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Abstract

Human pose estimation represents the skeleton of a person in color or depth images to
improve a machine’s understanding of human movement. 3D human pose estimation
uses a three-dimensional skeleton to represent the human body posture, which is more
stereoscopic than a two-dimensional skeleton. Therefore, 3D human pose estimation can
enable machines to play a role in physical education and health recovery, reducing labor
costs and the risk of disease transmission. However, the existing datasets for 3D pose
estimation do not involve fast motions that would cause optical blur for a monocular
camera but would allow the subjects’ limbs to move in a more extensive range of angles.
The existing models cannot guarantee both real-time performance and high accuracy,
which are essential in physical education and health recovery applications. To improve
real-time performance, researchers have tried to minimize the size of the model and have
studied more efficient deployment methods. To improve accuracy, researchers have tried
to use heat maps or point clouds to represent features, but this increases the difficulty
of model deployment.

To address the lack of datasets that include fast movements and easy-to-deploy mod-
els, we present a human kinetic dataset called the Kivi dataset and a hybrid model that
combines the benefits of a heat map-based model and an end-to-end model for 3D human
pose estimation. We describe the process of data collection and cleaning in this thesis.
Our proposed Kivi dataset contains large-scale movements of humans. In the dataset, 18
joint points represent the human skeleton. We collected data from 12 people, and each
person performed 38 sets of actions. Therefore, each frame of data has a correspond-
ing person and action label. We design a preliminary model and propose an improved
model to infer 3D human poses in real time. When validating our method on the In-
variant Top-View (ITOP) dataset, we found that compared with the initial model, our
improved model improves the mAPQ10cm by 29%. When testing on the Kivi dataset,
our improved model improves the mAPQ10cm by 15.74% compared to the preliminary
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model. Our improved model can reach 65.89 frames per second (FPS) on the TensorRT

platform.
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Chapter 1

Introduction

This chapter gives an overview of this thesis. In Section[I.I] we introduce the background
and motivation of our work. Then, we report our contributions in Section We

describe the thesis outline in Section [L.4]

1.1 Background and Motivation

Digital twins (fig were first introduced in the early 2000s for the manufacturing

industry [8]. The concept was significantly expanded by Prof. El Saddik in 2018 for



(b) 39

Figure 1.1: Digital twins of industrial products (a) and humans (b)

digital smart cities [6]. The central change was that the new concept bridged living
physical entities and the virtual world, which goes beyond manufacturing. An important
example is digital twins of humans. The information and data obtained from humans
can be applied to simulate and predict the health conditions of real humans.

The key step of digital twin technology is to extract analog information as digital



data for storage and analysis. The creation of digital twins involves research on human
behavior and recognition. As early as the 1970s, Johansson |18] put devices with bright
spots on the joint points of interest on the human body and then studied the behavior of
the human body by observing the movement of the bright spots. Because this method
of attaching special marked points to the human body is not convenient for application,
researchers have turned their attention to research on non-contact recognition technol-
ogy. Prior to the use of depth cameras, vision-based human pose recognition methods
mainly used color image processing to obtain useful data features and use them as char-
acteristic features. The content representation of an image usually involves some classic
algorithms, such as local binary patterns (LBPs) [35], histograms of oriented gradient
(HOGs) [5], Haar-like features [47], scale-invariant feature transforms (SIFTs) [26] and
speed up robust features (SUFT) [1]. With the advent of depth cameras and Kinect [50|
in particular, researchers have developed many new recognition technologies. For exam-
ple, Raptis [37] used Kinect to obtain joint point coordinate information to calculate the
key angle of the skeleton to recognize a human pose. The depth information obtained
by a depth camera is an important reference dimension for human pose estimation.
Not only has the development of hardware brought changes to human body gesture
recognition, but the maturity of deep learning has also made this technology develop
faster. Based on deep learning technology in the computer vision community, the high-
level digital data of humans—such as age, emotional state, appearance, and pose—can
be estimated easily, even from a single image. This means that assessing the physical
state, mental health, aesthetic expression, and behavioral patterns of a human will be-
come increasingly direct and fast. The research on human behavioral patterns, including
recovering the key points of a human from a given image, called pose estimation, was
begun by Rosales and Sclaroff [38], who mapped low-level visual features to a high-level
representation such as a set of joint positions of the body. A pose estimated with high
confidence could be expanded to apply to more advanced areas, such as action recog-
nition, pedestrian path detection, clothing parsing, games and animation, and human-
computer interaction. With this background, Al-derived pose estimation could be helpful

in physical education and health recovery. In traditional physical education and health
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Figure 1.2: 2D pose estimation example. The pose is represented by keypoints. We can
easily determine which joint is in the front and which joint is in the back because of the
perspective view of the photo. However, when we remove the background photo, the 2D

estimated pose shows only the 2D joint relations.

recovery, a normative action is subjectively corrected by the coach or the rehabilitation
therapist. Pose estimation would greatly reduce labor costs and subjective judgment
errors. 2D pose estimation technology allows computers to convert images to keypoints
representing poses, as shown in Fig [[.2] Nevertheless, neither humans nor computers
can recognize whether the joints are far or close due to missing perspective views. This
is why researchers need to study 3D pose estimation. The 3D pose includes the depth
axis information of joints so that it can eliminate ambiguity in the understanding of the
pose. However, modern computer vision technology for 3D pose estimation in physical
education or health recovery is still far from achieving human performance levels due to
deficient datasets and inefficient models.

Popular datasets for single-person 3D pose estimation include Human3.6m (2014)
[16] and ITOP (2016) [9]. The effectiveness of deep learning depends on the diversity of

the dataset and the sufficient number of samples. Human3.6 m contains 15 daily actions,



Figure 1.3: Fast motions that cause optical blur |\

and ITOP contains 15 small-scale actions. These datasets include color data collected by
a monocular camera. However, fast movements can cause these pictures to have optical
blur problems (ﬁg, and these datasets do not contain fast actions. To fill this gap, it
is necessary to build a new dataset containing fast move actions for physical education.
For our proposed dataset, the network can only learn the position of joints from a
depth image because the dataset does not have two-dimensional color pictures. Because
there is no light or color information, the segmentation of each part can only depend
on the distance from the part to the camera in the depth map. Due to the inevitable
measurement noise, the depth map has less effective information than a color picture;
thus, it is a challenging task to estimate the pose of the human body from only the depth
map. The low information content and high noise of depth images make it difficult for
a simple network structure to effectively learn the target. Therefore, we design a hybrid

model to estimate a 3D human pose from a depth image.



1.2 Contributions

The contributions of this thesis are as follows:

e We propose a new dataset for training and testing neural network layers for 3D
human pose estimation. The dataset involves fast motions, which have a wider
range of limb angles than slow motions. The depth image is acquired by a TOF
camera, and the three-dimensional coordinates are acquired by a motion capture

system. All of the images and labels have been synchronized.

e We propose the pseudo-3D soft-argmax function to avoid adapting 3D heat maps

and to reduce the computational cost in the task of 3D human pose estimation.

e We design and train a convolutional neural network that can estimate 3D poses
from a depth image. The model combines the benefits of a heat map-based model
and an end-to-end model that can be deployed easily and has high-precision re-
sults. The model is verified to run in real time with acceleration by the TensorRT

framework.

e We design and implement a user interface to show the estimated pose offline. The
user interface displays a visualized depth map, a 3D human pose map that can be
used to rotate the viewing angle and specify the three marginal heat maps of the

joint, and a list of the estimated and ground-truth coordinates of the joints.

This thesis also includes collaborative work on Kivi dataset generation by me, Ph.D.
student Matthew Mavor, Ph.D. student Gwyneth Ross, and Master’s student Yufan
Zhou under the supervision of Dr Abdulmotaleb El Saddik and Dr Ryan Graham. In
this collaboration, I have mainly focused on software processing over data collection
and data alignment, while Matthew Mavor and Gwyneth Ross spent countless hours
collecting and cleaning the data from the Vicon motion capture system. Yufan Zhou

collected and analyzed the data from Kinect.



1.3 Thesis Statement

3D human pose estimation from color images involves optical blur for fast motions;
however, existing datasets contain only everyday slow actions. We aim to build a dataset
comprising fast motions and show that a model that relies only on depth images can
implicitly infer the 3D space relations and estimate the 3D human pose and that this

model can run in real time.

1.4 Thesis Outline

The thesis is organized as follows:

e Chapter [2| describes the related work of 3D human pose estimation technology,
including popular datasets and state-of-the-art methods applied to estimation from

depth images.

e Chapter 3| presents the proposed dataset, which is called the Kivi dataset, including

the collection procedure and the data cleaning details.

e Chapter 4]introduces two hybrid models we designed for 3D human pose estimation

from depth images.

e Chapter 5| provides experiments and results for our models on two datasets. The

results show the effectiveness and efficiency of our models.

e Chapter [0] draws conclusions and discusses the limitations of the proposed work

and describes future work for improvement.



