them only
include 2D color images with 2D or 3D joint positions, such as MPII [1], COCO keypoint
dataset [30], FLIC [3], FLIC Plus[49]. For 3D human motion datasets, there are also
S0 many available datasets with depth maps for 3D pose estimation, such as ITOP [14],
Human3.6M [22], EVAL [10] and CAD-60/120 [47], [27]. We use two datasets for our
approach: EVAL and ITOP, which are discussed in Chapter 4. There are also some
problems with the 3D human pose dataset. First, some datasets are lack of enough
depth images with its corresponding human key body joints. Second, there is no uniform
standards or rules to label the skeleton joints. Di erent datasets are annotated with
di erent labels. Commonly used skeleton joints for labeling are hands, head, chest,
spine, torso, hips, knees, feet, elbows, shoulders and neck. It's hard to fuse these data
from di erent datasets for training and testing in deep learning model. Second, 3D
skeletons joints of most datasets are captured from the Kinect system instead of using

the Vicon camera system to track the markers with high accuracy.

1.3 Objectives

The objectives of our thesis are summarized as follows:

Propose a deep learning model to estimate the human body pose from depth images.
A new approach based on point cloud has been provided for directly regress the

3D joint positions.

Propose a new training method to optimize the networks that combines a super-
vised two-stage training strategy. The employment of this method achieves accu-
racy superior to that of current state-of-the-art methods on two available public

datasets.



1.4 Thesis Statement

Estimating the 3D joints from images using the CNN-based model have achieved a high
accuracy from 2015 to now. In our work, we aim to propose a network to directly regress
the 3D body joint position from point clouds. We take the point cloud converted from
depth maps as input to our model. Inspired by the outstanding performance of the
convolutional neural network (CNN) in feature extraction, we use a dynamic graph CNN
to process the point clouds. For normalization of points from point cloud and joints
regression, a transform network part and a regression part are proposed for our model.
Besides, to solve the irregularities of point clouds, a ne-tuning strategy is used to train
our spatial transform network. The proposed method was evaluated on the two public
datasets: ITOP [14] and EVAL [10] and achieved competitive results, showing in Chapter
5.

1.5 Contribution

The contributions of our thesis are summarized as follows:

Design and development of a model to estimate the human body key joints directly
from 3D point clouds. Unlike other methods that regress the 3D key points from
the depth images, we cast the problem of 3D pose estimation from a single depth

image to the point clouds.

Development of a two-stage training strategy in our approach is proposed to op-
timize a spatial network for eliminating point cloud irregularities and improve the

performance of our network.

Comprehensive evaluation con gurations for two existing representative 3D human
pose datasets are carried out to provide a baseline for valid comparisons with

other CNN-based [14] and RF/RTW-based [44], [24], [6] human pose estimation



methods from depth images. Experimental results show that our network for 3D

pose estimation has a signi cantly accurate performance.

1.6 Thesis Outline

The remainder of the thesis is organized as follows:

Chapter 2 elaborates on the background and related work of human pose estimation
and point cloud processing from conventional methods to novel state-of-the-art deep

learning related methods.

Chapter 3 presents the methodology used in our proposed approach and the detailed

training process of our pose estimation network.

Chapter 4 introduces the details of the datasets used in this work and evaluation

metrics.

Chapter 5 provides di erent experiments on two public datasets, showing the ex-
cellent results and the e ectiveness of our proposed approach. Also, this chapter

discusses the issues appearing during this work.

Chapter 6 summarizes the merits of our proposed approach, presents the limita-

tions, and discusses planned future work.



Chapter 2

Background and Related Work

The main purpose of our work is to estimate key joints of a human body, and the following
parts focus on human pose estimation from a single image. This is a multi-faceted task
that includes target detection, pose estimation, segmentation, and more. Pose estimation
can make the way for computers or devices to have a better understanding on human
behaviors. Therefore, it will improve the future human-computer interaction system.
Human pose estimation includes both two-dimensional (2D) and three-dimensional (3D)
human pose estimation. Application in the 2D pose estimation have already achieved
excellent results using various methods from previous researches. In contrast, applica-

tions in 3D human pose estimation still have a great potential of improvement in terms



of process time and accuracy.

After the brief introduction on the human pose estimation task in Section 2.1, we in-
troduce the related work in color-based pose estimation and depth-based pose estimation
methods in Section 2.2 and 2.3. Next, we focus on the background of 3D deep learning
for point cloud classi cation and segmentation and present the edge convolution opera-
tion for point cloud with a related dynamic graph CNN model in Section 2.4. Finally,

Section 2.5 reviews the transfer learning method for network optimization.

2.1 Human Pose Estimation Task

Human pose estimation plays a fundamental role in the research of other related elds
of computer vision, such as behavior recognition, character tracking, gait recognition,
and many other related elds. An example of human pose estimation based on a color
image has shown in Figure 2.1, where the position of each joint is accurately estimated
in the example. It aims to identify and locate the key points of all human bodies on the
image. This can be a basic research topic for many visual applications such as human
motion recognition and human-computer interaction. Speci cally, practical applications
with human pose estimation can be develop into intelligent video surveillance, patient
monitoring systems, virtual reality, human animation, smart home, smart security, and
athlete-assisted training.

