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Abstract

This thesis focuses on solving a challenging problem in the eld of computer graph-
ics, namely to model and understand 3D human motion e ciently and meaningfully.
This is vital to achieve the analysis (health & sports science), synthesis (character
animation) and control (video game) of human movements. Though numerous stud-
ies have focused on improving the results of motion analysis, motion synthesis and
motion control, only a few of these studies solved the problems from the fundamental
part owing to the lack of information encoded in motion data.

In my works, the motion of human was divided into the three types, namely
single human motion, multi-people interactions and crowd movement. Subsequently,
| solved the problems from motion analysis to motion control in di erent types of
motion.

In the single human motion, two types of motion graphs on the motion sequence
were proposed using Markov Process. The human motion is represented as the
directed graphs, which suggests the number of action patterns and transitions among
them. By analyzing the graphs topologies, the richness, transitions exibility and
unpredictability among di erent action patterns inside the human motion sequence
can be easily veri ed. The framework here is capable of visualizing and analyzing
the human motion on the high level of action preference, intention and diversity.

For the two people interaction motion, the use of 3D volumetric meshes on the
interacting people was proposed to model their movement and spatial relationship
among them. The semantic meanings of the motions were de ned by such relation-
ship. A customized Earth Movers Distance was proposed to assess the topological
and geometric di erence between two groups of meshes. The above assessment

captured the semantic similarities among di erent two-people interactions, which is



iv

consistent with what humans perceive. With this interaction motion representation,
the multi-people interactions in semantic level can be retrieved and analyzed, and
such complex movements can be easily adapted and synthesized with low computa-
tional costs.

In the crowd movement, a data-driven gesture-based crowd control system was
proposed, in which the control scheme was learned from example gestures provided
by dierent users. The users gestures and corresponding crowd motions, repre-
sentable to the crowd motions properties and irrelevant to style variations of gestures
and crowd motions, were modelled into a compact low dimensional space. With this
representation, the proposed framework can take an arbitrary users input gesture
and generate appropriate crowd motion in real time.

This thesis shows the advantages of higher-level human motion modelling in
di erent scenarios and solves di erent challenging tasks of computer graphics. The
uni ed framework summarizes the knowledge to analyze, synthesize and control the

movement of human.
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Chapter 1

Introduction

The modelling and the understanding of 3D human motion have become important
research topics in the eld of computer graphics. 3D human motion has been widely
applied in CGI movies, video games, sports training and physical recovering for
the disabled. This is the fundamental component to synthesize, real-time control
and analyze human movement. An overall picture of human motion modelling and
understanding in computer graphics is given in Fig 1.1.

In the entertainment industry, the production of high-quality animations in CGI
movies and video games relies on the realistic motions on the anthropomorphic &
humanoid character and the proper interactions among multiple characters [1{3].For
instance, in the video games, e.g., Assassins Creed and Grand Theft Auto, the most
attractive part is that the protagonist can be conducted to do some realistic motions
and interact with those virtual characters inside the game by players based on their
control and analysis. There are similar situations in CGl movies (e.g. Avatar). In
sports and health science, a candidates motion is captured and analyzed so that the
diagnosis can be provided to the candidate to improve his/her motion in sports and
rehabilitate his/her body [4,5]. Modelling and understanding human motion in the
semantic level can better achieve such tasks.

Though numerous studies have been conducted on human motion synthesis and
analysis, most of them focused on low level motion features (e.g. position, velocity,
acceleration and torque on each joint of human body). As a result, many manual

work are required to understand/represent the semantic meaning of human motion

2



1.1. Motivation on This Research 3

and synthesize multi-character with complex interactions. This chapter brie y intro-
duces the techniques in motion analysis and synthesis and highlight the di culties
to achieve such tasks. Subsequently, three problems to be addressed in this thesis

are introduced, and the summary of our research is made.

Figure 1.1: Human motion modelling and understanding in computer graphics.

1.1 Motivation on This Research

Human body structure and motion data are usually formatted into a hierarchical
skeletal model in computer graphics Fig 1.2. The body dimension is shown as
the joints and bones length, and the motion is represented by the translation and
rotation data of each joint at each frame [6].Based on the mentioned information,
human motions can be rendered and visualized using the character model, and the
intrinsic kinematic and dynamic properties of the motion can be presented. As the
Motion Capture technologies are advancing, natural and realistic human motions can
be easy to record and edit for motion analysis and synthesis. However, as the motion
analysis and synthesis problems are becoming increasingly complex, extracting the
latent information of the movement will be more meaningful. Besides, the mentioned

information is not encoded in the motion data. According to the relevant research in
3



1.1. Motivation on This Research 4

recent years [7{12], modelling human motions in the higher level is vital to improve

the motion analysis, action recognition and motion synthesis tasks.

Figure 1.2: Hierarchical skeletal structure of human model and it's motion data

in computer graphics.

In the sports motion analysis, it is critical to assess the high-level skills of motions
rather than low-level kinematic details of the movement (e.g. speed and strength).
For instance, in the boxing training, a boxers skill is assessed by the richness of
attacking/defending actions, exibility of transitions between attacking and defend-
ing, as well as the unpredictability of these action patterns. Such information is
often used to assess the skill level of a boxer, and it is di cult to be achieved only
by analyzing the kinematics information of the movement. Similar principle can be
adopted to many other sports (e.g. basketball, football and fencing).

Considerable interactions are involved in the human daily movements. The im-

portant semantic meaning of many motions is de ned by the information of these

4



1.1. Motivation on This Research 5

interactions. For instance, in the scenarios shown in Fig. 1.3, these sitting motions
might be considered di erent from each other because of their di erent postures. In
human perception, these motions are considered the same type because they share
the similar semantic meaning of a person is sitting on a chaif. This high-level se-
mantic meaning of the sitting motion is implied by the spatial relationship between
the person and the chair. Such an implicit spatial relationship helps to capture the
semantics of motion, and it is unlikely to be extracted only based on human motion
data. This rule can be generalized to most types of human-object and multi-people
interaction motions. During the process of the motion retrieval and action recogni-
tion, introducing such spatial relationship into the system can improve the retrieval
performance and recognition accuracy. For the motion synthesis, modelling such
spatial relationship can e ciently avoid the collision and prevent output the an-
imation from those artefacts (e.g. penetration of body parts between interacting

characters).

Figure 1.3: Di erent styles of sitting motions.

During the crowd simulation, people tend to prioritize the overall crowd behavior
rather than the movement of each individual in the crowd. For instance, in the video
game Total War series, one of the important features is to let the player to intuitively
control thousands of troops for di erent purpose (e.g. attacking, marching, changing
formation and retreating). For this end, crowd motion is always modelled as an
entity, and the control schemes are designed on the top of it. Besides, the motion
pattern of the crowd is hard to learn directly from the human motion data.

Here comes the common problem in the above three topics: learning an intuitive
way to visualize and represent and/or synthesize (multi-) character interaction in a
data-driven manner. The major motivation here is to explore the row motion data
of characters movement and nd the semantic level latent information of characters

5



1.2. Problem De nition and Proposed Solution 6

motions and interactions among. Next, this information is applied to the tasks of
motion analysis/retrieval, synthesis and control to improve the output results.

In general, to model human motion in a meaningful way, so that the knowledge
can be generalized to motion synthesis, motion analysis and action recognition.
The present thesis emphasizes the methods of modelling human motion on di erent
application elds of computer graphics, and then produce high-quality scenes up to
the industrial criteria (e.g. motion analysis according to human perception, accurate
motion retrieval in complex interactions and simple/intuitive motion synthesis and

control).

1.2 Problem De nition and Proposed Solution

In this section, the following three problems to be solved in the thesis are de ned,

and the proposed solutions to tackle the problems are briefed.