Chapter 2

Related Work

The challenging task of human pose estimation has essential theoretical value and a
wide range of application scenarios. We can divide the current research on human pose
estimation into two categories based on the final estimated human pose dimensions.
These are 2D human pose estimation and 3D human pose estimation. 3D human pose
estimation is more accurate for human expression than 2D human pose estimation, so
its research and application value is higher than that of 2D human pose estimation.
Researchers have used traditional computer vision algorithms for human pose estimation

tasks and achieved results. In recent years, the use of deep learning methods for 3D



human pose estimation has also made significant progress. However, because the current
3D human pose labeling dataset has certain limitations compared to the 2D human pose
labeling dataset, the difficulty of 3D human pose estimation is also greater than that of
2D pose estimation. Therefore, most current 3D human pose estimation methods are
based on the more sophisticated 2D human pose estimation method. At the same time,
whether it is 2D human pose estimation or 3D human pose estimation, it is necessary to
segment and perform feature extraction on the human body position in a picture.

In this chapter, we first give an overview of human pose estimation, including the def-
inition of human pose estimation and the difficulties encountered in the current research
on human pose estimation. Then, we introduce human body segmentation methods and
feature extraction methods, as well as deep learning research methods. Then, we intro-
duce the common datasets and different methods used from the perspective of 2D and
3D human pose estimation. Finally, we introduce the model-related technologies used

in this thesis, including the hourglass structure and marginal heat map.

2.1 Overview of Human Pose Estimation

The task of human pose estimation is to process a static image (including RGB images,
depth images, etc.) or video containing human body information and then use a specific
body posture estimation method to estimate the joints of the human body and connect
adjacent joints according to a particular arrangement to form a complete body posture.
If the position information of these nodes is only two-dimensional position information on
the plane, it is called two-dimensional body posture estimation. If, in addition to two-
dimensional position information, the point position also contains depth information,
it is called three-dimensional human posture estimation. Therefore, according to the
difference in the final estimated human posture dimension, the current research on human
posture estimation can be divided into two categories: 2D human posture estimation and
3D human posture estimation.

Human pose estimation is different from human pose or motion recognition. The

estimation only aims to estimate a complete human skeleton from the original data.



Abstractly, it is a regression problem, but recognition is performed by using one or
more data sources, such as the original images and videos, or by using human skeleton
information directly; a mix of various information can even be used to understand human
poses, and this can be abstracted into a classification problem. If understanding of
multiframe poses is added based on a single frame, ordered gestures can be combined into
one action, so the recognition of ordered gestures in multiple frames can be considered
motion recognition. Among all the information that can be used in human pose or
motion recognition, human pose information can uniquely represent the current state
of the human body, and its accuracy dramatically affects the accuracy of recognition.
Therefore, human pose estimation can be regarded as one of the essential and basic tasks
of human pose or motion recognition.

At present, a large number of researchers are researching human pose estimation.
Many innovative methods have emerged in both 2D and 3D human pose estimation|48][2).
However, these studies are currently being applied in actual production. There is still
a certain degree of difficulty in life. Some of these difficulties are caused by the char-
acteristics of human pose estimation itself. On the other hand, they are also caused by

incomplete research conditions. The specific difficulties are as follows:

e Complex background interference. This is an unavoidable problem in the appli-
cation of human pose estimation and actual scenes. When people are the target
of research, the color of their clothes is unpredictable, and at the same time, the
background color is unpredictable. In some cases, the color of the clothes is very
similar to the background color. It is difficult for some human pose estimation
methods to effectively separate the human body from the background, which leads

to a certain degree of deviation in the final human body pose estimation results.

e Occlusion issues. We divide occlusion into two types. One is the self-occlusion
problem caused by the structure of the human body. For an object with a complex
structure such as the human body, if it is observed from one perspective, there may
be a certain degree of occlusion. For example, when observing the human body

from the back, the human hand may be blocked by the trunk. Another is the prob-
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lem of human occlusion caused by objects. For example, when the human body
is behind a table, the table may occlude the human limbs and part of the torso.
There are also different degrees of occlusion problems. For example, half-body
occlusion can be considered severe occlusion. When encountering serious occlu-
sion problems, some human pose estimation methods use the strategy of directly
discarding the severely occluded body parts. When the occlusion is not as severe,
the position of the occluded part cannot be inferred from the original features of
the image. The current method uses the inherent correlation information of the
joint points adjacent to it as a priori information to obtain an approximation of

the location.

Diversity of appearance. The appearance is influenced by certain factors when
performing human pose estimation. The first factor is the effect of lighting. Since
the lighting environment is often very complicated in daily environments, there may
be effects such as reflections, shadows, and low light, which will affect the accurate
estimation of the position of human joint points. Second, there are differences in
the clothing of different people, and these differences will be reflected in aspects
such as the color, shape, and material of the clothes, which will also affect the
estimation results. Finally, there are differences in the sizes of people. If a single
dataset is used for training, the trained network model may have a certain degree

of error when estimating different human bodies.

Limitations of perspective. Due to the limitations of the current dataset, the
original image data used for human pose estimation are collected from some con-
ventional perspectives. However, in actual application scenarios, the perspective is
often not fixed, and there may be some unusual angles. The generalization ability
of the network model plays a vital role in accurately estimating the pose of the

human body when an unusual perspective appears.

Dataset limitations. This problem is easy to solve for 2D human pose estimation,
in which it is easy to generate labeled information. At present, there are also a

large number of datasets used for training in the 2D human pose estimation task.
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A large number of these datasets face the above four problems; consequently, the
above problems can be solved by improving the network structure and the feature
extraction method. However, for 3D human pose estimation, the scale of the
labeled datasets is far from sufficient. Because an accurate 3D human pose needs
to be collected in a laboratory environment as the ground-truth value of training,

the dataset lacks the diversity of the above four points to a certain extent.

Therefore, when researching 3D human pose estimation methods, the question of
how to use a limited dataset to train a 3D human pose estimation model with high
accuracy and a good generalization ability is a popular and challenging problem

in current research.

2.2 Deep Learning Method

In recent years, research on deep learning has strongly promoted the practical application
of computer vision in various fields. The earliest neural networks, which are the core
of deep learning, can be traced back to the 1940s. The psychologist Donald Hebb
proposed Hebbian learning. Then, researchers created the perceptron based on Hebbian
learning. However, because the computers at the time did not have sufficient capacity to
handle the calculations required for the construction of multilayer neural networks, the
development of neural networks was slow before the emergence of stronger computers.
It was not until 1986 that Rumelhart and Hinton et al [40] applied the backpropagation
algorithm to artificial neural networks for the first time, solving the problem that a
two-layer neural network required complex calculations, so that the research on artificial
neural networks could continue. By 2006, the “deep belief network" proposed by Hinton
was different from the traditional neural network used in training [12]. The deep belief
network has a pretraining process and a fine-tuning process to optimize the training of the
entire network, significantly reducing the training time. Deep confidence networks gave
a new name to the learning method of multilayer neural networks, “deep learning." By
2012, Hinton’s team used AlexNet [22], a deep learning network built from convolutional

neural networks (CNNs). AlexNet, for the first time in the ImageNet competition,
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trained one million pictures containing one thousand categories, far exceeding the second-
place system (using the support vector machine method), which sufficiently proved the
superiority of deep learning in the field of image recognition.

After the development of deep neural networks in recent years, many different network
types have been derived, such as CNNs, commonly used in the field of image recognition;
recurrent neural networks, commonly used in the field of natural language processing;
and the length of time, commonly used in the fields of speech recognition and video
understanding. Memory networks, generative adversarial networks for picture and video
generation, and others have also been used. As the most widely used convolutional
neural network in the field of computer vision, the earliest modern CNN model structure
was LeNet, which was proposed by Lecun in 1998 [23]. The convolutional layer, pooling
layer, activation layer, fully connected layer, and loss function layer in the paper laid the
foundation for the use of deep learning in the field of computer vision.

Convolutional layers: Each convolutional layer in a CNN consists of several convo-
lutional units. The input of each layer is calculated by a convolution kernel on the
upper-level input layer by sliding windows that are adjusted one by one. In the convolu-
tion kernel, each parameter is multiplied by the corresponding local pixel value to obtain
the result for the convolution layer. The optimization of the backpropagation algorithm
yields the parameters of each convolution unit. The purpose of the convolution oper-
ation is to extract the different features of the input. The first convolution layer may
only extract some low-level features such as edges, lines, and corners. Adding layers to
the network can enable the iterative extraction of more complex features from low-level
features.

Pooling layer: Pooling is another crucial concept in CNNs. It is a form of down-
sampling. After obtaining the features of the image through the convolutional layer,
in theory, we can use these features to train the classifier directly. This may make the
trained model overfitted. To further reduce the network training parameters and the
degree of overfitting of the model, the convolutional layer needs to be pooled. In the
convolutional neural network, a pooling layer is generally inserted periodically to contin-

uously reduce the magnitude of the data. At the same time, the number of parameters
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and the amount of calculation in model training will also decrease accordingly. There are
usually two methods of pooling: maximum pooling divides the input image into several
rectangular regions and outputs the maximum value for each subregion. Average pooling
outputs the average value to the divided rectangular area. In practical applications, be-
cause the effect of maxpooling is better than that of average pooling, most of the current
convolutional neural networks use maxpooling.

Activation layer: The core of the activation layer is the activation function. The role
of introducing the activation function is to add nonlinear factors to the neural network,
because the convolution layer of a CNN essentially performs multiplication and addition
on different pixels. These operations are linear, and in practical problems, the data are
generally not linearly separable. To address this problem, we can add an activation layer
to the neural network to introduce nonlinear factors. The activation function should have
certain properties such as being nonlinear, continuously differentiable, monotonic, and
approximately linear at the origin point as well as having an unsaturated range. Cur-
rently, commonly used activation functions are sigmoid, tanh, ReLLU, and leaky ReL.U.