In computer vision, the task of pose estimation is to reconstruct the joints and limbs
of the person based on the image, which can propose various challenging due to un-
controllable conditions. The visibility of the key joints is greatly a ected by wearing,
posture, and viewing angle. The main challenges include detecting people and locating
their key points simultaneously without giving a person's location when testing, and the
di culty lies in reducing the complexity of the model analysis algorithm in adapting to

various changes.
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Figure 2.1: An example of the pose estimation. The left image lists 15 key joints, while
the right image is the result from estimating the human pose on a color image. The

joints include head, neck, torso, shoulders, elbows, hands, hips, knees and feet.
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2.2 color-based pose estimation method

Human body pose estimation based on the RGB images has broad application prospects
in the elds of behavior recognition, human-computer interaction, games, animation, etc.
In general, the estimated results using color images as inputs represent the position of
the human skeleton in a two-dimensional image coordinate system. With the signi cant
development of the neural network in recent years, the estimation of the body's key points
has been continuously improved. Toshest al. [51] directly regress joint coordinates, with
a cascade of ConvNet regressors to improve accuracy over a single pose regressor network.
Due to the complexity and exibility of human movement, it's a low accuracy result for
direct regression of key point positions. P steret al. [36] regarded pose estimation as
a detection problem and used optical ow information to regress a heatmap. Yarey
al. [60] [59] designed a Pyramid Residual Module (PRMs) to enhance the performance
of their model. As a branch of human pose estimation, 3D humane pose estimation has
been gradually developed into a higher level. According to a di erent input, there are
existing color-based 3D pose estimation and depth-based 3D pose estimation. Zbbu
al. [65] and Kelet al. [25] used a two-stage cascaded structure to estimate 3D pose in
the wild. Wang et al. [53] presented the 2D-to-3D pose regression in two-stage methods.
Typically, the approaches for 2D multi-person pose estimation can be divided into two
types: the top-down approach and the bottom-up approach. In the top-down approach,
a person detector is followed by a pose estimator on each person. The other approach
is to detect all body parts from a multi-person image and then regroup these body
parts afterwards. In this section, we introduce the most signi cant color-based 2D pose
estimation methods and then compare their di erence. AlphaPose [63] is one of the
traditional top-down methods for pose estimation, which is an e ective solution since
their main idea is to create a combination of Single Shot MultiBox Detector (SSD) [31]
and Stacked Hourglass estimator [35]. Besides, Single Shot Multi-box Detector with

convolutional pose machines [55] represents the most classical pose estimation method

12



among the top-down structures because the pose estimation is performed on a region
where the person is located. Therefore, this type of method is dependent on the accuracy
of the person detector. Errors in locations of the person will lead to a lowered accuracy
on estimation. Additionally, Mask RCNN [16] is a popular architecture for performing
detection, segmentation, and multi-person pose estimation. Detection is performed on
each generated candidate region. When it detects the region contains a person, the
position of each key point on the human body is then uniquely encoded. The processing
time is directly proportional to the number of people processed by theses top-down
methods. Also, these approaches have a large disadvantage the accuracy of estimated
results depends heavily on the performance of the person detector. Furthermore, if the
detector can not nd any person from the image, it is impossible for the estimator to
output any joint position.

DeepPose [46] is one of the earliest CNN-based models for the human pose estimation.
A multi-staged architecture is proposed for the direct regression of the joint coordinates.
This basic concept of multi-staged architecture has inspired more recent 2D pose estima-
tion architectures, such as Stacked Hourglass [35]. Their approach shows that Stacked
Hourglass can achieve ideal results by constantly re ning heatmaps due to several reasons.
Firstly, the Stacked Hourglass architecture has made e ective use of the residual con-
nections. Also, the nal predictions (heatmaps), which predict the occurrence of specic
joints at each pixel-level, are generated by the successful use of pooling and upsampling.
The achieved high accuracy is demonstrated by experimental results on FLIC [3] and
MPIlI human pose dataset [2]. Thus, their solutions to improve human pose estima-
tion using the deep learning model to generate heatmaps have proven to produce sound
performances. The concept of heatmap on pose estimation was rst proposed by [50].
The ground-truth heatmap is generated by using a two-dimensional Gaussian function
in the ground-truth coordinate system in order to output a two-dimensional predicted
heatmap. As shown in Figure 2.2, the CNN produces a heatmap as a two-dimensional

image. During the training, the loss is calculated by using the mean squared error be-
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Figure 2.2: An example of heatmap on the position of elbows, which is from the last

stage of CNN from convolutional pose machine [55].
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tween the output heatmap and an ideal target: a 2D spherical Gaussian mean-centred on
the ground-truth joint location. Finally, the 2D coordinates of the outputs are obtained
through a non-maximum suppression method [41]. In Equation 2.1, the ground-truth is

changed into a form of the heatmap.

(X Cx)z"z'(y Ye)? (2.1)

Where x and y are the image coordinatesg, and ¢, are the ground-truth joints in the

f(x;y) =exp

image coordinate.

Inspired by generating heatmaps for joint prediction, Xiao et al. [56] created an
modi ed network with added deconvolutional layers over the last convolution stage based
on the ResNet architecture. More speci cally, their network generated heatmaps from
low-resolution images with the help from three additional deconvolutional layers , batch
normalization, and ReLU activation [32]. Another idea for the task of pose estimation
is to convert pose estimation into a sequence problem, such as pose machine [40]. As a
sequence predictive framework, pose machine can learn spatial information to capture the
interactions between body parts. Convolutional pose machines (CPMs) [55] integrated
convolutional network into pose machines to learn image features and image-dependent
spatial models to estimate human pose.