1.2.1 Skill Level Sports Motion Analysis

Automatic assessment of sports skills has been an active research area. However,
most existing studies focus on low-level features e.g. movement speed and strength.
In this work, we propose a framework for automatic motion analysis and visual-
ization, which allows us to assess high-level skills e.g. the richness of actions, the
exibility of transitions and the unpredictability of action patterns. The core of

our framework is the construction and visualization of the posture-based graph that
focuses on the standard postures for launching and ending actions, as well as the
action-based graph that focuses on the preference of actions and their transition
probability. We further propose two numerical indices, the Connectivity Index and
the Action Strategy Index, to assess skill level according to the graph. We demon-
strate our framework with motions captured from di erent boxers. Experimental
results demonstrate that our system can e ectively visualize the strengths and weak-

nesses of the boxers. More details can be found in Chapter 3.
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1.2.2 Interaction-based Human Motion Retrieval and Anal-
ysis

Traditional methods for motion retrieval and analysis consider features from indi-
vidual characters. However, the semantic meaning of many motions is de ned by
the interaction between characters. There is little success in adapting interaction-
based features in assessing interaction di erence, as they are either topologically
di erent across interactions or high dimensional. In this work, we propose a new
uni ed framework for motion retrieval and analysis from the interaction point of
view. We adapt the Earth Movers Distance to optimally match interaction features
of di erent topology, which allows us to compare di erent classes of interactions and
discover their intrinsic semantic similarity. We demonstrate how the system can re-
trieve interactions of similar semantic meaning Itered by user-given constraints.
We also show how it can assess and visualize the body parts that contribute to the
semantic di erence between interactions. We construct a comprehensive kick-boxing
interaction database that is open for public for research benchmark. Experimental
results show that our method outperforms existing research and aligns better with

human perceived interaction similarity. More details can be found in Chapter 4.

1.2.3 Data-Driven Crowd Motion Control

Controlling a crowd using multi-touch devices appeals to the computer games and
animation industries, as such devices provide a high dimensional control signal that
can e ectively de ne the crowd formation and movement. However, existing works
depending on the pre-de ned control schemes require the users to learn a scheme
that may not be intuitive. A data-driven gesture-based crowd control system is
proposed, in which the control scheme is learned from example gestures provided
by di erent users. In particular, a database with pairwise samples of gestures and
crowd motions is built. To e ectively generalize the gesture style of di erent users,
e.g. the use of di erent numbers of ngers, a set of gesture features is proposed to
represent a set of hand gesture trajectories. Likewise, to represent crowd motion

trajectories of di erent numbers of characters over time, we propose a set of crowd

7
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motion features that are extracted from a Gaussian mixture model. Given a run-
time gesture, our system extracts the K nearest gestures from the database and
interpolates the corresponding crowd motions to achieve the run-time control. Our
system is accurate and e cient, making it suitable for real-time applications (e.qg.
real-time strategy games and interactive animation controls). For more details, see

Chapter 5.

1.3 Related Publications

In this section, we list the following papers which are related to our research in the

thesis. These papers have been published or under revision:

Yijun Shen, Jingtian Zhang, Longzhi Yang, and Hubert P. H. Shum.Depth
Sensor-Based Facial and Body Animation Contropages 1-16. Springer Inter-

national Publishing, Cham, 2016.

Yijun Shen, He Wang, Edmond S. L. Ho, Longzhi Yang, and Hubert P. H.
Shum. Posture-based and action-based graphs for boxing skill visualization.
Computers and Graphics69(Supplement C):104-115, 2017.

Yijun Shen, Longzhi Yang, Edmond S. L. Ho, and Hubert P. H. Shuminteraction-
based Human Motion Retrieval and Analysj4o be sumbitted to IEEE Trans-

actions on Visualization and Computer Graphics.

Yijun Shen, Joseph Henry, He Wang, Edmond S. L. Ho, Taku Komura, and
Hubert P. H. Shum. Data-Driven Crowd Motion Control with Multi-touch

Gestures submitted to Computer Graphics Forum, under minor revision.

1.4 Thesis Structure

The structure of the thesis is as follow: First, we review the related research of mo-
tion analysis and synthesis in Chapter 2. This part covers the state-of-art approaches

in those areas which are related to our research. In Chapter 3, we rst introduce
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our framework to model the single human movement, and then our method on an-
alyzing and visualizing the skill level of the movement. In Chapter 4, we introduce
our uni ed framework on modelling, retrieving and analyzing two people interaction
motions. In Chapter 5, we introduce our data-driven method on the crowd motion
control system, which enables the user to conduct arbitrary gesture to generate an
appropriate crowd motion. Finally, a conclusion and discussion of our thesis are

drawn in Chapter 6.






Chapter 2

Related Works

Modelling 3D human motions has been an active research area in computer graphics,
computer vision and robotics in recent decades. It becomes the foundation part of
motion synthesis and motion analysis techniques, which have been widely applied in
entertainment industries and physical rehabilitation in the health-care area. Human
motion modelling methods can be considered as the following three aspects: single
person movement, interactions between multiple persons and crowd motions.

Modelling single person movements mainly focus on the detailed information of
his/her motions. It represents the motions into low-level kinematics/dynamics fac-
tors (e.g. velocity, acceleration, force and power) and high-level semantic features
(e.g. transition strategies from one action to another in the motion sequence). This
information can be easily used for motion synthesis and motion analysis of an indi-
vidual person, as discussed in Section 2.1. However, with the demand for achieving
highly realistic scenarios in computer games and animations, modelling interactions
between multiple people play a key role in such a purpose. It mainly focuses on
modelling the spatial relationships between interacting people and this information
will be used to analyze the semantic meaning of the motion. For instance, in the
two people boxing motion, such spatial relationship is represented as one persons
hand fast reaching the opponents body part. More details are discussed in Section
2.2.

Di erent from the above two aspects, crowd motion modelling does not focus

on the low-level detailed information of each individual's motions and interactions

11



2.1. Single Person Motion Analysis 12

between di erent individuals. It formulates the whole crowd as an entity. Control
schemes are designed on top of the entity to achieve high-level overall movement,
e.g. controlling the whole crowd to go through the constrained environment and
reach the target position. More information is available in Section 2.3.

Our approaches use a large amount of motion capture data, which need to be
pre-processed due to the noise caused by devices and environments. We explore the
mature techniques on re ning and denoising the motion capture data in Section 2.4.

Some of them are applied in our research.

2.1 Single Person Motion Analysis

Analyzing 3D human movement from motion capture system are widely used in
healthcare [13{15], sports training [16,17] and dangerous motion detection [18, 19].
Due to our research interests and the motion database we have created, we focus
on the sports motion analysis and visualization in our thesis. First, we review the
mainstream techniques of sports motion analysis and highlight the weakness of those
approaches compared with our method in Chapter 3. Then, we review the recently
human motion modelling methods with graph representations and dimensionality
reduction techniques. Furthermore, we highlight how our method in Chapter 3
can outperform existing motion modelling methods in visualizing high level skill

information of complex human motions.

2.1.1 Sports Analysis

Helping athletes on skill improving via the visualization of sports motions is a eld
that has not been fully explored in the eld of sports science. Existing research [20,
21] mainly focuses on the appearance changes of motions when body and motion
parameters are changed. Despite the above two research are a bit early, the criteria of
their sports motion analysis are kept and wildly used in many related researches [22{
25]. For instance, Yeadon [20,21] has done research on how diving and somersault
motions change when the motions are launched at di erent timings by using physical

simulation. Though such tools are useful for the athletes to interactively visualize

12



2.1. Single Person Motion Analysis 13

possible results under di erent parameters, they can only assess the performance
of sports that do not require complex maneuvers and strategies, such as jumping,
high jumping, sky jumping, or somersaults. In many sports games, the performance
depends not only on physical factors such as velocity, power and strength, but also on
exibility to switch from one motion to another and richness of the player's motions.
This high-level information has not been used to visualize the skills of the athlete in
previous research and it is the major di erence between our work (in Chapter 3) and
the afore-mentioned ones. In our research in Chapter 3, we combine the approaches
of motion graph [26{28] and dimensionality reduction [29, 30] to visualize high-level

skills information of the athletes for the skill assessments.