Loss function layer: The loss function layer punishes the network parameters by mea-
suring the difference between the network prediction result and the real value during the
training process. The update of the overall network parameters is aimed at minimizing
the loss function, so the loss function layer is often the last layer of the network. The de-
sign of the loss function has a decisive influence on the network training results. Different
loss functions are suitable for different tasks. For example, the softmax cross-entropy
loss function is often used for the task of selecting one of K categories, and the sigmoid
cross-entropy loss function is often used for multiple independent binary classification
problems. The mean-square error function is often used for estimating the actual value.
For complex problems, different loss functions may need to be mixed to achieve the best
results.

The current research on deep learning mainly focuses on the following areas: 1)
strengthening the network structure in depth or breadth so that it can capture more
information from the original data, 2) effectively deepening the network while effectively

solving the gradient vanishing problem in the process of backpropagation, 3) optimizing
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the storage performance of the pretrained network model so that the model can be used
on devices with weak storage and computing capabilities, and 4) applying deep learning
in certain specific fields, which requires the network structure and loss function to be
modified to adapt to these specific scenarios. After 2012, researchers proposed many
excellent influential network structures, for example, 1) VGGNet [43]: this network
structure is very mobile and has excellent generalization capabilities; 2) GoogLeNet
[45]: the proposed network, through NIN [25] and stacking the convolution and pooling
operations that are commonly used in CNNs, on the one hand, increases the width of
the network and on the other hand, increases the adaptability of the network to different
scales; 3) ResNet |10]: this is mainly used for deep layers and addresses the problem of
network degradation that occurs during network training. A residual network improves
network performance by introducing a short-circuit layer based on the VGG19 network.
In addition to proposing deeper and wider networks, there are also studies dedicated

to improving network inference efficiency and storage performance, such as Xception |[3|

and MobileNet [13].

2.3 3D Pose Estimation

3D human pose estimation is a subset of human pose estimation. It uses a 3D skeleton to
describe the human pose, which is more accurate than a 2D human pose. However, due
to occlusion and missing datasets, the human pose must be estimated. 3D estimation is
much more complicated than 2D human pose estimation. 3D human pose estimation in
deep learning has gradually become the mainstream method. At present, research on 3D
human pose estimation from depth images using deep learning has mainly focused on
two directions. One is end-to-end 3D human pose estimation. The second is staged 3D
human pose estimation. The following introduces a 3D human pose annotation dataset

and 3D human pose estimation based on deep learning.
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2.3.1 3D Human Pose Annotation Dataset

In the data acquisition and processing phase, 3D human pose estimation is more com-
plicated than 2D human pose estimation. Many of the datasets used for 2D human pose
estimation are collected in a natural environment, and obtaining their labels is simple.
Due to the complexity of 3D human body annotations, almost all of them are collected
in a laboratory environment. The acquisition process requires a large number of sen-
sors and cameras, which ultimately results in a 3D human body attitude annotation
dataset; both diversity and quantity are much lower than those of 2D datasets. Cur-
rently, common 3D human pose annotation datasets include the CMU Panoptic dataset

[20], MPI-INF-3DHP [28], HumanEva [42], Human3.6m [16], and ITOP [9)].

e CMU Panoptic dataset. CMU produced this dataset. Each collected scene is
a spherical space, with a total of 480 VGA cameras, 31 HD cameras, and 10
Kinect II sensors for collection. The dataset contains a total of approximately
5.5 hours of video data, of which there are approximately 1.5 million different 3D
human skeletons. In addition to 3D human pose data, the dataset also provides
3D facial data for face recognition and hand joint point data for gesture tracking

and recognition.

e MPI-INF-3DHP. This dataset was produced by the Max Planck Institute for In-
formatics. A professional motion capture system collected it. Unlike the general
dataset, which contains both indoor and outdoor scenes, the test set includes a
total of 2929 frames. These frames contain six different characters, with a total of

7 behaviors.

e HumanEva. This dataset has two parts, HumanEva-I and HumanEva-II. HumanEva-
I contains seven different verified video sequences, and its 3D human pose marker
data are collected through a motion capture system. This dataset contains a total
of 4 different characters and a total of six daily actions. This dataset contains a
test set, validation set, and training set, while HumanEva-II contains only a test

set.
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e Human3.6m. Human3.6m is currently the largest 3D human pose labeling dataset.
This dataset contains approximately 3.6 million 3D human poses and their corre-
sponding image data, with a total of 11 different actors. Each actor in the dataset
has 15 action scenes. The images in the dataset were taken by four digital cameras
fixed at the four corners of the venue and synchronized by a time sensor. The
3D human body pose annotation data were collected by a motion capture system

containing ten motion cameras.

e ITOP. This dataset consists of 50K depth images for training and 10K depth
images for testing in the front/side view and top view. Both views recorded 20
people performing 15 different actions with two Asus Xtion Pro cameras. As the

ground truth, the 3D coordinates of 15 joints are labeled in real-world meters.

2.3.2 3D Human Pose Estimation Based on Deep Learning

The core of deep learning is deep neural networks. The structure of neural networks
has been proven to obtain deep-level features from images effectively, and complex tasks
such as 3D human pose estimation are sensitive to structural features. It is necessary
to improve the network structure to capture features in a more extensive range. On
the other hand, it is also possible to introduce geometric constraint information into
a network by transforming the loss function to achieve more accurate 3D human pose
estimation. Therefore, there are two core problems of 3D human pose estimation based
on deep learning: one is the design of the network structure, and the other is the design
of the loss function.

The current 3D human pose estimation task can be divided into three types by the
input type. One takes color images as the input. Since the input has only 2D information
and the output is three-dimensional, this type of task is an underconstrained problem.
An estimated 3D human pose often has higher estimation accuracy on the X and Y
axes. The accuracy on the Z-axis, representing depth, is not high. To solve this problem,
researchers have introduced depth images to assist in training networks to increase the

network’s estimation accuracy for three-dimensional coordinates. Both of the above tasks
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estimate the 3D human pose from a 2D color image. Some researchers believe that with
the continuous development of depth cameras, estimating 3D human poses from depth
images is also of enormous research value. The third type of 3D human pose estimation
takes only depth images as input.

The current research on 3D pose estimation based on deep learning can be divided into
three categories according to the training method of the 3D human pose network model:
end-to-end 3D human pose estimation, heat map-based 3D human pose estimation, and

hybrid model-based 3D human pose estimation.

2.3.2.1 End-to-end 3D Human Pose Estimation

An end-to-end network is similar to a black box. The input of the network is the
original image data, and the output is the output data expected by the task. For the
3D human pose estimation task, the output should be the 3D position coordinates of all
corresponding human joint points. An end-to-end network uses a vast network structure
to process all data content, and there are no other intermediate data used in processing.
Therefore, for such methods, the design of the network structure and data preprocessing
are crucial. At present, end-to-end 3D human pose estimation network structures are
mainly based on the regression network structure, and the 3D positions of the joint

points are estimated directly from the image regression [24][4][44].

2.3.2.2 Heat Map-based 3D Human Pose Estimation

In human pose estimation, the heat map shows the probability of a joint occurring at each
spatial location in the image. The input of the network is a depth map, and the output
of the network is a heat map. Compared to directly regressing the points’ coordinates,
the process of generating a heat map is performed with only a convolution operation.
Hence, the network converges faster than with the regression method. Heat maps map
the original full image. There may be correlations between the joint points in the heat
map, and these correlations can be used to guide network training implicitly. Heat maps
also capture the relationship between the foreground and background and can be used

to guide network training. However, the feature map inferred by this method cannot
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establish a direct relationship with the coordinate values of keypoints. To obtain the
position of the most likely point from the heat map, argmax is typically used, and this

operation is not derivative. Therefore, this kind of network is not end to end [31].

2.3.2.3 Hybrid Model-based 3D Human Pose Estimation

In 2D human pose estimation, to make use of the information obtained by the upper heat
map in the network and to enable end-to-end pose estimation, researchers have developed
a hybrid model [27]. The hybrid model uses soft-argmax to process the 2D heat map
generated by the network and obtain numerical coordinates. Because soft-argmax is
differentiable, it can be integrated into the above network for generating heat maps
and end-to-end estimates of human coordinates. This technology has been successfully

applied to 3D human pose estimation with color pictures as input [33].

2.4 Hourglass Structure

The hourglass structure was proposed for solving the 2D pose estimation problem by
Newell et al. [32]. The shape of the structure is similar to that of a horizontal hourglass.
The module was designed for capturing different scales of information. To predict the
posture of an entire person, the network must not only be able to obtain local infor-
mation, such as the position of the hand, but also hidden clues, such as the distance
between joints, the orientation of the human body, the arrangement of the limbs, and
the angle of the joints. The hourglass structure can extract local features from images
and provide a coherent understanding of the whole body for pixelwise prediction in heat
maps.

The whole processing system includes downsampling and upsampling. Several lay-
ers of convolution and maxpooling reduce large-scale data to a low resolution. After
reaching the lowest resolution, the network uses nearest-neighbor upsampling to obtain
high-resolution features from the lower-resolution features, followed by an elementwise
addition operation that combines the high-resolution features and the features that have

the same resolution when downsampling. An illustration of the hourglass module is
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Figure 2.1: Ilustration of the hourglass module. Each box in the figure represents a

residual module. [32]

shown in Fig. [2.1]

2.5 Soft-argmax

The argument of the maxima, argmazx, in the heat map is the index of the maxima that
indicate the target point’s coordinates. The argmax operation traverses the matrix to
obtain the position of the maximum value. Soft-argmax was proposed in [27] to obtain
the maximum position through differentiable operations so that it can be integrated into
the end-to-end network.