Real-time pose estimation is the key component in the robotic eld for machines to
understand human motion. Cao et al. [5] proposed a bottom-up human pose estimation
network named OpenPose using Part A nity Fields (PAFs). PAFs is a 2D vector set,
and each 2D vector encodes the position and the orientation of a limb. These elds
and joint con dence maps are together learned and predicted by CNN. OpenPose can
e ectively detect 2D poses of multiple people from an image in the real time. Di erent
from the traditional top-down structure, OpenPose adopted the method of detecting the
joint and then performing the bottom-up of matching. It is not sensitive to the number
growth of people. The time cost is mainly concentrated on the complexity of the CNN
network model. The usages of PAFs have greatly improved the speed of the multi-person

pose estimation.
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2.3 depth-based pose estimation

Compared to color images, depth maps contain 3D information about the distance be-

tween scene object and the camera viewpoint. Therefore, the results of 3D human body
pose estimation using single color images are not ideal. In this section, we present the
current methods based on 3D pose estimation using depth maps.

The methods of depth-based 3D pose estimation are divided into two parts: generative
and discriminative models. The generative models are similar to the template matching.
The human body templates are required to nd correspondence between the inputs
and templates in generative models. On the other hand, discriminative models directly
estimate the key joints of human body parts. The details of the two models are discussed
in the following part.

The traditional human key joints detection is based on the principle of geometric-
prior template matching. The core idea of template matching is to use the template to
represent the whole human body structure, including the representation of key points,
the representation of limb structure, and the representation of the relationship between
di erent limb structures. A ideal template matching can simulate large range of poses so
that it can more accurately match and detect the corresponding human posture. Iterative
closest point algorithms [10], [12], [18], [19] are commonly used for 3D body tracking,
which are motivated by the point clouds from depth sensors. Similar to the RGB based
methods, to further constrain the output space, graphical models [17] imposed kinematic
constraints to improve full-body pose estimation.

Di erent from generative models, discriminative models directly estimate the pose of
the body. Most of discriminative models are based on random forests (RF). Shotton et al.
[44] classi ed body parts from a single depth image based on the random forest classi er.
Jung et al. [24] used a random tree walk algorithm (RTW) to regress the joint position.
Besides, there are various CNN-based methods for the 3D pose estimation. Haque et

al. [14] proposed a viewpoint-invariant model using CNN and recurrent networks for
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the human pose estimation, while Guo et al. [13] introduced a tree-structured region
ensemble network for the 3D position regression. These deep learning models are based
on the image features as they can directly take depth images as the input. Although
there are numerous of advantages for CNN to process images, to e ectively extract
a full 3D information from the depth maps e ectively is nearly impossible since the
depth maps are still 2.5D. Therefore, converting them to 3D data is a new direction.
A point-cloud-based method which takes the point cloud as input named voxel-to-voxel
network (V2V-PostNet) was proposed in [33]. For each voxel, the network estimated the
likelihood of each body joint. V2V-PostNet then extracted the 3D joint positions from
the generated heatmaps. In addition, in the eld of 3D hand pose estimation, Ge et al.
[11] creatively proposed Hand PointNet, taking the point cloud from the depth image
of hand parts directly and processing the set of points to output the 3D joint positions.
The network accurately regressed a low dimensional representation of the 3D hand pose.
Simultaneously, they also proposed a re nement network to further improve the accuracy
of the estimation.

Cai et al. [4] predicted a 2D joint position from the RGB images and estimated
the 3D pose after calculating depth image patches with the corresponding prediction of
the 2D joint locations. Their operation is to simply combine the depth maps and color
images, which can still be categorized as a 2D pose estimation. The key point is how to
directly use the depth image by extracting the required features from images and fusing
them into a neural network for training. Moreover, Zimmermann et al. [50] used a depth
image to assist in 3D human pose estimation and fused the voxel of depth maps into the

proposed network.

2.4 point-cloud-based method

In the past few years, there has been a lot of in-depth research on two-dimensional and

achieved considerable development, especially for the classi cation tasks. Similarly to the
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successful achievement of 2D image processing, the development of 3D data processing
has become more and more exciting with the help of 3D interaction devices such as Intel
RealSense, Microsoft Kinect sensor, and other types of depth/IR cameras. These de-
vices have a positive impact on the technology of human-computer interaction (HCI) [7],
[58]. Images captured by the depth sensors are widely used in robotics and autonomous
driving. Meanwhile, the depth data can be converted into point clouds. The exible
geometric representation provided by point clouds has a wide application in computer
graphics. For instance, point cloud segmentation and classi cation using a deep learning
model is a new and challenging eld for computer vision. Also, the study of point cloud
maps has gradually improved from the geometric feature extraction to high-level under-
standing such as point cloud segmentation [34] and recognition [38]. In this section, we
introduce 3D deep learning from the point cloud.

A series of PointNet models, including PointNet [38] and PointNet++ [39] are the
recently proposed methods for point cloud classi cation and segmentation. Point clouds
are fundamentally irregular, and it is not sensitive to the order of the data. This means
that the model for processing point cloud data needs to be invariant to di erent permu-
tations of the data. A spatial transform network named T-Net (part of PointNet [38])
has been designed to ensure the invariance of the model to a speci ¢ spatial transforma-
tion. The points are rst aligned by multiplying it with a transformation matrix learned
by a spatial transform network. PointNet models treat each point individually, learning
the mapping from 3D to potential features without taking advantage of geometry. A
single maxpooling layer is used for all the features of sampled points in PointNet. This
operation loses many local features and only maintains global features. Therefore, the
network's ability to extract local information from the model is far less satisfactory than
that of the convolutional neural network. PointNet ++ extracts features on di erent
scales and obtains deep features through a multilayer cascade network. There are three
main modules, sampling, grouping and feature learning, for extracting both local and

global features. However, PointNet++ still considers individual points in local point sets
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instead of the relationships between a pair of points.