2.1.2 Motion Graphs for Motion Modelling

The Motion Graph approach [7,26{28,31{33] is a method to interactively reproduce
continuous motions based on a graph generated from captured motion data. Reitsma
and Pollard [34] compared di erent motion graph techniques comprehensively. Heck
et al. [35] further parametrized the motion space to control how the motions are
generated by blending samples in the motion graph. Such an approach can be used
for interactive character control such as that in computer games. When it comes to
graph construction, [7,31] are the ones most similar to our method in Chapter 3. Min
et al. [7] grouped similar postures and transitions into nodes and edges. Their focus
was the motion variety of synthesized motions so they used generative models to t
the posture and motion data. Our focus is on skill visualization through the analysis
of postures and motions so we can a ord simpler and faster methods of analysis.
Beaudoin et al. [31] cluster postures rst then nd motion motifs by converting the
motion matching task into a string matching problem. Their priority was to nd
motifs that were representative while our focus is to visualize motion details and
statistics to help people assess the skills. Xia et al. [36] constructed a series of local
mixtures of autoregressive models (MAR) for modelling the style variations among
di erent motions for real-time style transfer. They demonstrated style-rich motions
can be generated by combining their method and motion graph.

Since the Motion Graph produces a lot of edges and nodes without any context,

13
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it becomes di cult to control generated motion as the user wishes. Safonova and
Hodgins [37] optimized the graph structure by combining motion graph and inter-
polation techniques to improve performance. On the other hand, works to resolve
this problem by introducing a hierarchical structure were proposed [38]. These ap-
proaches add topological structures into the continuous unstructured data so that
the motion synthesis can be done at a higher level. In a sport like boxing, it is
possible to create a motion graph of semantic actions such as attack and defence,
which is known as the action-level motion graph [39,40]. A recent work by Hyun et
al. [41] proposedMotion Grammars to specify how character animations are gener-
ated by high-level symbolic description. Such an approach can be used with existing
animation systems which are built based on motion graphs. Ho and Komura [42]
built a nite state machine (FSM) based on Topology Coordinates [43] for synthe-
sizing two-character close interactions. The sparse graph structure can be used for
controlling the movement of virtual wrestlers in computer games. The purpose of
these approaches, however, is motion generation rather than the visualization of the
player's skill.

In our research in Chapter 3, we adapted a hierarchical motion graph structure
called the Fat Graph [38] on the action level to analyze the connectivity and the
variety of a captured motion set. In a fat graph, similar nodes are grouped together
as fat nodes, and similar edges are grouped as fat edges, allowing better organization
of motion data. The Itered motion graph is a variation of the Fat Graph, in
which the temporal relationship between poses is considered [44]. Such a structure,
however, is targeted for motion reconstruction and analysis rather than visualization
[45].

2.1.3 Statistical Motion Modelling

Dimensionality reduction methods have been proposed to visualize the overall struc-

ture of captured motions. Grochow et al [29] proposed a method to project the 3D

motions of a human onto a 2D plane, and further reconstruct 3D motions by map-

ping arbitrary points from the 2D plane back onto 3D joint space. PCA [30] and

ISOMAP [46] are proposed to map the motions onto 2D planes. Due to the high
14
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variation of human motion, local PCA that considers only a relevant subset of the
whole motion database to generate a locally linear space is proposed [47,48]. One can
generate motions from arbitrary points on the plane by interpolating the postures

of the original motion. Meanwhile, non-linear methods [49, 50] and Deep Learn-
ing [51] have also been used to reduce the dimensionality of motions. The Gaussian
Process [52] and the mixture of Gaussian Processes [52] can be used to represent
a set of human postures with a small number of Gaussian parameters. However,
such methodologies do not consider the connectivity structure of the motions. We
apply dimensionality reduction to our graph structure to visualize the connectivity
structure of captured motions on a 2D plane.

Other researchers have focused on the connectivities of motion/actions by meth-
ods such as Markov models. Hidden Markov Model (HMM) [53] has been widely
used in analyzing and synthesizing human motion. Typically, the hidden states
of the HMM refer to the distribution of body poses and the dynamics of the mo-
tions are represented by the transitions between the hidden states. The parameters
of the HMM can be subsequently learned from training data by the Expectation-
Maximization (EM) algorithm. Hara et al. [54] proposed to model daily activities
using HMM in intelligent house. Frarcoise et al. [55] proposed to use HMM models
for analyzing Tai Chi motion sequences. An early work proposed by Brand and
Hertzmann [56] proposed to learn the dynamics of human motion using HMM in
their motion style synthesis model. Tango and Hilton [57] proposed to learn a HMM
model from captured human motion for synthesizing in-between frames in keyframe
animation. Ren et al. [58] presented a data-driven approach for quantifying natu-
ralness of human motion including those synthesized by HMM. While existing work
focuses on nding statistical distributions of motions, our focus is on visualizing the

motion richness and the transition dynamics for skill assessments.

2.1.4 Understanding of Boxing Motion Analysis

In my research topics on Chapter 3, the boxing motions serve as a demonstration.
This is because boxing motions are complex and hard to analyze. Our system is
generic and can be introduced to di erent sports. Here is an example of human

15



2.2. Interaction-based Motion Retrieval and Analysis 16

criteria to analyze the quality of the boxing motion [59]. Professional boxers are
trained rst on some basic postures e.g. defense, stepping and attack, threading
through which are the transitions carried out by the boxer based on the strategy
and the opponent in a match. A good boxer can carry out a variety of transitions at
will to achieve the best outcome. Such information serves as indicators for assessing
the skill level of a player and the same principle applies to many other sports e.g.
tennis, fencing, etc. Unfortunately, there is a research gap in assessing the motions
of the players from a higher-level point of view. Our graph-based representation on

boxing motions helps us to capture such ambiguous information.

2.2 Interaction-based Motion Retrieval and Anal-
ySis

Synthesizing and retrieving multi-people interaction motions is a challenging task
in computer graphics. In such scenarios, the ambiguous spatial relationships be-
tween interacting people are important to describe the motion semantics. Failure
to capture such relationships makes motion synthesis to be di cult to generate na-
ture movement, and retrieval system to get wrong results. In recent years, numerous
researchers have started to explicitly model the spatial relationship between interact-
ing people and introduced it to the motion synthesis system to simplify the process
of generating complex interaction motions [8,42,43,60] , and motion retrieval system
to improve the retrieving accuracy [61{64]. Here, the conventional human-centered
representations for human motion are rst reviewed, and their major weaknesses are
discussed. Subsequently, the interaction-based representations are reviewed, and the

di culties of applying them in motion retrieval and analysis are highlighted.

2.2.1 Human-centered Representations

There is a large body of research about analyzing and identifying human motion
using human-centered features of body movement. In the early research of human

motion retrieval, traditional approaches utilize kinematic features such as joint an-
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gles [65] and joints position-based distance [66] to evaluate di erent types of motion.
Dynamic features such as forces produced by speci c joints provide another mean
to identify human movement [67]. Derived dynamic features such as the center of
pressure can enhance body stability analysis [68].

Although it is possible to analyze individual kinematic and dynamic features,
understanding the logical signi cance of a motion requires the meaningful combi-
nation of them. Logical rules based on combined kinematic features can be used
as the motion features in motion retrieval [69]. By exploiting the body hierarchy,
kinematic features concerning body parts can provide a higher level evaluation [70].
Movement notation language known as the Laban notation can abstract a short
duration movement [71].