Consider normalizing the heat map h € R"*H as a probability mass function P with

the Softmax operation:
h

P(hi;) = L . (2.1)
’ ZkW:1 z{; el

If the index is treated as a random variable, its mathematical expectation can be calcu-

e

lated by soft-argmax as follows:
py =EX|=<P-T, > p,=E[Y] =< P-T, >, (2.2)

where < - > is the scalar product. T},,7T), are the coordinate indicator tensors, defined

as follows:

T.(i.j) = i/W, T, (i, j) = j/H. (2.3)
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Figure 2.2: Graphical depiction of soft-argmax calculations on 1D and 2D heat maps.

Soft — argmax can be integrated into the neural network by using backpropagation
and the chain rule on the derivative with respect to h:

ﬁﬂm _T ehi’j (Zl?il leil ehk’l _ ehi’j> (2 4)
— iz W H :
hij (D1 21 ehe.l)2

19,“2/ T ehi,j (Zkvtil Zlil eth — ehi,j) (2 5)
_— = y . .
hij (ZkW:1 Z{; el )?

With the integration of soft-argmax, the neural network can estimate coordinates

directly without external calculations.

To represent a 3D pose with a 2D heat map, Aiden et al. [33] considered three heat
maps to represent a 3D pose voxel in three views, as shown in Fig. 2.3] The three heat
maps are the projections from the directions of the normals of the three faces, and they

are

f{(azy) :Ezﬁz

H(Zy) - (Zk -[A{:,:,k)T (26)
A B,
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Corresponding to the soft-argmax calculation method of the 2D heat map, two co-
ordinates can be calculated for each volumetric heat map. The heat map is normalized
to sum to one at the beginning. For example, H@) can yield the x-coordinate and
y-coordinate. To estimate 3D coordinates from a color image, the x-coordinates and
y-coordinates are computed from HE) due to having the same orientation, whereas the

z-coordinates are the averages of the other heat maps:

fg =< HE) . T, >
py =< H#) . T, > (2.7)
o =Y< H& . T, > 4 < H@) . T, >).

H ";'x/p (joint location)

Figure 2.3: Volumetric heat maps can fully represent a 3D Gaussian in a voxel

To estimate a 3D pose from a depth image, we slightly improved this method. We

will introduce the improvement in section |4.2.2
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Chapter 3

Kivi Dataset

In this chapter, we propose a dataset for human pose estimation. In Section [3.1], we give
an overview of the human kinetic dataset, Kivi, which is used to effectively evaluate the
performance of different neural network models for the task of human pose estimation.
We then introduce the collection environment and the procedure of collection. Then, we

introduce data labeling and data synchronization in Section [3.3]
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3.1 Introduction

We thank Ph.D. student Gwyneth Ross and Ph.D. student Matthew Mavor from the
School of Human Kinetics and Master’s student Yufan Zhou from the School of Engineer-
ing for collaborating in collecting the data. The proposed dataset costs 29.1 GB of space
and includes 66839 frames; 12 people performed 38 actions. We divided the dataset into
a training set and test set by subject. The training set consists of 10 subjects, including
52562 frames, and the testing set consists of 2 subjects, including 14277 frames.
The details of the proposed dataset are shown in Tables [3.1], [3.2] and [3.3]

Table 3.1: The file size of the proposed dataset

Split  Frames Subjects Actions Depth Maps Labels
Train 52562 10 38 H5 (22.8 GB) H5 (24.0 MB)
Test 14277 2 38 H5 (6.2 GB) H5 (6.5 MB)

Table 3.2: Dimensions, attributes, and data types in the depth map H5 file

Key Dimensions Data Type Description

id (n,) uint8 Frame identifier of the form SSMMXXXXX, where
SS is the person’s ID number, MM is the motion
ID number, and XXXXX is the frame number.

data (n, 424, 512) float16 Depth map corresponding to a single frame. The

depth values are in real-world meters (m).

To see if there is a significant difference between the training and testing sets, we use
kernel density estimation, a nonparametric test method, to infer the data distribution
patterns of the training and testing sets. We divide the coordinate labels by dimen-
sion, tile them into a one-dimensional vector, and derive their estimated kernel density

distributions, as shown in Fig [3.1]
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Figure 3.1: Estimated kernel density distribution of our Kivi dataset.



Table 3.3: Dimensions, attributes, and data types in the label H5 file

Key Dimensions Data Type Description

id (n,) uint8 Frame identifier of the form SSMMXXXXX,
where SS is the person’s ID number, MM is
the motion ID number, and XXXXX is the
frame number.

coordinates (n, 18, 3) float64 Three-dimensional points (x, y, z) corre-
sponding to the location of each joint in real-

world millimeters (mm).

subject (n, 1) int8 Person’s ID number corresponding to a single
frame.

motion (n, ) int8 Motion ID number corresponding to a single
frame.

3.2 Data Collection

In this section, we describe the capture space and the recording conditions as well as the
software design consideration.

The capture region and the placement of the MoCap and TOF cameras are shown in
Fig[3.2l We captured the marker positions from 10 MoCap cameras and the depth data
from 1 TOF camera. The laboratory area is approximately 8m x 6m, and within it, we
obtained a region of approximately 4m x 5m as the efficient and valid region according
to the valid detected range of the TOF camera. The 10 MoCap cameras were suspended
above the laboratory, 2 of them on each of the left and right sides, 2 of them on each of
the front and back sides, and 2 at the middle top. The control station was at the back
of the laboratory. The TOF camera was set up on a tripod that was 1.5 meters high
and was set in front of the control station.

The reflective markers attached to the designated body parts of the subjects were

used to record three-dimensional coordinates and trajectories with the MoCap cameras.
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Figure 3.2: Floor plan showing the capture region and the placement of the TOF and

MoCap cameras

We also put three markers on the TOF camera for computing the relative coordinates
of the markers on the subjects. The markers were initially labeled manually and were
automatically applied to all experiments.

We set up a server on a computer for retrieving data from MoCap cameras and
a client on another computer for retrieving data from the TOF camera. We did not
use the same computer for the two kinds of cameras because the TOF camera was not
compatible with the operating system of the computer, which has the license for the
MoCap cameras. The server and the client communicated with each other based on the
TCP/IP protocol. The overall system architecture was designed as shown in Fig. (3.3
Multiple components were implemented in the system to ensure the data were reliable
and easy to process during cleaning:

1) Transmission component: The transmission component establishes and maintains
the connection between the server and the client. The data and the control commands are
packaged and exchanged through the transmission component in an individual thread.

As the basis of the communication function of the system, the transmission compo-
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Transmission Component -— Transmission Component

Vicon Kinect

Figure 3.3: The overall system architecture of the Vicon-Kinect data collection system.
The solid lines in the figure indicate the data transmission path. The dashed lines in
the figure indicate indirect communication between the components, the data and the
control commands communicated through the transmission component. The system was

developed by Yufan and Jianquan.

nent is implemented based on the TCP /IP protocol and applies WinSocket APIs [19).

2) The timestamp component: The timestamp component counts the epoch time
since 1970.1.1 of the local machine in microseconds (ms). The timestamp is not only
used in recording the time of each frame but also plays a role in soft synchronization
during data cleaning.

The timestamp is the basis for data alignment. After the server and client establish a
connection, the first step is to obtain four timestamps to calculate the local time deviation
between the client and the server. A timestamp attaches to each frame regardless of
whether the data source is a moCap or TOF camera.

3) The frame receiver: Both the server and the client have a frame receiver in an
individual thread. The server receives the marker location data from the moCap camera
system. The client receives a depth map from the TOF camera. The data are combined
with the timestamp and storage into a struct and then pushed into a queue to wait for
retrieval by the file writer.

For retrieving data from the TOF camera, we apply Kinect SDK. For retrieving data
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from the moCap cameras, we apply Vicon Data Stream SDK.

4) The CSV/bin file writer: The file writer retrieves data from the data buffer queue
and writes the data into a CSV or bin file. The data from the moCap cameras are
organized as frames x the markers’ location matrix and are stored in a CSV file. The
data from the TOF camera are stored in a binary file by frame.

5) The start-stop component: The server and client must start and stop at the same
time, so the start-stop component is implemented in an individual thread controlled by
the server.

The whole procedure of data collection is as follows: First, Gwyneth and Matthew
calibrate the Vicon motion capture system and dress the participants in the Vicon suit
and markers. Then, they digitize the markers in order to digitize the table. When those
preparations are complete, the server issues the start command. After receiving the
command, the client waits for the soft-synchronized data. After that, the synchronization
mechanism computes the time offset between the server and the client. This time offset is
recorded at the head of each CSV file. Then, the two systems begin to retrieve and write
data until the server issues the stop command, and the two machines stop retrieving
data at the same time. The file writer continues to retrieve all the data in the data cache
and write it to a file for storage. Then, the system does not disconnect and waits for the

next start command.

3.3 Data Labeling

Data labeling is composed of two steps. The first step is to transform the original markers
into joints. The second step is to map the depth frame and the joints’ coordinates via

software synchronization.