In contrast to previous networks, Wang et al. [54] successfully developed a dynamic
graph CNN model (DGCNN) to process point clouds based on a thinking way of image
analysis using a convolution neural network (CNN). The method is the same as the prin-
ciple of a convolutional network that considers the set of interconnected pixels instead
of a single pixel. Edge Convolution, as the main part of DGCNN, takes a center point
with its nearest neighbor points as an input to the multilayer perceptron (MLP) layer.
The Edge Convolution layer models the distance and geometric structure between points
when constructing the neighborhood. Local features are formed by searching neighbor
points, while global features can be extracted through stacking or recycling Edge Convo-
lution layers. However, unlike PointNet and PointNet++, not only global features but

also local features are considered in Edge Convolution layers.

2.4.1 DGCNN Model

Point cloud segmentation and classi cation by using deep learning model to process
3D point clouds remain a challenging problem in computer vision. A straightforward
way to apply deep learning on a point cloud is to transform the data into a volume
representation. For example, a 3D voxel grid has been widely used in the eld of 3D
deep learning. We can train a CNN with a 3D lIter directly without any neural network
problem in the use of voxel grid data. However, the main disadvantage of volume data
is a large amount of computation. If there is a typical image with a size di28 128
= 16384 pixels, there is128 128 128 = 120971520lume data after converting the
2D dimension to a 3D dimension which is a large amount of data causing very slow
processing time. Therefore, the required solution is a direct deep learning approach that
will focus on 3D coordinates instead of volume data.

Instead of using volume data, the DGCNN model can directly use the point cloud
as input. At the same time, the model gets enough local information for classi cation,

segmentation, and other tasks. There are two parts in DGCNN model classi cation and
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segmentation. The classi cation network consists of two Edge Convolution layers, fol-

lowed by a pooling operation and three full connection layers, and then the classi cation

results are obtained. The segmentation network uses three Edge Convolution layers,
followed by three full connection layers. In the DGCNN model, shape information and

features can be extracted by stacking the Edge Convolution module or by using it cycli-

cally. From the calculation process of Edge Convolution, it can be seen that when KNN

is used to nd k nearest points for each feature update, the result of each KNN step will

be di erent because it is based on the distance of the new feature, and the local graph
will be updated dynamically every iteration.

DGCNN exploited local structures by constructing a local neighborhood graph and
design the convolution-like operations on the edges connecting neighboring pairs of
points. The excellent contribution of the DGCNN is the rst one to propose the ge-
ometric relationships among the points from the point cloud. Although learning from
3D coordinates directly is a di cult problem, DGCNN extracts features from geometric
information formed by coordinates. In the original Euclidean space, DGCNN considers
the local features from K nearest neighbors by modeling the distance between neighbor-
hood points. The local features represent the geometric structure between neighborhood
points and the nal feature called edge feature in neural network computing is a fusion

of global and local features.

2.4.2 Edge Convolution

Lecun et al.[29] has successfully established a modern structure of CNN, which is widely
used in many computer vision tasks, such as image processing, image classi cation,
object tracking, and so on. The core of CNN is called "kernel' or " Iter' working as
a feature detector. By sliding these Iters over images, these detectors produce the
feature maps which contain relative location information, object shape information, etc.
The convolution layer is also known as the local feature learning layer, where the input

images are connected with this local area of the receptive eld. The basic process of
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Figure 2.3: The basic process of CNN Iter with Relu, Maxpooling, and Unpooling. The
blue box is the convolution layer; 3x3 is the kernel size. Relu is an activation function
which is to add nonlinear factors. Maxpooling is to choose the maximum value from

each 2x2 block. Unpooling is a common up-sampling method.

CNN is shown in Figure 2.3. The lter chooses th& 3 matrix from the input volume
through a certain stride (which we de ned as 1 in Figure 2.3). The valug of the output

in the red box is passed by each value in the matrix and multiplies the corresponding
weights in the Iter. The output of convolution layer is processed by pooling layer which
is used to reduce the size of feature map and the parameters in the network. But for
point cloud, the discontinuity of point cloud distribution in 3D makes the neighborhood
structure of point cloud di cult to deal with by using CNN.

Inspired by the convolution neural network (CNN) [29], Edge Convolution layer
(EdgeConv) is proposed as a basic part of DGCNN [54] to solve the neighborhood fea-
ture extraction directly from point cloud. It is a new neural-network module suitable for
CNN-based high-level tasks on point clouds including classi cation and segmentation.
The appealing property is that the EdgeConv incorporates local neighborhood informa-
tion as it can be stacked or recurrently applied to learn global shape properties. The

extracted features from EdgeConv layers are named edge features which are the relation-
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ship between neighborhood points. The previous model DGCNN showed that the results

have been improved by using these edge features

Figure 2.4: An example of edge features in the operation of EdgeConv. There is a set
of 17 points. In the middle is the center point. Find the nearest neighborhood points
based on the center point in this gure. The red line represents the edge feature between
the two points.Edge feature can be represented as a vectpq ( is the center point,
while p is one of its5 neighborhood points. After embedded by a multi-layer perceptron,

there are64 generated feature maps.