To better re ect the semantic meaning of human motion and minimize the te-
dious manual design, machine learning algorithms based on joint-pair relationship
features are introduced to train classi cation systems that recognize di erent type of
motion [72,73]. Learning a distance metric based on a set of single-character posture
feature enhances motion recognition accuracy [74]. Deep learning algorithms such
as the convolutional autoencoders can automatically learn a manifold to represent
a motion from a large amount of data [75].

While these human-centred representations have been e ective for interpreting
basic movement, they fall short in representing scenarios involving multiple inter-
acting characters, which is one of the key components in daily movements. For
example, simply considering features from individual characters makes it di cult to

distinguish waving from high- ve between two characters.

2.2.2 Interaction-based Representations

Recently, there has been a signi cant increase in research to analyze the interaction
between multiple characters. The relationships among characters are considered
important features to recognize the semantic meaning of high-level interactions.
Relative kinematic features such as relative joint distance are proposed to rep-
resent the interaction between two characters [76]. The concept of kinematic-based
logical rules can also be extended to represent inter-character kinematic features [69].
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However, the feature dimension increases exponentially when considering multiple
characters. While feature selection [72,76] can be used to maintain a reasonable
feature dimension, the optimal set of feature depends on the type of interactions. It
is di cult to nd a globally optimal set of low dimensional feature to represent all
interaction types.

By considering the skeleton hierarchy of the interacting character as a number
of strings, the Gauss Linking Integral is used to represent how these strings wrap
around each other, thereby representing the interaction of the two characters [77].
Such a representation can be used to synthesize movement by considering close
interaction [48], as well as motion indexing and retrieval [78]. However, the repre-
sentation cannot e ectively represent long-distance interaction such as one character
avoiding an attack from another.

The interaction mesh has been proved to be a robust interaction representa-
tion [8]. It considers the joints of the interacting characters and applies Delaunay
Tetrahedralization [79] to generate a mesh structure that indicates spatial proximity.
Using the interaction mesh, interaction among characters can be adapted according
to the user-de ned criteria or environment changes [8,80]. The structure is used
in robotics to represent the interaction between a robot and the environment for
movement adoption [68] and control [81].

There are some attempts to apply interaction mesh in interaction retrieval [62,
63]. However, the results are not satisfying. The major di culties is that the
topology and dimension of the interaction mesh changes over time depending on
the posture of the interacting characters. In particular, a small change of body
joints can result in a signi cant topological change of the mesh structure, making it
di cult to compute the di erence between two interaction meshes. Previous works
attempt to solve the problem by breaking the distance function into two parts.
For the edges that co-exist in two interaction meshes, a traditional geometry-based
distance function is applied. For those edges that do not co-exist due to topological
di erence, the algorithm in [63] assumes zero distance, while that in [62] simply
counts the total number. Since the two parts of the distance function have di erent

nature, forcing them together creates inconsistent results.
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In Chapter 4, a new uni ed framework is proposed for the retrieval and analysis
of interaction-based motion. We adapt the interaction mesh structure due to its
robustness and propose to compare two topologically di erent interaction meshes
using the Earth Movers Distance [82]. Our method in Chapter 4 can discover the
intrinsic similarity between interactions can discover the intrinsic similarity between

interactions and produce superior results compared with existing work.

2.3 Crowd Motion Simulation

Crowd motion simulation has been widely studied under di erent methodologies
including agent-based models [83{85], uid-based models [86], optimization [12,87,
88] and data-driven models [89,90]. Comparatively, the ease of control deserves more
attention and starts to attract more research work. Crowd control has been widely
used in many areas such as entertainment production and urban planning, where
two central issues are control and simulation. Related to our research in Chapter
5, there are mainly three sub- elds where we draw our inspirations upon: gesturing

on multi-touch devices, crowd motion control and formation control.

2.3.1 Gesture Recognition on Multi-touch Device

Since the invention of multi-touch devices, gestures have provided a rich capacity
of control input design. Gestures can be sequenced to express complex control
purposes and are typically represented by time series of positions and velocities. For
any pre-designed stroke patterns, there are some user input variations. Spatially-
based control design [91{93] mainly targets on recognizing stroke patterns out of
variations to improve the expressibility, but with limited understanding on the time
dependencies between strokes. To model temporal or semantic dependencies, rule-
based systems such as gesture formalisation [94], grammar [95, 96], state machines
[97] or syntax [98] are proposed. However, they either lack the accommodation of
user input variations or do not generalise well.

Among the previous research works, L & Li's work [99] is most related to ours.

They present a set of features based on translation, rotation, and scaling of a user's
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nger con gurations to encode strokes and recognise gestures. We use a similar
stroke representation. However, while their work uses these features to form a state
machine to recognize a prede ned gesture, we use them to represent gesture data and
design our recognition algorithm. For instance, our minimum oriented bounding box
feature is e ective at distinguishing control signals, which is previously not possible

using only the set of features proposed in [99].

2.3.2 Crowd Motion Control

Crowd motion control has been studied extensively, including controlling the whole
crowd [100, 101], subgroups [102, 103], sets of control points [104], and the style
[11,89].

Field-based control focuses on the design of guidance elds in the environment.
Vector elds are typically used to guide each subgroup of the crowd [105]. In [106],
the user can control crowd motion by adding anchor points to indicate their moving
directions, with which a vector eld is generated. In [107], the movement of the
agents is generated by the guidance eld that is sketched by the user or extracted
from video. Such a eld is used to construct a navigation eld that re nes the ow
of the crowd by avoiding collisions in the environment. While these approaches
enable the user to control the movement of a crowd easily, the main focus in their
work is controlling the crowd by hand-crafted or extracted elds. In contrast, our
method in Chapter 5 focuses on a data-driven approach that maps control gestures
to basic crowd motions to enable an intuitive and interactive control scheme. This
is facilitated by learning a statistical model from the crowd motions using GMM.

Mesh-based control is another control scheme that evaluates the crowd movement
and formation using mesh deformation. Utilizing a single-pass algorithm, crowd
movements can be evaluated based on a deformable mesh [108,109]. Itis also possible
to interactively edit large-scale crowd while maintaining the spatial relationship
between individuals [12]. Voronoi diagram can be used to represent the spatial
relationship between di erent agents and organize the crowd movement in constraint
space using Torso Crowd Model [110].

One particular problem of exiting methods is the lack of high dimensional control
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signals that can be used to de ne the movement details of a crowd that consists of
multiple sub-groups. Existing methods typically employ multiple levels of control
rules, such that the user can de ne the overall crowd movement rst, and de ne
the details of sub-group later. Instead, we decide to embed the control mechanism
into our learned mapping between the control signal and the corresponding crowd
motions. It solves the problem of potentially contradictory control objectives on

di erent levels, such as di erent overall crowd and sub-group targets.

2.3.3 Formation Control

Formation control is a technique to control the movement of crowds while maintain-
ing formations. A signi cant number of papers propose to represent the shape of
the crowd by modelling the geometric relations between individual agents. Mesh-
based methods are very popular because they can easily represent the formation
and accommodate some randomness due to individual motions by controlled mesh
deformation. Laplacian mesh editing [111] controls and combines existing crowd
formations into larger scale crowd animation [104]. An intermediate 2D mesh be-
tween user input and crowd motion can be de ned so that crowd formations are
controlled by simple user gestures [108,109]. Spectral analysis smoothly transforms
the crowd from one formation to another which is represented by Delaunay tetrahe-
dral meshes [112]. A local coordinate system called formation coordinates maintains
the adjacent relationship between individuals in the crowd [101]. More variants of
these methods can be found in [113{116].