3.3.1 Markers to Joints

Initially, the CSV files we obtain from the Vicon motion capture system contain the
spatial coordinates of the markers and timestamps. However, what we need are the

coordinates of the human body joints. We compute each joint’s coordinates by computing
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the average of some specific marker coordinates and generate new CSV files to store those
joint coordinates. The correlation between the markers and joints is described below.

In total, we have 78 markers on the subject’s body. However, not all of them appear
on the same subject. For example, we have four markers named “RFHD", “LFHD",
“RBHD", and “LBHD" attached to the subject’s head. We also have four markers
named “FHD", “RHD", “LHD", and “BHD" in another group. We use only four markers
to represent the head, so only a group of marker names was chosen. We compute the
location of the head by averaging the locations of the four markers. The same situation
occurs for the other joints, and every joint has two groups of markers. The markers are
used to calibrate and track body parts. The marker placement is shown in table [3.4]

As introduced above, the average of four markers gives the location of the head. Sim-
ilarly, the torso’s location is the average coordinates of two bones (X P,T'8) or a cluster
of markers (LBUL, LBUR, LBLL, LBLR). The shoulder’s location is the average of the
acromion (LAC, RAC) and the scapula (LSCAP, RSCAP). The hip’s location is the co-
ordinates of the iliac crest (LIC, RIC') or the average of (PVUL, PVLL, PVUR, PVLR).
The ankle joint’s coordinates are from the lateral malleolus (LANL, RANL) or the
marker on the back part of the feet. We use a toe joint in the skeleton to indicate the
frontal direction. The toe’s coordinate is from the first metatarsal bone (LM1, RM1)
or the marker on the front of the feet. The knee’s location is the average coordi-
nate of the lateral femur epicondyle (LK NL, RKNL) and the medial femur epicondyle
(LKNM,RKNM) or the center point of the line between the markers on the thigh
and the markers on the shank. The elbow’s location is the average coordinate of
the humerus lateral epicondyle (LELBL, RELBL) and the humerus medial epicondyle
(LELBM,RELBM), or the center point of the line between the markers on the thigh
and the markers on the shank.

After brute-force traversing all CSV files from the Vicon motion capture system
and converting the markers to joints, we obtain CSV files with joint coordinates and
timestamps. The joints are in the order of head, left foot, right foot, torso, left ankle,
right ankle, left hip, right hip, left shoulder, right shoulder, left wrist, right wrist, left
toe, right toe, left knee, right knee, left elbow, and right elbow. We label the depth
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Table 3.4:

Marker placement

Joint Placement Name
Front right/Front RFHD/FHD
Front left/Left LFHD/LHD
Head
Back right /Right RBHD/RHD
Back left /Back LBHD/BHD
Acromion LAC/RAC
Shoulder
Scapula LSCAP/RSCAP
Humerus Lateral Epicondyle LELBL/RELBL
Elbow | Humerus Medial Epicondyle LELBM/ RELBM
LUAPP, LUAPA, LUADA, LUADP, LFAPP,
LFAPA, LFADA, LFADP/ RUAPP, RUAPA,
Cluster: Middle, Lateral
RUADA, RUADP, RFAPP, RFAPA, RFADA,
RFADP
Wrist Hand LHAND/RHAND
Xiphoid XP
Torso T8 T8
Cluster:T10/T12 vertebrae LBUL, LBUR, LBLL, LBLR
Iliac Crest LIC/RIC
Hip
Cluster: Sacrum PVUL, PVLL/PVUR, PVLR
Lateral Femur Epicondyle LKNL/RKNL
Medial Femur Epicondyle LKNM/RKNM
Knee
Cluster: Middle; lateral side LTHPA, LTHPP, LTHDA, LTHDP/RTHPA,
on thigh RTHPP, RTHDA, RTHDP
Cluster: Middle; lateral side LSHPA, LSHPP, LSHDA, LSHDP/RSHPA,
on shank RSHPP, RSHDA, RSHDP
Lateral Malleolus LANL/RANL
Ankle
Back part of foot LFTB/RFTB
First metatarsal LM1/RM1
Toe
Front part of foot LFTF/RFTF
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Figure 3.4: Synchronization mechanism of the customized scheme

frames with joint coordinates when performing software synchronization.

3.3.2 Software Synchronization

We need clocks for various social activities. In the field of test and measurement, high-
precision timestamp signals represent the precise acquisition of physical processes and
affect subsequent analysis and processing. It is necessary to define the clock accuracy
according to different applications. When measurement data need to match a real event
or acquisition systems are not on the same network, absolute time is required. The
source of the absolute time can be the Precision Time Synchronization Protocol (PTP)
Grandmaster clock, a Network Time Protocol (NTP) server or a Simple Network
Time Protocol (SNTP) [30] server.

We synchronize the data by using a software strategy based on the customized clock
synchronization scheme referenced from the NTP for the reasons below.

1) The NTP and SNTP can achieve millisecond-level synchronization, which is not
sufficient for our requirements. Our moCap cameras operate at 240 Hz, and that fre-

quency is not stable. The customized scheme can achieve microsecond-level synchro-
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nization based on the C++ chrono module. The chrono module allows us to build a
synchronization implementation method that more precisely fits the requirements.

2) The synchronization mechanisms of the PTP and NTP are different. The PTP
is designed for correcting a clock on a slave device according to the master. Thus, the
clock offset is computed on the slave. The whole procedure requires four synchronous
messages, which is stable and secure but has a high time cost. The NTP needs only two
synchronous messages, and the final offset is computed on the chosen machine, which is
more flexible.

3) The NTP transmits messages using UDP/IP. To increase the stability and decrease
the complexity of the synchronization procedure, synchronization is performed once using
TCP/IP before the start of each trial.

As Fig. [3.4] shows, the synchronization starts after the start signal of the trial.
The server sends the local timestamp T1 to the client. When the client receives T1, it
immediately records the local timestamp T2. After waiting for 50 ms, the client records
the local timestamp T3 and sends it to the server. After receiving the message, the
server records the local timestamp T4. These four timestamps can be used to calculate

the time difference of the local time between the server and the client as follows:

=(Ty—T) - (13 - T3)

=(L-T) -3 (3.1)

(Ta—=T1)+(T53—T4)
2

4]
0
where 0 is the round-trip delay, 6 is the time offset between the client and the server,

and the time offset is the summary of the average time delay and the time error. Thus,

the timestamp of the client on the timeline of the server T can be backtracked as
T,=T.+06, (3.2)

where T, is the timestamp of the client on the timeline of the client.

The timestamp on the client is tagged on the data of the TOF camera, which operates
at 30 frames per second. The backtracked T, may not match any data of the moCap
cameras due to the difference in the absolute time between the two kinds of samples, as

shown in Fig. [3.5] Therefore, we use a nearest-search method (Alg{l]) to determine which
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Figure 3.5: Data alignment between the data of the TOF camera and the moCap system

frame of the marker location matches a given frame of the depth map. The method is
given a timestamp that is read from a binary file, an offset and marker data that is read
from the csv file. A specific frame from the Kinect is matched with the nearest frame
from the moCap system. The program traverses all of the binary file, which is classified
by subject and motion, obtains the marker locations from the nearest frame, and then
writes them as a hbpy raw dataset.

After we obtain the hbpy raw dataset, we perform data cleaning. In the raw dataset,
some markers do not have value because of occlusion or out-of-scope issues during data
collection. If such data were kept and used in training the neural network, it would mean
that the loss could not be backpropagated. We remove the invalid data by traversing all
of the data and checking whether each piece of data has the value NaN. Eventually, we

have a clean dataset as described in 3.1l
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Algorithm 1: Nearest search for the timestamp check

Data: Timestamp T, Offset O, Data from csv file D
Result: position, t

1 previous time PT := 0;

2 previous item PI := None;

3 foreach row in D do

4 item I := row;

5 read time step ¢ from row;

6 if T+ O <t then

7 if T+ O-P<t-T-0 then

8 for pos < 2 to length(PI) with step 3 do
9 position|marker index, 0] := PI|pos|;
10 position|[marker index, 1] := PI[pos+1];
11 position|marker index, 2| := PI|pos+2];
12 end

13 else

14 for pos < 2 to length(I) with step 3 do
15 position|marker index, 0] := I|pos|;

16 position[marker index, 1] := I[pos+1];
17 position|marker index, 2| := I|pos+2];
18 end

19 end

20 break;
21 end
22 PT = t;
23 PI:=1;
24 end

25 return position, t;
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Chapter 4

Pose Estimation Network

In this chapter, we introduce the hybrid models that estimate the 3D human pose from
a depth map. We first introduce our designed preliminary model in Section [£.1} Then,
we introduce an improved model for increasing the estimation accuracy and avoiding
the occlusion problem faced by the preliminary model in Section [£.2] Then, in Section
[4.3], we describe the joint loss that can be used to make the backpropagation update the

weights with multiple losses at the same time.
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4.1 Preliminary Model

The preliminary model is designed based on the pose estimation model in the state-of-
the-art paper [14] with a slight modification. To estimate the 3D human pose from a
depth map, a preliminary train of thought is to obtain the x and y coordinates as a 2D
pose estimation task. Then, the corresponding depth values of the pixels of the joints can

be retrieved and used as the z-coordinates. Next, we introduce the preliminary model.