EdgeConv considers the neighbor points as the independent local features and cap-
tures local geometric structure while maintaining permutation invariance. Edge features
are generated to the relationship between a point and its neighbors instead of generating

points' features directly from embedding. The EdgeConv is designed to better capture
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local geometric functions and be invariant to the ordering of neighbors and thus permu-
tation invariant. Also, EdgeConv applies channel-wise symmetric aggregation operation
[62] on the edge features associated with all the edges emanating from each vertex. In
3D point cloud computing, point-to-point relationships are always within a global scope
of thinking. The operation of the point-to-point relationships by using EdgeConv are
shown in Figure 2.4. The size of input isN 3, while the neighborhood features are
N K 64after the operation of EdgeConv. Embedding process is a convolution kernel
of 1 1 which is used to enhance the dimension of the features, aNd K 64 is ob-
tained. Besides, the geometric structure between a center poigtand its neighborhood
point p is represented by a vectopq EdgeConv models the distance between two points
(which is the norm of pg. However, when constructing the neighborhood, and it ignores

the direction of the vector, which leads to loss of local geometric information.

2.5 Transfer Learning

Transfer learning [61] is a machine learning method that refers to a pre-trained model
being reused in another task. The pre-trained model means that the model has been
trained on a large benchmark dataset. By using the pre-trained model on a big data
set, we can directly use the corresponding structure and weight to apply them to the
problems we are facing. As a popular method in deep learning, it allows us to build
accurate models in a time-saving way. Through the meaning of transfer learning, the
knowledge acquired in one environment is used in another to improve its generalization
performance. For example, in the case of processing a large number of resources required
to train a deep model or having a large number of data sets for pre-trained models.
Transfer learning performs well only when the features from the pre-trained model in
the rst task is a generalization feature. In general, as a method of optimization, we can
save time for training and have a better performance with the help of transfer learning.

However, using transfer learning in a new domain does not benet until the model is
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developed and evaluated.

In computer vision, it is common to apply transfer learning in predictive modeling
problems that take images or videos as input. It is common practice to use pre-trained
models for large-scale challenging image datasets in case of predictive modeling problems.
For example, the Imagenet dataset [9] has been widely used as a training set because it
is large enough (including 1.2 million images) to help train the model of universal value.
Some classic network structures are used for pre-training on Imagenet, such as VGG [45],
GoogleNet[48], MobileNet [20], AlexNet [28], Shu eNet [64], DenseNet [21] and ResNet
[15]. Many researchers apply the weights of these pre-trained models to their models and
deepen the training again to achieve the best results on their datasets. When the process
of transfer learning, these pre-trained models also show good generalization performance
for images outside Imagenet dataset. This method is e ective because a large number of
pictures are trained on this model, and the model needs to be able to predict a relatively
large number of image types. Conversely, this requires the model to e ectively learn to
extract features from the image to better solve the problem.

Since the pre-trained model has been trained in an excellent situation, there is no
need for us to modify too many weights in a short time. When we use it in transfer
learning, it is often just ne-tuned. Transfer learning is a machine learning technique
while applying deep learning is ne-tuning. Selectively load pre-trained network model
weights by modifying the structure of the pre-trained network model structure (such
as modifying the number of sample category outputs). In general, the rst few layers
are trained to identify features of the task. More often in practice, ne-tuning the
existing networks by training on the smaller datasets achieves the e ect of a fast training
model. Assuming that our dataset is not very di erent from the context of the original
dataset, the pre-trained model will learn the features associated with our classi cation
problem. The way to use the pre-trained model in various situations is shown in Figure
2.5. There are two main factors to judge: the size of the new dataset and its similarity

to the original dataset. The learning rate is normally set low when we ne-tune our
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Figure 2.5: The method train the model is determined by the size of the dataset and the

similarity between the datasets.

network. Training methods in four situations: First, the small size of the dataset and
high similarity compared with the training data of the pre-trained model. We can use
the pre-trained model as the feature extractor and transform the output layer into a
structure that ts the problem situation. Second, the small size of the dataset and low
data similarity. We can freeze the weights in the rstk layers of the pre-trained model,
and then retrain the nextn k layers, wheren is the total number of the layer from the
network. Next, the big size of the dataset and low data similarity. Because there is a big
di erence between the actual data and the training data of the pre-trained model, using
the pre-trained model will not be an e cient way. Last, the large size of the dataset a
high data similarity. This is the ideal situation, using the pre-trained model will become
very e cient. The best way is to keep the original structure and initial weight of the
model unchanged, and then retrain based on the new data set. In summary, as a concept
of transfer learning, ne-tuning is an e ective way of adjusting our network to get good
results with new problems. The main methods for ne-tuning are taking the network as
feature extraction, training the speci c layers after freezing the other layers, and using

a pre-trained model.
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2.6 Summary

As introduced before, there are lots of 2D/3D pose estimation approaches based on the
deep learning model, but most of them can not directly regress joint positions. EdgeConv
is usually applied to process point clouds. Inspired by this, a point cloud containing pose
information can be fed into a deep learning model based on EdgeConv to estimate the
key joints, which is a regression task. Also, a spatial transform network from PointNet
is used to maintain the permutation (order) invariance of the point cloud. By combining
EdgeConv and spatial transform network, a more appropriate module is produced to
extract features from the point cloud and directly estimate the 3D key joint position. In
the next chapter, the details of our human pose net and preprocessing for point cloud

will be introduced independently.
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Chapter 3