The Morphable Crowds[11], which is based on data examples of di erent styles
of crowd motion, is conceptually similar to our work in Chapter 5. While their
method is based on modelling the positions of characters surrounding an individual
in a crowd motion, our method models the full trajectories of characters in the crowd.
Such a full modelling enables us to build up a precise control mapping from the input
to crowd motions, which enhances the quality of controlling and synthesizing new
crowd motions.

Path pattern that consists of ows of location-orientation pairs is also a good
representation of crowd motions, which can be extracted from crowd video [117].
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However, the representation is complicated and is too computationally expensive to

be used for interactive control purpose.

2.4 Motion Capture Data Re nement

The major problem of using motion capture system is to deal with the noisy data
obtained. Usually, the quality of the detected posture is of low resolution and su ers
heavily from occlusion. It is likely to apply machine learning algorithms to enhance
the quality of the data. The idea is to introduce a quality enhancement process
that considers prior knowledge of the human body, which is typically a database
of high-quality postures. In this section, we discuss how body information can be

reconstructed from noisy data.

2.4.1 Posture Enhancement

The body tracked by motion capture system may contain inaccurate body parts due
to di erent types of error. Simple sensor error can be caused by geometry shape of
body parts and viewing angles. It is proposed to apply Butter-worth Iter [118] or

a simple low-pass Iter [119] to smooth out the vibration e ect of tracked positions
due to this type of error. However, when occlusions occur, in which a particular
body part is shield from the camera, the tracked body position would contain a
large amount of error. Simple Iter will not be su cient to correct these postures.

As a solution, it is proposed to utilize accurately captured 3D human motion
as prior knowledge and reconstruct the inaccurate postures from the motion cap-
ture system. In this method, a motion database is constructed using the carefully
captured 3D motion. There are many open-source motion capture database such
as CMU Graphics Lab Motion Capture Databasg¢120]. Given a captured posture,
one can search for a similar posture in the database. The missing or error body
parts from the motion capture system can be replace by those in the corresponding
database posture [121]. However, such a naive method cannot perform well for com-
plex posture, as using only one posture from the database cannot always generalize

the posture performed by the user, and therefore cannot e ectively reconstruct the
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posture.

More advanced posture reconstruction algorithms utilize machine learning to
generalize posture information from the motion database [122{124]. In particular,
the motion database is used to create a low dimensional latent space by dimen-
sionality reduction techniques. Since the low dimensional space is generated using
data from real human, each point in the space represents a valid natural posture.
Given a partially mis-tracked posture from a camera, one can project the posture
into the learned low dimensional space and apply numerical optimization to enhance
the quality of the posture. The optimized result is nally back-projected into a full
body posture. Since the optimization is performed in the low dimensional latent
space, the solution found should also be a natural posture. In other words, the
unnatural elements due to sensor error can be removed. The major problem of this
method is that the system has no information about which part of the body posture
is incorrect. Therefore, while one would expect the system to correct the error parts
of the posture using information from the accurate parts, the actual system may
perform vice versa. As a result, the optimized posture may no longer be similar to
the original capture posture.

To solve the problem, optimization process that considers the reliability of indi-
vidual body part was proposed [47]. The major di erent from this method compared
with prior ones is that it divides the posture reconstruction process into two steps.
In the rst step, a procedural algorithm is used to evaluate the degree of reliability
of individual body parts. This is by accessing the behaviour of a tracked body part
to see if the position of the part is inconsistent, as well as accessing the part with
respect to its neighbour body parts to see if it creates inconsistent bone length. In
the second step, posture reconstruction is performed with reference to this reliability
information, such that the system relies on the more parts with higher reliability.
Essentially, the reliability information helps the system to explicitly use the correct
body parts and reconstruct the incorrect ones. Such a system can be further im-
proved by using Gaussian process to model the motion database, which helps to
reduce the amount of motion data needed to reconstruct the posture [52,125]. Bet-

ter rules to estimate the reliability of the body parts can also enhance the system
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performance [126].

2.4.2 Prior Knowledge

The major research focus of face and posture enhancement is to apply appropriate
prior knowledge to improve data obtained in rum-time. In machine learning based
algorithms, such prior knowledge is usually learned from a database, and represented
in a format that can be e ciently used in run-time.

For motion enhancement, since human-motion is highly nonlinear with large vari-
ation, itis not e ective to represent the database using a single model. Instead, many
of the existing research apply multiple local models to represent the database, such
as using a mixture of Gaussian model [52]. It is also proposed to apply deep learning
to learn a set of manifolds that represents a motion database [127]. Pre-computing
these models and manifolds are time-consuming, as it involves abstracting the whole
database. Therefore, lazy learning algorithm is adapted, in which modelling of the
database is not done as a pre-processs but as a run-time process using run-time
information [47,122]. During run-time, based on the user performed posture, the
system retrieve a number of relevant postures from the database, and model such
a subset of postures only. This method has two advantages. First, by modelling
only a small number of postures that is relevant to the performed posture, one can
reduce the computational cost of constructing a latent space. Second, since the sub-
set of postures are relatively similar, one can assume that they all lay in a locally
linear space and apply simpler linear dimensionality reduction to generate the latent
space. This allows real-time generation of the latent space. With improved database
organization, the database search time can be further reduced and the relevancy of
the retrieved results can be enhanced [44,128], such that real-time ergonomic and
motion analysis applications can be preformed [128].

Figure 2.1 visualizes how prior knowledge can be estimated from the database.
Each blue circle in the gure represents a database entry, and the lling color rep-
resents its value. The obtained prior knowledge from the scattered database entries
is represented by the shaded area, which enables one to understand the change of
value within the considered space. The left gure shows a traditional machine learn-
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Figure 2.1: (Upper) Traditional machine learning that represents the prior from
the whole database. (Lower) Lazy learning that represents the prior from a subset

of the database based on the online query.
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ing algorithm, in which prior knowledge is obtained as a pre-process, considering all
database entries. During run-time, when a query arrives, the system uses the knowl-
edge to estimate the corresponding value of the query. The right gure shows the
case of lazy learning, in which prior knowledge is obtained during run-time. This
allows the system to extract database entries that are more similar to the query,

and estimate the prior knowledge with only such a subset of data.

2.5 Summary

The existing studies on motion analysis and synthesis techniques can accurately
recognize and exibly control the motion of a single character. In recent years, re-
searchers focus on using such techniques in complex scenarios (e.g. multiple charac-
ters interactions and character-environment interactions). However, the results are
still unsatisfactory. This thesis will focus on extracting high-level semantic meaning
among the interaction and improve the results of motion analysis and synthesis on

such complex scenes.
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Chapter 3

Graph-based Human Motion

Visualization and Analysis

Computer technologies [129] [130] [131] have taken on a crucial role in modern sports
and health sciences, in revolutionizing the way to observe, analyze, and improve
the performance of both amateur and professional athletes. Computer-managed
weight lifting machines, treadmills and many other training equipments provide
energy consumption or repetition and weight management in many sports clubs.
Virtual reality technology has been applied in various training systems in baseball
[132], handball [133] and tennis [134] to assist more professional sports activities.
Nevertheless, these technologies are only able to analyze motions at a low level,
i.e. recording the timing or repetitions of basic motions and comparing movement
trajectories with those performed by better players. More advanced technologies are
needed for personalized and higher-level analysis comparable to that from human
experts.