4.1.1 Model Architecture

[14] proposed a network architecture containing a backbone network to extract features
and an adaptive weighting regression (AWR) method to aggregate dense representations.
This model uses depth offset maps as the in-plain feature, which is essentially computa-
tionally expensive. To make the architecture work with the 2D internal probability heat
map representation instead of the depth offset maps, we modify the AWR to soft-argmax
and include the dot product for the generation of z-coordinates. The model’s details are
described below.

We designed the model from the inspiration of the 2D pose estimation and the char-
acteristics of the depth map, as shown in Fig. {.Il The model has a main pathway to
estimate the 2D heat map of each joint. We take the dot product of the depth image and
each upsampled heat map to obtain the approximate z-coordinates. The z-coordinates
generated by this operation are greatly impacted by points that occlude the target joint;
thus, the model is suitable for application scenarios without occlusion. The x-coordinates
and y-coordinates are computed by soft-argmax. After the three coordinates are con-

catenated, a linear layer maps them into real-world coordinates.

4.1.2 Feature Extractor

The purpose of our feature extractor is to extract high-dimensional features of size (N x
256 x 64 x 64) from a depth image of size (N x 1 x 256 x 256), where N is the batch
size. The architecture of the feature extractor is shown in Fig. 1.2l It is composed of
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Depth image Feature extractor Pose estimation module  Coordinates regression module 3D pose

Dot Product

I:l Conv I:I Residual module |:| Soft-argmax layer . Linear layer DG Hourglass module

Figure 4.1: Overall network architecture diagram of the preliminary model.

a convolutional layer followed by three residual modules. There is only one maxpooling
operation between the first residual module and the second module to shrink the feature

size.

4.1.3 Pose Estimation Module

Our pose estimation module is composed of an hourglass module that was designed
relative to the encoder-decoder architecture and a convolutional layer for restructuring
the features. The output of the pose estimation module is a set of heat maps of joints.
Fig. [£.3] shows the details of the pose estimation module.

We build a 4-stage hourglass module with 14 residual blocks, 4 maxpooling layers
and 5 upsampling layers. The output feature’s size is (N x 256 x 64 x 64), which is the
same as that of the output of our feature extractor. To generate the heat maps of the
joints, we design convolutional layers behind the hourglass module to mutate the channel
of the feature from 256 to the number of joints K so that the final feature has a size of
(N x K x 64 x 64). Each channel of the feature is a heat map of a corresponding joint.
In the preliminary model, the heat maps correspond only to the x and y dimensions of

the depth image.
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4.1.4 Coordinate Regression Module

To obtain the estimated z-coordinates, we upsample the heat maps from the pose esti-
mation module by the nearest interpolation from a size of 64 x 64 to the size of the depth
map 256 x 256. Then, we manipulate the dot products on each heat map and the depth
map to obtain the estimated z-coordinates. The soft-argmax layer computes the x- and
y-coordinates from the heat maps. Thus far, the x- and y-coordinates are values that
are normalized to (—1,1), and the z-coordinates are the expectation of the depth. To
map them into the space of the real world, we concatenate the x-, y- and z-coordinates

and linearly transform them with a linear layer.

4.2 An Improved Model

The preliminary model provides a space-efficient solution for 3D human pose estimation.
Nevertheless, the estimation accuracy is not satisfactory since the model has a small
capacity and the depth information is concealed by the foreground points. We propose
an improved model in this section to obtain a satisfactory estimation result and solve

the occlusion problem.

4.2.1 Model Architecture

The main part of our module is based on the hourglass module introduced in the re-
lated work. The network first extracts the input depth map as high-dimensional features
through a convolution layer and three residual modules, which is the same as the prelimi-
nary model. Then, these high-dimensional features pass through three parallel hourglass
structures with the same structure to generate three heat maps. These three heat maps
are used in combination to calculate the expected value along the corresponding coordi-
nate axis following the equation [4.1] These three heat maps are transformed into three
expectations along different coordinate axes through a soft-argmax layer. Finally, these
three expectations are linearly mapped to the world coordinate system. The overall

network architecture diagram is shown in Fig. [4.4]
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Figure 4.4: Overall network architecture diagram.

4.2.2 Pseudo-3D Soft-argmax

As introduced in the related work, three heat maps from three views can represent a
voxel heat map. In [33], the argument of the maxima yu, and p, are computed using
only H@ because the input image does not include depth information. The accuracy
of the heat maps H@?) and H®) is relative to only the z-coordinates.

However, in addition to p, and p, calculated from H@ | the expectations of H(?)
along the x-axis and HG along the y-axis are p, and p,, respectively. If we compute the
argument of the maxima as the average of the u from two heat maps in the supervised
network, this value can ultimately improve the accuracy and relevance of the heat maps.
In theory, the expectations on the same axis of the two heat maps should be the same.
We strengthen the connection between the three heat maps by computing the arithmetic

mean of the expectation as:

JTES %(< [:[(xy) >+ < ]:[(m’) T, >)
My:%(< ﬁ](Zy).Ty>+<]:](xy).Ty >) (41)
Wy = %(< f{(zy) T, >+ < [:[(903) T, >)
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Algorithm 2: Gaussian distribution heat map generator
Input:mean p, size, o

Output:Gaussian-distributed heat map G
Denote the first value F' as —(size — 1)/size
Denote the last value L as (size — 1)/size
Generate the coordinate matrix M of size by a 2D linspace from F' to L
Compute the Gaussian distribution matrix G with exp(—(M — u)?/(20?))

Normalize the matrix G' by dividing by the summation of the matrix itself.

4.3 Joint Loss

For the regression tasks in deep learning, the Euclidean distance is widely used to com-
pute the distance between the target values and the predictions. Thus, a straight solution
is used to measure the distance between the estimated coordinates and the ground truth.
Minimizing the distance in the training process eventually brings the estimated results

close to the ground truth. The Euclidean loss function is given in Equation below:

(4.2)

where ¢ represents the estimated value and y represents the target value.

The Jensen-Shannon divergence (JS) |7] measures the similarity between two proba-
bility distributions. To ensure that the heat maps in the network can be constrained to
the Gaussian probability distribution, we calculate the pixelwise Jensen-Shannon diver-
gences between the network-generated heat maps and the ideal heat maps computed from
the coordinates. We compute the Gaussian distribution heat maps from the ground-truth
coordinates following Algorithm [2] below.

Before generating the ground-truth heat maps, the paramount prepossessing step
on the ground-truth coordinates is normalization. Each dimension of the coordinates
is normalized to the open interval (—1,1). For the preliminary model, only the x and

y dimensions are considered to generate heat maps; thus, the JS loss function can be
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described as follows:

Drr(p | ¢) = XN, p(a) - (log p(;) — log q(a;))

(4.3)
EJS =0.5- DKL(p H p#) +0.5- DKL(C] H p#)

where p is the heat maps generated from the network and ¢ is the ground-truth heat
maps that are generated by performing Algorithm
For the preliminary model, the total loss used is determined by Equation [4.4}

L=LM+ L] (4.4)

For the improved model we introduced above, we compute the JS loss for each view

of the heat maps. Thus, the total loss used is determined by Equation

Lo=LMA+ (LI + L1+ L7, (4.5)
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Chapter 5

Experiments and Results

In this chapter, we present the details of the experiments of our work to verify the
proposed models on the side view of the ITOP dataset and Kivi dataset. In Section [5.1]
we report the preparation of the data process for compatible loading into the network.
We introduce the environment configuration in Section and the evaluation criterion
in Section [5.3] We report the details of the training parameters in Section [5.4] including
the parameters of the optimizer, the initialization of the network, the pivotal parameters
for the internal feature maps and the generated poses. Then, in Section [5.5, we describe

the evaluation of 3D pose estimation for two models on the side view of the ITOP dataset
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and Kivi dataset and the accelerated results using ONNX in the Caffe 2 and TensorRT

frameworks.

5.1 Data Preparation

We evaluate our models on two datasets: one is the side view of the ITOP dataset, and
the other is our proposed Kivi dataset. We introduce the preparatory procedures for the

two datasets as follows:

e [TOP dataset: For the depth images, the original size is 240 x 320, which does
not fit our model’s input size requirement, which should be 256 x 256. We crop 32
columns horizontally on each side of the images and add 8 rows of zeros above and

below the images. For the labels, the manipulation used to resize the images does

[ 340 |

240

Figure 5.1: The resizing manipulation of the depth map of the ITOP dataset.

not affect the real-world 3D coordinates. In the coordinates of the ITOP dataset,
the x- and y-coordinates have a linear relationship with the row and column indexes
of the depth map, and the z-coordinate is the depth dimension of the depth map.

Based on the above two considerations, we do not mutate the coordinates.
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To generate the Gaussian distributed heat maps when computing £7°, we normal-

ize the coordinates to (—1,1) using the following Equation [5.1}

Yoormed = (Y +1.7)/2.7 % 2 — 1 (5.1)
Znormed = (Z - ]-8) -1

Kivi dataset: For the depth images, the original size is 424 x 512. We resize the

image to 256 x 256 using bicubic interpolation.

For the labels, similar to the ITOP dataset, the resizing manipulation does not
affect the real-world 3D coordinates in the Kivi dataset. However, we use the
Cartesian coordinate system in the Kivi dataset, which indicates the positive di-
rection of the Z-axis as being up. To ensure that the coordinate systems of the

datasets are consistent, we first convert the coordinates using Equation [5.2) below.