Methodology

Our method for pose estimation takes the point clouds converted from the depth images
as input, considering thisF -dimensional point cloud withN points. In this section, the
point cloud is de ned as a set of vector®® = fpy;p.;::;; png. Outputs from our model
are a set of 3D key joint positions) = fjq;:::;ju 9, whereM is the number of key body
joints and j; contains Xx;;V;; z in the camera coordinate system where?2 f 1;:::;;Mg.
The input to the deep learning model igP; J). Considering the resolution of the depth
image, we setN as 5;000and F as 3. To further improve the results, our network is
built on a modi ed DGCNN model, which takes these sampled point clouds to regress

the 3D body pose by extracting the global and local features.
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In this chapter, we introduce the methodology of our proposed 3D pose estimation
model. Our 3D pose estimation model is named human pose net. As we reviewed in
chapter 2, lots of related work performed well in 3D pose estimation. They directly
conducted training on the images and regressed the heatmap, or simply used the random
forest to accomplish this task. However, most of them didn't consider the depth maps
as the real 3D information. As shown in Figure 3.1, we covert the depth maps into the
point clouds. The human pose network takes the point cloud as input, while this point
cloud is preprocessed by removing a large number of discrete points. After presenting the
method for point cloud preprocessing, we propose our human pose network based on a
modi ed DGCNN. Our 3D pose estimation model contains two parts spatial transform
network, two units and three fully connected layers. In addition, a two-stage training

strategy is proposed to optimize our spatial transform network.

Figure 3.1: Left is the point cloud which is converted from the depth image. We de ne
distance thresholds to cut the subject out and segment the human body from the back-
ground. After sampling the point cloud into the same size, input it to the regression

network. The output is the 3D coordinates of the skeleton joints.
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3.1 Preprocessing

In this section, we will introduce our method for preprocessing: segmentation and nor-

malization.

3.1.1 Segmentation

First, our approach segments the human body from the background as clearly as possible.
Figure 3.1 shows the process of segmentation and sampling. Since the data are captured
by the depth camera, many points with invalid depth values or zero-depth values may be
included. Therefore, we remove all invalid and zero points. Given the depth information,
most of the background points can be easily removed by de ning depth thresholding.
However, only setting the depth thresholding is not enough to extract the human body.
Point clouds still include noise and other background objects, which may a ect the
results. These are mostly due to the photon shot noise and long distance between the
human body and the camera.

Setting a bounding box and depth thresholding can eliminate many background ob-
jects from Fgiure 3.1. In a more general case, we can make use of nearest neighbors and
implement a clustering technique that is essentially similar to a ood Il algorithm [8].
The main idea for removing background subjects in point clouds is using the Euclidean
cluster extraction Iter. Since point cloud data provide higher dimensional data, there
is considerable information that can be extracted. In our proposed approach, segmen-
tation based on Euclidean distance was performed by removing the small noise cluster.
Euclidean cluster extraction algorithm uses distance between neighbors as a criterion.
The human body always remains the biggest cluster. As shown in Algorithm 1, it is
compared to the distance between the points. Each point from the point cloud is used to
check whether the distance between it and its neighbors is below a thresholding. If the
distance is less than the threshold (radius), point and its neighbors are treated as the

same cluster.K -nearest neighbors are selected from the samples to be clustered before a
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cluster can no longer spread. Next, we continue in the set of remaining points and repeat
the above steps to nd a new cluster until the end of the traversal. The thresholding is
set to 0.1 meters. Here is the Euclidean cluster algorithm for extracting the human body

from the backgrounds.

Algorithm 1 Euclidean Cluster Extraction
Data: point cloud P

Result:  the point cloud of human body with background removey,qy
Set up an empty list of clustersC, a cluster of human bodyCy.qy, & queue of the points
that need to be checkedCH, and a distance thresholdingl, .

for every pointp; 2 P do
add p; to the current queueCH

for every pointp, 2 CH do
search for the neighbors ofy, and take the neighbors as a se®/. The search

range is a sphere with radius < d

check if every neighbor poinqoji 2 P/ has already been processed. If not, add it

into CH
end

When all points in CH have been already been processed, add the cluster quél¢

into the list C and set theCH to empty.
end

Chody = Argmaxyzch(x)

3.1.2 Normalization

After the previous steps, considering the di erent numbers of points, we downsampled
the number of original point clouds into an average size (5000 points) since the number
of points from preprocessed point cloud is between 4000 and 7000. Normalization of
the point cloud is executed by the person's heighth{) and width (b,) in this point
cloud to address the data of di erent sizes. Since joint coordinates are in absolute image

coordinates, it proves bene cial to normalize them with a bounding bol, which includes
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the person's height &) and width (b,). In a trivial case, the box can denote the full
image. Such a box is de ned by its center. The center in the point cloud is the human
body centerh.. h. can be derived from the average of all joints from the ground truth. As

shown in Equations 3.1 and 3.2NOR(p;; b) is the function for point cloud normalization.

2l
£ 00
NOR(pi;b) = (pi bc)EO = 0 (3.1)
0 0 1
I:)N
b::izTOpi (3.2)

where N is the number of points from the human body ang, is the point from point

cloud P of the human body.

3.2 Human Pose Network

In this section, we present our proposed deep learning model for pose estimation at rst.
As a basic part of DGCNN, the EdgeConv layer mentioned in Chapter 2 is widely used
in our proposed network. After our pose estimation network, we show our optimization
function and two-stage training strategy for our deep learning model.