In addition to the instantaneous movement features of the sports players, Ex-
perienced sports coaches consider high-level features such as the variety of actions
and quality of transitions from one action to another. Taking boxing as an exam-
ple, professional boxers have in basic actions such as defence, stepping and attack,
threading through which the transitions are carried out based on the strategy and
the opponent's reactions. The action transitions of a good boxer need to be exible

and contain great variety to achieve the optimal outcome. Such information often
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serves as an important indicator in assessing the skill level of a player, and the same
principle applies to many other sports such as basketball [41] and fencing [135].
Unfortunately, automatic systems for analyzing and evaluating sports motions at
such a high level is very limited. Based on that observation, our research focuses
on analyzing the higher level information of the sports motion, such as skillfulness,
richness and unpredictability, which are consistent with human standards of evalu-
ations. Then we visualize this high-level information in an intuitive way for people
to understand. Our approach has several potentials, such as the motion evalua-
tion system on sports training session, motion visualization and analysis system on
evaluating the quality of motion capture data.

In this work, we propose a robust visualization system to address the above
limitations, by representing motions as an interactive graph of high-level features,
including the exibility and richness of the actions as well as the transitions of
actions. Although we use boxing as a demonstration in this work, our method is
generic and can be applied to di erent sports. Our approach starts with capturing
the shadow boxingraining motion of a boxer, in which the boxer performs boxing
with an imaginary opponent. An experienced coach can e ectively assess the boxer's
skill by watching the shadowing boxing motions. As a positive side e ect, this
method of motion analysis greatly reduces the complexity of motion capture due
to occlusion and collision and has shown to be very e ective in our system. The
motion data is then processed and visualized in two di erent graphs: the posture-
based graph and the action-based graph, for performance analysis.

In the posture-based graph, the semantic actions segmented from the captured
motion are grouped into clusters based on a customized distance function that con-
siders action speci c features. Our system then automatically generates a motion
graph structure known asFat Graph [38], which uses nodes to represent groups of
similar postures to start and end actions, and edges to represent groups of action.
By applying dimensional reduction techniques, this graph can be visualized in a
3D space for performance analysis and evaluation. The transition capability of the
boxer is visualized by the connectivity of the nodes, where the richness and prefer-

ence of the actions are visualized by the edges in the graph. We further propose a
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skill evaluation metric known as theConnectivity Index which evaluates the richness
of actions and the exibility of transitions according to the graph.

Whilst the posture-based graph focuses on the variety of basic postures and the
transition exibility between actions, the action-based graph mainly considers the
richness of actions and the transition probability among them. The action-based
graph is constructed as a customized Hidden Markov Model (HMM) [53], in which
similar actions are grouped into clusters that formulate the nodes. The transition
probability among actions is calculated and is expressed as edges between nodes.
The graph is visualized in a 3D space, and the positions of the nodes and edges
are optimized for better visualization. With such a graph, the pattern of action
launching can be easily identi ed in order to assess the boxing strategy of the boxer.
We further propose theAction Strategy Index to evaluate the unpredictability of
action patterns according to the graph.

With the support of the proposed algorithm, the performance quality can be
analysed as human experts usually do and the potential problems of a player can
be readily identi ed for sport technical improvement. These edges are also colour
and size coded, with colour indicating the sequence of continuous action pairs and
size representing the probability of such transitions. Examples based on boxing,
basketball and tennis motions are conducted to demonstrate the e ectiveness of
the proposed algorithm, and clear di erences between the novice and experienced
players are shown.

We conducted experiments on the motions captured from multiple boxers and
evaluate their skills. The corresponding posture-based and action-based graphs were
generated. As shown in Fig. 3.11, we can easily evaluate the skills of di erent boxers

with our visualization system.

3.1 Contributions in This Chapter

There are three main contributions of this work:

We propose a framework for high-level skill analysis through automatic motion
analysis and visualization. Given a captured motion from a sports player,
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our system automatically segments the motion into semantic action units and

constructs two graph structures.

We propose the posture-based graph, which is a variant of the Fat Graph,
to visualize the skills according to di erent standard postures for launching
and ending actions. It allows the user to identify the correctness of standard
postures and the diversity of actions. We further propose the Connectivity

Index that evaluates the richness of actions and the exibility of transitions.

We propose the action-based graph, which is a variant of the Hidden Markov
Model (HMM), to visualize the skill according to di erent groups of action.
It allows the user to identify the preference of actions and their transition
probability. We further propose the Action Strategy Index to evaluate the

unpredictability of action patterns.

3.2 Overview of Our Method

The overview of our method is shown in Fig.3.1 and the system is divided into two
parts: the motion data pre-processing part and the Posture/Action Graph visualiza-

tion part. The rst part captures, analyze and organizes the long motion sequence
of a character and represents it into semantically graph structure. The second part
visualizes the graph representation by projecting entities to appropriate 2D space
via dimension reduction techniques, and the resultant graph can be rendered. The
quantitative results of dierent skill level motions can be achieved by analyzing

corresponding graph topologies.

3.3 Motion Data Pre-processing

We rst capture the motion required for analysis using motion capture systems.
Then, we propose an automatic system to segment long sequences of captured mo-
tion into meaningful actions, which are used as building blocks of our posture-based

and action-based graphs.
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Figure 3.1: Overview of graph-based human motion visualization and analysis

system

Here, we follow the de nition from [40], in which amotion is considered to be
a raw sequence of captured human movement, and antion is considered to be a
short, meaningful segment of movement within a motion. In the eld of boxing, an
action can be an attack (such as a \left straight", \jab" or a \right kick"), a defence
(such as \parries", \blocking" or "ducking") , a transition (such as \stepping to the
left", \stepping forward" or \back step™), or any combination of them.

Postures and actions are good entities for skill visualization, as sports players
typically plan their strategies and evaluate their performances with such terms.
For example, a boxer typically thinks about what sort of attack/defence/transition
should be launched during a match. A coach typically evaluates the overall strategy

in the action level, as well as how well individual postures and actions are performed.

3.3.1 Motion Capture

Although it would be best to capture the motions of all players in multi-player sports
because the data would re ect the features of the motions, capturing multiple players

remains di cult due to the occlusions and collisions among players. Fortunately, it is
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possible to only capture individual motions for our purposes without compromising
the true motion characteristics. In boxing or any other martial arts, there is a
training practice called \shadow boxing”. The boxer imagines a boxing session
with another boxer, and launches boxing actions to interact with such an imaginary
opponent. The boxer launches not only o ensive actions such as punching, but also
defence, stepping, and the consecutive combination of all such actions. There are
similar practice methods in basketball and soccer as well, in which players use the
ball to conduct various techniques in the court, imagining that their opponents are
trying to take the ball away from them. The players thus perform various actions to
keep the ball and trick an imaginary opponent. This technique has also been used
by coaches for skill assessment hence is suitable for our analysis. We employed an
optical motion capture system to acquire the performed motion as shown in Fig.
3.2 as it was less intrusive and highly accurate. Also, we preferred to capture long
and continuous clips of motion, such that the player could perform the motion in a
natural manner.

To evaluate the performance of our system for real-people sports motions, we
produce 4 motion sequences of shadow boxing motions performed by 4 boxers with
di erent skill levels, which were captured at the University of Tokyo. We collect
around 6 minutes of boxing from 4 sets of shadow boxing motions from novice to
professional, as shown in Fig. 3.11. Averagely each motion sequence has around
1.5 minutes at speed of 30 frames per second. So each sequence has around 2700

frames.

3.3.2 Motion Analysis

After data capture, the system automatically segments meaningful actions from the
raw captured motion and identi es the e ective joints that contribute the most to
the semantic meaning of the actions.

For boxing motions, we observed that actions normally start and end in a double
supporting state (i.e. both feet touching the oor), as the state is usually dynam-
ically stable. We detect such a state by monitoring the feet height and velocity
and setting corresponding thresholds. This allows us to segment the raw captured
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Figure 3.2: Motion capture on a single human. The shadow boxing motions of

several boxers were captured using an optical motion capture system.

motion into a set of movement segmentsvhich are the periods between every two
successive double supporting states, as visualized in Fig. 3.3 Upper.