KXeonvert = 4.1 =Y
chom)ert =27 (52)
Zcom)ert =33-X

The converted coordinates are eventually used as the ground-truth coordinates.

We normalize the converted coordinates to (—1,1) and compute £7° using the

following Equation [5.3}

Xpormed = (X — 1.96)/3.4x 2 — 1
Yyormed = (Y 4+ 0.003)/2.4 x 2 — 1 (5.3)
Znormed - (Z - O78)/42 X 2 — 1

5.2 Environmental Configuration

We perform data cleaning and network training on the same platform, which has the

following detailed configuration: The operating system on the platform is 64-bit Ubuntu
18.04.3 LTS. The machine has an Intel i7-9700K CPU, 62.7 gigabytes of memory and

dual GeForce GTX 1080 Ti GPUs. To implement and evaluate the neural network, we
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deploy the programs with PyTorch 1.3.1 on Python 3.6.9. The CUDA compilation tool
version is 10.1.243.

5.3 Evaluation Criterion

In this section, we introduce the evaluation method we use to gauge the precision. Sup-
pose we have N subjects Sy, .95, ...,.5, and that each subject has K joints Jy, Js, ..., Ji to
indicate the pose. The accuracy of each joint is restricted by a threshold, as shown in
Fig [5.2 We compute the Euclidean distance between the coordinates of the estimated
joint (Z,7, 2) and those of the ground truth (z,y, z). If the distance is smaller than the
prescribed threshold, we record the estimated joint as correct. The overall mean average

precision (mAP) is defined in Equation [5.4}

22[21 e(threshold — /(2 — x)% + (Uk — &) + (Zk — 21)2)

where mAP;, is the mAP of the kth joint and () is the step function. Then, the total
mAP of all the joints is given by Equation [5.5}

25:1 mAP,

AP —
m K

(5.5)
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& Ground-truth

@ Estimated Joint

threshold

y"

Figure 5.2: The threshold determines whether the estimated result is acceptable. If

d < threshold, we say the estimated joint is acceptable.

5.4 Training Parameters

In this section, we describe the parameters we establish for training the proposed model.
We use the Adam optimizer [21] with learning rates o = 0.0005, 5; = 0.9, and fy =
0.999 and a batch size of 16 for a mini-batch. The parameters set for the optimizer do
not affect the estimation precision but impact the convergence speed when training, as
recommended by [21]. We initialize the weights in the convolutional layer and the linear
layer with the Kaiming initialization |11]. For the ground truth of the heat maps, we
set 0 as 1. The number of classes indicates how many joints are used to represent the
skeleton in the specific dataset. This parameter affects the shape of the heat map tensor
and the number of neurons in the final linear layer. All the training parameters are

shown in Table [5.1]
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Preliminary Improved
Preliminary Improved
Parameters model on model on
model on Kivi | model on Kivi
ITOP ITOP
Optimizer Adam Adam Adam Adam
Learning rate « 0.0005 0.0005 0.0005 0.0005
B1 0.9 0.9 0.9 0.9
5o 0.999 0.999 0.999 0.999
o 1 1 1 1
Num of classes 15 15 18 18

Table 5.1: The training parameters for the four experiments.

5.5 Experiments

In this section, we present experiments that include the training and evaluation of two

models separately on the two discussed datasets.

5.5.1 Models on the ITOP dataset

To compare the performance of the proposed approach with state-of-art methods, we
train our preliminary model and our improved model on the side view of the ITOP

dataset and gauge the mAP with a threshold of 10 cm.

450 450
— train loss — train loss
400 7 valid loss 400 7 valid loss
350 1 350 1
300 4 300 +

250 250 1

loss
loss

2004 200

150 4 150 §
100 4 100 4
50 50

0 T T T T T 0 T T T T T
4] 20 40 60 80 100 0 20 40 60 80 100

epoch epoch

(a) The loss curve on the preliminary model (b) The loss curve on the improved model

Figure 5.3: The loss of training and validation on the ITOP side-view dataset.
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The loss curve in Fig[5.3|shows that the preliminary model converges on the validation
set in 20 epochs. However, continuous training results in overfitting. The improved model
can continue learning until approximately 70 epochs. We compute the m AP on each part
of the body and on the full body and then plot the mAP for different error thresholds
in Fig When we increase the error threshold from 0 meters to 0.8 meters, the mAP
of each joint increases and then becomes flat. By comparing the curves from the two
models, we find that the improved model has curves that increase faster. We compare
the mAP at 10 cm with the state-of-the-art value, which is shown in Table .2 The
results show that our improved model beats the other approaches on the mAPQ10cm
value for the full body, which is due to the significant improvement of the lower body
precision.

To display the estimated results, we design a user interface, as shown in Fig[5.4]

Pose Monitor v1.0
image id:9.8492e-319

Depth

3D Pose

Ood
05
-68
25
-1.0
] o
T8y 28 30
x P04 z
x z
joint name | X, ¥, z (m) | groundtruth x, y, z (m) |
Head [0.02796108 0.50756145 2.87115312] [0.03439331 0.52050781 2.9140625 ]
Neck [0.01087881 0.25866807 2.94245219] [0.01224518 0.26293945 2.97460938] — Head
R Shoulder [-0.16374195 0.27572507 2.93889594] [-0.16064453 0.27148438 2.98632812] 5] [Hea =
L Shoulder [0.17418775 0.26095301 2.93872166] [0.18518066 0.25463867 2.9609375 ]
R Elbow [-0.38199055 0.03256492 2.91211057] [-0.31689453 0.07080078 2.98046875] begin
L Elbow [0.32047069 0.01240395 2.92287445] [0.37866211 0.03491211 2.99414062]
R Hand [-0.48967156 -0.02431937 2.68885374] [-0.42431641 -0.03604126 2.80273438]
L Hand [ 0.3933998 -0.21218921 2.75485158] [ 0.41552734 -0.08361816 2.64257812] last
Torso [-0.00974209 0.03441846 2.98851418] [0.0016346 0.02359009 2.98632812]
R Hip [-0.14392039 -0.19553974 3.03937888] [-0.11883545 -0.21057129 3.0078125 ] next
LHip [0.080245 -0.20243686 3.05148625] [ 0.10089111 -0.22119141 2.9921875 |
R Knee [-0.16295442 -0.69136816 2.97990775] [-0.1472168 -0.72509766 2.9921875 ]
L Knee [ 0.08577909 -0.70030791 2.9752667 ] [0.1137085 -0.74658203 3.02148438]
R Foot [-0.19933936 -1.11689913 3.12012506] [-0.15039062 -1.171875 3.12109375]

I Foot

Figure 5.4: Pose monitor designed to display the estimated result.

[ 0.05599753 -1.13627148 3.11653209]

[ 0.0690918 -1.19433594 3.130859381
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Figure 5.5: The percentage of successful joints for different error thresholds on the side

view of the ITOP dataset.
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Body Part | RTW | RF | IEF | VI | Preliminary | Improved
Head 97.6 | 63.8 | 96.2 | 98.1 83.93 96.44
Neck 95.8 | 86.4 | 85.2 | 97.5 89.01 97.81

Shoulders 94.1 | 83.3 | 77.2 | 96.5 76.36 94.43

Elbows 77.9 | 73.2 | 454 | 73.3 46.33 68.98
Hands 70.5 | 51.3 | 30.9 | 68.7 22.36 50.75
Torso 93.8 | 65.0 | 84.7 | 85.6 88.33 97.00
Hips 80.3 | 50.8 | 84.7 | 85.6 68.70 88.24
Knees 68.8 | 65.7 | 81.8 | 69.0 72.91 87.97
Feet 68.4 | 61.3 | 80.9 | 60.8 60.25 80.20
Upper Body | 84.8 | 70.7 | 61.0 | 84.0 57.88 77.82
Lower Body | 72.5 | 59.3 | 82.1 | 67.3 70.29 87.12
Full Body 80.5 | 65.8 | 71.0 | 77.4 63.67 82.16

Table 5.2: Comparison between our models and the state-of-the-art methods for the

mAP at the 10 cm error threshold. The precision data of the state-of-the-art methods

are from |9
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5.5.2 Models on the Kivi dataset

We also trained our models on our proposed dataset, which has 3 more joints and includes
more noise than the ITOP dataset; thus, it should be more challenging.

The loss curves (Fig show that both models can converge in 20 epochs. The mAP
at 10 cm over different thresholds is shown in Fig[5.7 Similar to the ITOP dataset, the
models have the lowest mAP on the hand (wrist) joint. This is because the hand (wrist)
joint has a low dependency on the other joints and occupies few pixels in the picture.

We digitize the mAP at 10/15/20 cm in Table to observe the change in accuracy
of the two models for different error thresholds. The accuracy increases rapidly between
10 cm and 20 cm. The mAP at 20 cm is approximately 53% higher than the mAP at 10

CII1.

450 450
— train loss — train loss
400 1 valid loss 400 7 valid loss

350 + 350 1
300 300 o

250 250 1

loss
loss

2004 200 4

150 A 150 -
100 4 100 4
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0 10 20 30 40 50 60 70 80 0 10 20 30 40 50 60
epoch epoch

0

(a) The loss curve of the preliminary model (b) The loss curve of the improved model

Figure 5.6: The loss of training and validation on the Kivi dataset.