We design a human pose network that can directly estimate the 3D coordinates of the
pose from the input point clouds by modifying DGCNN and PointNet. In our model, we
use T-Net as the spatial transform network to achieves permutation invariance of points
and stack EdgeConv layers to extract and learn features from the transformed point
clouds. The original DGCNN model is used for classi cation and segmentation. We
modi ed the architecture of the classi cation model by changing the middle layers and
fully connected layers. The architecture of the modi ed model is shown in Figure 3.2.
Di erent from the original model, we use one EdgeConv layer with 128 lters instead
of three 64 lters to keep a suitable receptive eld and reduce the parameters due to

the limitations of our computer performance. EdgeConv is a basic part of the DGCNN,
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Figure 3.2: The architecture of human pose network. The normalized 3D point clouds
are fed into the regression network. The size of input is thd 3 point clouds while
the size of output isM 3. M represents the number of key point positions. The
normalized 3D point cloud are input toN 3. Our network is trained in an end-to-end

manner to extract hand features and regress 3D joint locations.
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which captures the local structures of the human body by combining the points and
their neighborhoods. In our model, EdgeConv has been used as a main part for feature
extraction. As Figure 3.3 shows, we visualize an edge feature that is considered a local
feature. The feature is composed of thé nearest neighbors by calculating the Euclidean
distance. EdgeConv takes the local feature as input, considering the coordinates of points
and the distance from the domain points as local domain information. Global shape

information can be extracted by stacking or recycling EdgeConv layers.

Figure 3.3: An example of edge features from the chest. We de ne an arbitrary center
qguery point from the chest and its neighborhoods. Depending on the distance, we can
nd the K neighbor points. The edge features are composed of thé&e 1 points. The
point clouds with edge features are input to the neural network. In this gure, we se

to 16.

For each pointp, 2 P, we nd its K neighbor points and concatenate the neighbor
points with the original point cloud as the edge features, which are calculated in the
EdgeConv layers. There are two units in our network, which are composed of EdgeConv
layers. The rst unitis composed of two EdgeConv (128 lters) layers that are connected
with MLP layers (1024 lters). Between the EdgeConv layer and an MLP layer is a
pooling layer. In our network, we use a global max-pooling layer to reduce the dimension

of data and aggregate point features. The input to the MLP layers is the concatenation
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of the outputs from the rst two EdgeConv layers. The concatenation is considered as a
kind of shortcut connection, which is a classic operation of Resnet [15]. This allows data
streams to ow across layers. In the process of training, the network can deepen the
understanding of the details through shortcut connections. The second unit is the same
as the rst unit. To regress the joint positions, we modify the last three fully connected
layers into 1024 512 3 M. Since we target the single human object, the transform
network is considered to be very suitable. Although the point clouds converted from
depth images are ordered, points become an unordered form after preprocessing. The
spatial transform network aligns an input point set to canonicalize into a speci ¢ space
by applying an estimated3 3 transformation matrix. To estimate the 3 3 matrix,
the network uses the coordinates of each point in the point cloud and the coordinate
di erence of its K neighbors. After matrix multiplication, the pose network takes the

transformed point cloud as input.

3.3 Network Training

The process of training is composed of two parts. First, after preprocessing, the point
cloud is sampled into a set ob; 000 points. We trained the whole model with the ran-
domly arranged point cloud as the input in each step. In this way, the spatial transform
network is trained in a good situation. Second, we maintain the weights of the spatial
transform network and train the remaining networks. The input to the model is also a
set of 5,000 points but not randomly sampling every time. The input to our network is
a set of normalized pointsX " = fx" giN:l = fprrgY,, wherep™ is 3D coordinates of
the normalized point and the ground truth Y™ = fyo gi“’__'1 = fjr g:\il, where ™" is
the corresponding key body joints after normalization. The loss function is mean square

error. GivenT training samples with normalized point cloud, we solve the minimization
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problem:

X
o=agmin Y 2 (X2 P (33)
W =0

where! denotes the parameters of our networkz represents the human pose network,

and is the regularization strength.

3.3.1 Two-stage training Scheme

The main problem for point cloud in deep learning is irregular arrangement in 3D space.
We have set a spatial transformer network to ensure the model's invariance to a particular
spatial transformation. The spatial transformer network is the same as the T-net from
PointNet [38]. However, to achieve a higher performance of the spatial transform network,
we have built a two-stage training scheme. In this section, we discuss and present our
strategy of two-stage training for proposed human pose network.

The spatial transform network tries to generate 8 3 matrix which is used to align
a set of points into a canonical space. Learning through a large number of point clouds
in an irregular space, spatial transform network estimates a suitab®@ 3 matrix and
applying the matrix on the point clouds. In the rst stage of our training scheme, we
expanded the domain of data through randomly shu ing the points from point cloud
in each training step. These randomly sampled point clouds are arranged in di erent
irregular orders. In the second stage, we migrate the parameters of spatial transform
network from the pre-trained model to this new model. After freezing the weights from
the spatial transform network, the remaining layers are trained to optimize the results
of pose estimation. When training the new model, we set a low learning rate. As shown
in Figure 3.4, the input to network in the second stage is di erent from the rst stage.
The point cloud data without randomly sampling is input to the our model.There is no

need to sample the point cloud repeatedly.
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Figure 3.4: The two-stage training scheme for our proposed human pose network. The
speci ¢ steps are summarized in this gure. Training the whole network is the rst step.
Freezing the spatial transform network and training the remaining layers are the next
step. The red color means the frozen layers, while the orange color means the layers to

be trained.