We also observed that actions normally require a relatively larger force to be
performed, such as a punch or a step. We de ne periods with a high-level of force
exertion as theactivity segments Since force is proportional to acceleration, these
segments can be found when the sum of squares of acceleration of all joints is above
a threshold, as visualized in Fig. 3.3 Middle. The threshold is statistically obtained
from the acceleration pro le of the motion.

Finally, the actions are composed by using the movement segments as the build-
ing blocks. The timing and the duration of the activity segments are used to deter-
mine if the movement segments should be merged together to form longer segments.
Regarding the relationship of the movement segments and the activity segments,
there could be three possible cases: (1) There is no activity segment inside a move-
ment segment. In this case, the movement segment becomes a single action of pure
body transition. (2) There is one activity segment inside a movement segment.
In this case, this movement segment becomes an action with a special activity. (3)

There are one or more activity segments lying across successive movement segments.
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Figure 3.3: The motion segmentation framework. Upper: The movement
segment is de ned as the period between two double support supporting phases.
Middle: The activity segment is de ned as the period with high acceleration.

Lower: The action is the combination of movement segment and activity segment.

In this case, the movement segments containing activity segments at the border are
merged to form an action as visualized in Fig. 3.3 Lower. Note that due to this
merging process, the resulting action may contain multiple activity segments. In
our system, we implement an optional step to Iter very short actions that are likely
to be generated due to the noise of the supporting feet.

We de ne the e ective joints to be the set of joints to represent an activity
segment. In case (1) above, since the actions contain no special activities, the pelvis
is considered to be the e ective joint. In case (2) and (3), the e ective joint is
the joint that contributes the most to the sum of squares of the acceleration in the
activity segment. In more complicated actions such as left-right combo punches,
there may be multiple e ective joints as there are multiple activity segments. Such

joints are used in later processes to evaluate the similarity of actions.
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3.4 Posture-based Graph

The posture-based graph focuses on evaluating the common postures that are used
to start and end actions. In such a graph, the nodes represent similar postures
and the edges represent similar actions. It allows us to evaluate the consistency of

common postures and the diversity of actions.

3.4.1 Graph Construction

We adopt a Fat Graph structure [38] in the action level [40] to generate the posture-
based graph, as it can e ectively simplify the graph representation by grouping
similar postures and actions together. The Fat Graph was originally proposed for
motion synthesis, and thus it is not optimized for skill visualization. We redesign

the algorithms to generate nodes and edges in the Fat Graph for our purpose.

3.4.1.1 Fat Nodes

In our system, the nodes of the Fat Graph, known as Fat Nodes, are the common
starting or ending postures of the actions. We design an unsupervised clustering
scheme for grouping all starting/ending postures into a nite set of posture groups,
which avoids additional labour for posture labelling and grouping. Speci cally, we
used k-means to cluster postures. The distance between two postuRgsand P; is
de ned as: o
i=otal
D (Po; P1) = joi)  a(i)] (3.4.1)
i=0
where (i) and (i) represent the 3D joint angle of the jointi in posture P, and
P, respectively, andiyg is the total number of joints. Regarding the cluster number
k, a largek would result in many clusters (Fat Nodes), which unnecessarily increases
the complexity of the graph. A smallk will cluster very di erent postures into the
same node, defeating the purpose of the graph. Therefore, we set up a posture
di erence threshold empirically based on experts' suggestions. Based on lots of
tests, we found a suitable Euclidean distance threshold to distinguish di erent types
of postures in boxing motions. For di erent types of motions, this process should

be repetitively done. Then, we iteratively search for a propek by initially setting
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Figure 3.4: Posture-based Fat Graph on single character's boxing motion. The
Fat Node represents the standard ghting pose. The three outgoing Fat Edges

represent di erent action groups.

k = 1 and incriminating k by 1 until we nd the rst value of k that does not
violate the distance threshold. After clustering, we use the mean posture of a group
to represent the corresponding Fat Node. The nodes in the graph represent the
set of standard postures which the player starts the various actions from. In the
case of boxing, they are usually the ghting postures that the boxer uses to guard
his/her face against the opponent, with both feet landing on the ground and keeping
shoulder width apart.

By evaluating the Fat Nodes alone, we can already tell if a boxer has multiple
unnecessary standard postures, or if any standard postures contain potential weak-
ness. In general, experience players have fewer Fat Nodes, such that they can start
actions in a standard posture e ectively without the needs of shifting to other ones.
Novice players sometimes may have a particular Fat Node for some particular ac-
tions. This is discouraged in boxing training as such postures hint the opponent as

to what actions are going to be launched.
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3.4.1.2 Fat Edges

We design the edges of a Fat Graph, known as Fat Edges, as directional edges that
represent groups of similar actions. Each edge points from the Fat Node representing
the starting posture to that representing the ending posture.

Similar to the Fat Nodes, we implement an unsupervised clustering algorithm
to group similar actions into Fat Edges. We use k-means to cluster the actions and
search for the smallest acceptablke for a given distance threshold. We de ne the
actions distance according to the trajectory of the e ective joints as explained in
Section 3.3.2. This allows accurate clustering of actions and ensures that the e ects
of the e ective joints are not smoothed out by other joints.

Formally, the distance between two action®\o and A; is de ned as:
8
1

if Ag and A;have di erent sequences

of e ective joints
D(Ao; A1) = (3.4.2)

IMgal  Béna
[Ao()(F)  Ax(1)(F)]

=0 f="foan

otherwise
whereAo(j )(f) and A1(j )(f ) represent the 3D positions of e ective jointj in frame
f in the action A 0 and A; respectively, jwta IS the total number of e ective
joints in the actions, f oy and f¢,q are the starting frame and ending frame of the
considering e ective joint. In case two e ective joints with di erent duration are to
be compared, the shorter one is linearly scaled to the duration of the longer one.

In the eld of boxing, a Fat Edge typically contains a set of actions with basic
attacks or defences such as \straight punch”, \hook punch”, \parry", or a set of
complex actions combining several attacks and defences. Since member actions in a
Fat Edges have to share the same starting and ending Fat Nodes, if an action group
contains multiple starting or ending poses, it is sub-divided into multiple Fat Edges.

Again, by only looking at Fat Edges, one can tell the di erences between ex-
perienced and novice players. Experienced players normally have Fat Edges with

similar numbers of actions, as they have mastered a large variety of boxing actions
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and can switch between them e ectively using a small number of stable transition
maneuvers. Novice boxers tend to have a larger number of Fat Edges but each
with a small number of actions, due to the inability to reproduce boxing actions

consistently. Fig. 3.4 shows the relationship of Fat Nodes and Fat Edges.

3.4.2 The Connectivity Index

It requires deep knowledge and years of experience to assess one's skills in sports.
Here, we make use of the posture-based graph and de ne an index representing the
skill level, allowing more objective and e cient skill assessment.

In many types of sports, there are two important skill indicators. The rst one
is the richness of the actions that indicate the resourcefulness of a player. The other
is the exibility of transitions between states so that the player can switch between
di erent states at will. Our posture-based graph captures both of the indicators.
The richness can be represented by the number of Fat Edges, indicating how many
kinds of maneuvers the player has. The exibility is indicated by the connectivity
of the graph, which is inversely proportional to the number of Fat Nodes. A fully
connected graph shows great exibility because there are transitions between any
two nodes.

Notice that these two factors are somehow contradicting. In general, the richer
the actions are, the greater the number of di erent starting and ending poses is
hence the poorer the connectivity of actions is. Independently considering either
of them would not su ce. We therefore de ne aConnectivity Index that evaluates

both the action richness and the action exibility of a player:

cl = Number of Fat Edges
"~ Number of Fat Nodes

(3.4.3)

To accurately re ect the skill level of a player, in our implementation, we do
not consider Fat Nodes that are not intentionally created. For example, one of
our boxers tripped over during a session. While it is good that our system can
objectively pick up the posture generated by the accident, we do not include the
corresponding Fat Nodes when calculating the Skill Index. Also, we only consider

Fat Edges that are consistently performed, as those having only a small number
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of member actions could be randomly performed actions. Empirically, we consider

edges having more than 2 member actions.