Fig. [5.8 shows the successful cases when estimating the 3D human pose on the Kivi
dataset, while Fig. [5.9 shows the failure cases. In failure case (a), the model incorrectly
estimates the y-axis coordinates of the upper body. We can see that the estimated upper
body is slightly higher than the ground truth. This is due to the small number of ground
motions in the dataset; the model implicitly thinks that the upper body of the person
should appear higher. For the second failure case (b), we can see that the right hand is
not estimated well. This is because of the occlusion in the depth image. In the third

failure case (c), the estimation fails on two hand positions and the z-coordinates of other
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Figure 5.7: The percentage of successful joints for different error thresholds on the Kivi

dataset.
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Model Preliminary Improved

Threshold | 10 cm | 15 ¢cm | 20 cm | 10 ecm | 15 em | 20 ¢cm
Head 58.21 | 79.54 | 89.43 | 66.76 | 82.47 | 90.20
Feet 45.50 | 65.26 | 78.24 | 51.04 | 67.96 | 78.18
Torso 65.31 | 84.64 | 92.86 | 66.66 | 83.98 | 90.68

Ankles 48.68 | 65.54 | 76.98 | 51.80 | 67.26 | 77.33
Knees 45.50 | 73.43 | 85.93 | 54.51 | 75.48 | 84.69
Hips 54.67 | 80.32 | 90.95 | 60.90 | 81.93 | 90.72
Shoulders | 56.82 | 77.40 | 87.95 | 62.19 | 81.10 | 88.34
Elbows | 40.42 | 66.71 | 81.46 | 55.88 | 75.77 | 85.87
Wrists 19.62 | 41.61 | 61.10 | 33.55 | 57.22 | 72.24
Toes 46.48 | 64.03 | 74.45 | 48.95 | 64.50 | 74.75
Mean 46.61 | 68.49 | 80.91 | 53.95 | 72.72 | 82.51

Table 5.3: The mAP of two models on the Kivi dataset for three thresholds.

joints.
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Figure 5.8: A successful estimation result on the Kivi dataset. From left to right are the
depth image, the heat map of the head joint, and the 3D pose. The red pose represents

the ground truth, and the blue pose represents the estimated result.
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truth, and the blue pose represents the estimated result.
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5.5.3 Runtime Analysis

For 3D human pose estimation in application scenarios, the model should run in a real-
time environment. We test our improved model with the three different frameworks to
gauge the runtime frames per second and see whether the model can run in real time.
We load the model into the GPU’s memory in advance and load the weights we had
trained. We set the batch size to 1 when testing so that the model runs on only one
GPU and processes only one frame of input data at a time. We use this method to
simulate the performance of the model in real-time data processing online. The data
used in this experiment are all from the test set of our Kivi dataset, which has a total
of 14,277 frames. The frame rate is calculated after all the data are used and is divided
by the total running time. All three experiments are run on an Nvidia 1080Ti GPU.

The first framework is PyTorch [36], where we design, train and validate our model.
Many factory-level applications do not deploy AI applications on PyTorch because it does
not make any optimizations for deployment. The frame rate of our model on PyTorch
is used as the benchmark for this experiment.

The second framework is Caffe2 [17]. Caffe2 integrates many emerging algorithms and
models based on Caffe, which strengthens the framework’s ability to deploy lightweight
hardware platforms, thereby helping developers to deploy AI models on mobile devices
and to quickly and accurately handle related analysis tasks. Pytorch’s model requires
transformation to use Caffe2 for forward inference. There are roughly two ways to
perform this transformation. The first way is to rewrite the code of the model in the
Caffe2 framework and then load the trained weight parameters into the written model.
The second way is to convert the PyTorch model to an intermediate model called Open
Neural Network Exchange (ONNX) and assign the weight parameters and then use
Caffe2 to read the ONNX model for forward inference. Clearly, the second method is
more convenient and faster to deploy.

The third framework is TensorRT [34] SDK, which was developed by Nvidia for
optimizing a trained neural network on a GPU. The specific optimization method is

shown in Fig. [5.10, For importing the Pytorch models into TensorRT, there are the
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same two possible schemes as for importing them into Caffe2: one is to build a neural

network directly in TensorRT, and the other is to import the model through the ONNX

model.
Layer & Tensor Fusion
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. l : TN“”:"W:I“’. L TensorRT Runtime
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Figure 5.10: Optimization method of TensorRT for neural networks. [34]

Pytorch supports a dynamic computational graph. For example, we do not need to
fix the shape and dimension of a certain tensor; it is automatically calculated by Pytorch
during training. This feature greatly simplifies the workload of model modification in
the design stage. However, when we migrate the model to TensorRT, we must modify
all the dynamic computational graphs to static computational graphs. We must check
that all the layers we use are supported by TensorRT and ONNX.

Fig. shows the frame rate for the three frameworks we introduced above. A
well-functioning Kinect can achieve a transmission frame rate of 30 fps or 60 fps. From
the experiments, we find that due to the bloated model structure and the large number of
parameters, real-time operation cannot be achieved on PyTorch or Caffe2 (only a single
Nvidia 1080Ti GPU is used as the running configuration). On TensorRT, even if Kinect
transmits a depth map at a maximum frame rate of 60 fps, the model can generate an
estimated pose in real time.

This experiment is independent of the dataset because the inference efficiency of

the model is related only to the model. Therefore, we can compare the 3D human pose
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TensorRT

Caffe2

PyTorch 10.5

Figure 5.11: Runtime tests on the improved model for the three frameworks. The

numbers on the bar are in units of FPS, and higher values are better.
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estimation method that uses ITOP as the validation dataset. In the previous experiment
on the ITOP dataset [5.5.1 the mAP@10cm of our improved model was slightly higher
than that of the state-of-the-art method VI |9] and the random tree walk (RTW) [49).
In terms of accuracy, our method does not comprehensively outperform VI and RTW
because there are still some joints with lower accuracy than those of VI and RTW.
However, in terms of the frame rate, VI takes 1.6 seconds to calculate each frame with
10 iterations, and RTW takes 0.1 seconds. [9] did not describe the equipment they used

to test the runtime frame rate.
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Chapter 6

Conclusions

6.1 Conclusions

In this thesis, we investigate the existing depth image datasets and CNN-based models
for 3D human pose estimation. The existing datasets consist of everyday movements and
do not contain rapid or large-scale movements. Therefore, the models trained from these
datasets are not suitable for physical education. The existing models with depth maps as
input can be divided into three categories: end-to-end models, heat map-based models,

and hybrid models. End-to-end models perform direct regression from the depth image to
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coordinates, making it difficult to reach high precision. Heat map-based models generate
heat maps for each joint and then process them into coordinates, which is unfriendly to
model deployment. Hybrid models use heat maps as intermediate features and perform
regression to coordinates using soft — argmazx.

Therefore, in this thesis, we first propose a 3D human pose estimation dataset called
the Kivi dataset to address the lack of single-person large-scale movements in exist-
ing datasets. This dataset contains only the depth maps collected by Kinect, the joint
coordinate values collected by the Vicon motion capture system, and the action num-
ber. Therefore, this dataset is only suitable for 3D human pose estimation and action
recognition tasks with depth images as input.

We then design a preliminary model based on a state-of-the-art model to first estimate
the xy-coordinates of joints and then extract the depth of the corresponding pixels from
the depth image according to the xy-coordinates. However, due to occlusion, this method
is only effective for joints that are not occluded. To solve the occlusion problem, we design
an improved model. The improved model extracts the depth map as three heat maps for
each key point. These three heat maps are projections of the 3D volumetric heat map on
three faces. Then, the coordinates are computed by soft —argmax from the heat maps.
As the coordinates are calculated, the coordinates of each axis are obtained from the
average of the calculation results of the two heat maps. Therefore, the coordinates of one
axis can affect the branches of two heat maps at the same time during backpropagation.
The preliminary model on the side view of the ITOP dataset reaches 63.67% mAP at
10 c¢m, whereas the improved model obtains 82.16%. The two models are trained and
tested on the Kivi dataset. The preliminary model obtains 46.61% mAP at 10 c¢m, and
the improved model obtains 53.95%. To verify that the improved model can be deployed
in real time, we simulate the online environment and find that the model can work at

65.89 FPS with the TensorRT framework on an Nvidia 1080 Ti GPU.

6.2 Limitations and Future Work

This study has potential limitations.
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First, the proposed dataset contains only depth images and annotations for the joint
locations. In contrast to popular datasets for human pose estimation tasks, such as the
ITOP dataset, our dataset does not have pixel-level segmentation for the background
and foreground or point clouds. We can improve this in subsequent studies by manual
labeling or by adopting a machine learning algorithm.

Second, the depth images in the Kivi dataset contain noise due to both the Vicon
camera and Kinect emitting infrared light and capturing the reflected infrared. Some
studies have made efforts to fill the hole-like noise on the depth images captured from
the Kinect. Similar work can be classified as depth image denoising.

Finally, in contrast to 2D pose estimation for color images, the current study can
only estimate the pose of a single person from the depth map. Addressing this problem
involves building up a dataset containing multiple people in a single depth image, which
is challenging in laboratory conditions. For tasks related to rehabilitation and physical
training, multiperson pose estimation is meaningless. We suggest that the focus of
research should be on 3D pose estimation from color pictures, and the problem of optical

blur can be solved by building a new dataset with high-framerate cameras.
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