36



3.4 Summary

In this chapter, we introduced our methodology for 3D human pose estimation. Our
methodology can be divided into 3 parts preprocessing, human pose network, and our
network training. In preprocessing, we removed the most background objects and seg-
ment the human body. After segmentation, a clean human body point cloud data are
input to our human pose network for regressing the joint positions. To enhance the
performance of our network, we proposed a new two-stage training strategy in network

training.
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Chapter 4

Datasets and Evaluation Mertrics

In this chapter, we introduce the evaluation metrics and two commonly used public
datasets for our model training and evaluation. The evaluation metrics are presented in
Section 4.1. There are several widely used datasets for human pose estimation, such as
LSP [23], FLIC [3], MPII [2], COCO [30], CAD60/120 [47] [27],ITOP [14] and EVAL [10].
Among them, ITOP and EVAL are two public datasets for 3D human pose estimation.
Moreover, both depth maps and 3D coordinates of key human body joints are included
in these two datasets. The details of these two datasets are introduced in Section 4.2

and 4.3.
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4.1 Evaluation metrics

Because pose estimation from the image is to locate the position of the joints in the
human body, it is super crucial to evaluate the predicted position of the human joints
with appropriate metrics. The main evaluation metrics is mean Average Precision (mAP),
which is a necessary indicator to measure results in the eld of computer vision for multi-
label tasks. Also, OKS based on mean average precision is used in 3D pose estimation
and reported for individual body parts. The evaluation metrics of the key joints from the
human skeleton are analogous to the general object detection evaluation method, and the
nal mAP (mean average precision) value is used as an evaluation basis. OKS is object
keypoint similarity which is evaluating the accuracy of human skeleton key points for
researchers in the task of human skeleton key detection task. The similarity between the
location and the actual annotation is scored by the distance between ground-truth and
predicted joints in 3D pose estimation. A successful detection occurs when the euclidean
distance in 3D space between estimated joints and ground truth is less than a threshold.
The threshold is set to10 centimeters in many related study [14], [24] and hence we will
use it to compare the e ectiveness of our proposed method. This rule means there is a
successful detection when the predicted joints are less thafcm from the ground truth.

Here is the evaluation metrics.

8
2 1; if distance(x;y) < 10cm
AP (x;y) = (4.1)
- 0; otherwise
P M .
mAP = —i=0 AFI:/I(J"GT‘) (4.2)

where distance(x;y) denotes the Euclidean distance betweex, y in 3D space;J and

GT are predicted joints and ground truth separately.M is the total number of joints.
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4.2 ITOP

Figure 4.1: A view of joints from ITOP dataset. There are 15 key joints, which are head,

neck, torso, shoulders, elbows, hands, hips, knees and feet.

The ITOP dataset [14] was established by Haque et al. in 2016. There are two view
angles for the ITOP dataset when collecting the data with two Asus Xtion PRO cameras.
One of the depth cameras was placed on the opposite side of the viewpoint to capture
the front human motion images, while the other camera was placed at the top to capture
motions with a facing-down viewpoint. Meanwhile, both front and top view angle are
challenging for the task of human pose estimation based on depth maps.

As the ITOP 3D human pose estimation dataset consists of two angles of view front-
view and top-view tracks, each track contains a list of about 40k training and 4k testing
depth images. The resolution of the image is 320 240 (width  height). The dataset
also contains the point cloud which is converted from the depth maps. There are 20 actors
who perform 15 sequences. As shown in Figure 4.1 and Figure 4.2, the ground-truth of

this dataset is the 3D coordinates of 15 body joints, including head, neck, shoulders,
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Figure 4.2: An example of ITOP dataset. The depth maps and their corresponding
point cloud are shown in this gure. The color bar shows the distance between the point
cloud and camera. Figure (a) is a top-view image, while the gure (b) and (c) are the
front-view images. In order to show the gure (a) more clearly, the viewpoint of skeleton
information is converted into the front view. The motions in the gure are hand waving,

bending, kicking.
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elbows, hands, torso, hips, knees, feet. The 3D joint position is directly from the camera
interface. The motions in ITOP dataset contain hand waving, bending, kicking, standing

up, squatting down, turning around and walking, etc.

4.3 EVAL

Figure 4.3: A view of joints from EVAL dataset. There are 14 key joints, which are head,

chest, shoulders, elbows, hands, hips, knees and feet.

EVAL dataset [10] was established by Ganapathi et al. in 2012. The dataset contains
the front-view images which are collected by the Microsoft Kinect camera at approxi-
mately 30 FPS (frames per second) and Vicon motion capture system. An example of
the Vicon system is shown in Figure 4.4. The Vicon motion capture system is a set of
network-connected Vicon cameras and other devices which are applied to real-time online
or o ine motion capture. Vicon system captures the human motion by tracking arti cial
markers attached to the human body. The location of human body joints is composed

of these arti cial markers. A stable and accurate tracking of the arti cial markers is
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Figure 4.4. An example of a Vicon system [52]. The model in the picture is wearing

special clothing attached to the markers at the joint for system tracking.

performed with the assist of the Vicon system.

There are three subjects (one female and two males) in the EVAL 3D human pose
estimation dataset. The dataset contains about 10k frames. Each frame is combined
with the Vicon data of 30 markers. The Vicon data is 3D positions in the coordinate of
the Vicon system. The resolution of the image is 320 240 (width  height). These
depth maps are stored as the form of point cloud in the EVAL dataset. As shown in
Figure 4.3 and Figure 4.5, the ground-truth of this dataset is the 3D coordinates of 14
body joints, including chest, hips, shoulders, elbows, knees, feet, head, hands. Each joint
is set up with di erent Vicon markers, chest with 1 marker, hip with 2 markers, shoulder
with 2 markers, elbow with 2 markers, knee with 3 markers, feet with 3 markers, head
with 1 marker, hand with 3 markers. We select the average value of markers for each
joint. Di erent from the ITOP dataset, the coordinates of joints are calculated from the

Vicon system and markers. These joints are of high accuracy.
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