3.4.3 Visualization System

Here, we describe the design of our visualization system to visualize the posture-
based graph in an e ective manner. We also introduce interactive features for the
user to view the graph with di erent levels of details.

The posture-based graph consists of high dimensional Fat Nodes (groups of sim-
ilar postures of many degrees of freedom) and Fat Edges (groups of similar actions
in the spatial-temporal domain), which presents a challenge for visualization. To
reduce the dimensionality for better visualization, we propose two di erent schemes
for nodes and edges due to their dierent nature in this graph. Speci cally, we
project the Fat Nodes on a 2D space using Principal Component Analysis (PCA)
as it creates a more consistent low dimensional space compared with other methods
sush as Finite-State-Machine [42,43] or low-dimensional motion manifolds [127]. We
represent Fat Edges with 2D curves and augment the curves with a combination of

geometric primitives to visualize the action features.

3.4.3.1 \Visualizing Fat Nodes

Although the degree of freedom (DOF) of human postures are high dimensional (45
DOF in our system), they are intrinsically dependent on each other [29]. In fact,
the Fat Nodes can be represented e ectively in a 2D space where nodes of similar
postures are located together while those of di erent postures are located far apart.
This allows viewers to easily understand the relationship between postures.

For each Fat Node, we obtain the mean posture as its representation. Given
a set of postures, we apply principal component analysis (PCA) to reduce the di-
mensionality to 2. Essentially, we calculate the covariance matrix to evaluate the
intrinsic dependency of the dimensions. We then calculate the eigenvectors from
such a covariance matrix, and use the two eigenvectors with largest eigenvalues to
form a feature vector.

PCA is used as it has shown to be e ective on human postures [29]. However,
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since we only have a small number of postures, we believe other dimensionality

reduction techniques would also work.

Figure 3.5: The fatness represents the size of the node. From left to right, the

character becomes larger as the size of the nodes increases.

We render the mean posture of each Fat Node onto a 2D X-Z plan. This allows
the user to identify inappropriately performed postures. In boxing, novice boxers
sometimes lose track of their boxing rhythm, and hence start or end an action with
an inappropriate posture. We use the fatness of the character to represent the
number of member postures in the node, as shown in Fig. 3.5. This allows the user

to easily observe the postures that the player usually uses to start actions.

3.4.3.2 Visualizing Fat Edges

Here, we explain how to visualize the Fat Edges, which contain information of groups
of similar actions.

We do not apply dimensionality reduction techniques directly on the action data
itself because the low dimensional projection would be very complex. Instead, we
propose to visualize each Fat Edge by a 2D curve that represents its mean action
on the X-Z plane. We optimize the angle and sign of these curves to minimize
occlusion. For edges with a starting node di erent from the ending node, the edge
angle is xed. The only adjustable variable is the bending side of the curves, which

is essentially the sign of the curves. For those with the same starting and ending
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Figure 3.6: Visualizations of Fat Edges in 1D space. The geometric patterns for
landmark values between -1 and 1. Each pattern represents a landmark posture in
an action. (Lower) Comparison of visualization without/with the patterns. Each
curve represents a group of action. The right image shows the uses of landmark

patterns to identify di erent types of action.

node, both edge angle and bending side can be controlled. We optimize the signs
and angles of the edges in a greedy manner such that they would blend towards a
less dense region of the graph.

To visually distinguish between di erent Fat Edges, we add some geometric pat-
terns to the 2D curves. We collect the high-energy frames of all actions and project
them onto a 1D space using the PCA system explained in Section 3.4.3.1. Since
the high-energy frames of di erent actions are typically distinguishing postures, the
projection essentially maps all action features onto a normalized 1D space in the
range of [ 1.0; 1:.0]. To visualize the value in this 1D space, we design some geo-
metric patterns for landmark values -1.0, -0.5, 0.0, 0.5 and 1.0 as shown in Fig. 3.6
Upper. The patterns to represent values between two landmarks are obtained by
linear interpolation between nearby landmarks.

We further represent the number of member actions in the edge by the thickness

of the curve. This allows the user to identify the player's preferred actions. For
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instance, if a boxer relies heavily on single straight punches, the Fat Edge for such
action will be unreasonably thick, while edges for other attacks will be relatively
thin, which demonstrates a potential lack of diversity attacking strategies.

Through the comparison between Fig. 3.6 Lower Left and Lower Right, it shows
that adding the geometric patterns gives a better visualization of actions in the
edges. This strategy presents an intuitive way to show the players preferences over

actions of di erent complexity.

3.4.3.3 Interactive Features

We integrate some interactive features in our system to display relevant information
based on user input. When the user selects any speci ¢ entities in the graph, related
information will be shown.

When a Fat Node is selected, its corresponding Fat Edges will be highlighted
for easier observation. Information about the number of members in that node,
the number of outgoing edges, and a number of incoming edges are displayed in a
sub window. When a Fat Edge is selected or highlighted (because of a Fat node
selection), we render the member actions included, such that the user can understand
the content of the edge.

As an example, in Fig. 3.7, there are three Fat Nodes indicated by red arrows
and numbered as 1, 2 and 3, each visualized as a character with a mean posture
in the node. The sizes of the nodes are indicated by the body fatness. Node 1 is
represented by the most muscular character, which indicates the largest node size.
Nodes 2 and 3 are far thinner. Fat Edges are rendered as curves between nodes such
as the ones shown by 4 and 5. The thicknesses of the edges indicate the frequency
of the actions taken. Edge 5 is thicker than edge 4, suggesting that this boxer takes
action 5 more often. In addition, an edge can be smooth like a circle or bumpy with
geometric patterns. A single pattern means one activity segment such as a single
punch, while multiple patterns indicate a series of activities such as a combo attack.
Our system also supports interactive features. Fig. 3.7 is the result when the user
selects Node 1. All the edges starting from this node are highlighted, each with a

small character performing the action on it.
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Figure 3.7: The posture-based graph of the Boxer S. 1, 2 and 3 are Fat Nodes. 4
and 5 are two Fat Edges. 4 connects Node 2 and Node 3. 5 connects Nodel to

itself.

3.5 Action-based Graph

The action-based graph focuses on evaluating the transition probability from one
action class to another. In such a graph, the nodes represent groups of action with
similar activity segments. The edges represent the transition probability between
two action groups. It allows us to evaluate the pattern of launching actions and

extract the strategy of the boxer.

3.5.1 Graph Construction

We use the hidden Markov model (HMM) to organize the captured motion, as it has
been shown e ective in modelling human motion. In the domain of character anima-
tion, HMM has been mostly used in the posture level to create motion graphs [27].
We adapt the graph into the action level such that we can visualize the transition
probability among actions.

The nodes of the graph represent di erent action groups. We apply Equation

3.4.2 to group the captured actions into a number of action groups with k-means
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Figure 3.8: Motion representation using HMM. The three HMM nodes represent

action groups. The HMM edges represent transitional probability between them.

clustering. The process is similar to that in Section 3.4.1, in which we de ne a
threshold based on expert knowledge, and then incrementally increase the number
of classes until the threshold is met. We denoid® as the total number of groups;jGij

as the number of actions in thé™ action group (which is used in the visualization
system for visualizing the fatness and the placement of the node and will be described
later).

The edges of the graph represent transitional probability from one action group
to another. To obtain the transitional probability, we go through the sequence of
actions in the captured motion and count the number of occurrences for an action
belonging to groupi to be followed by another belonging to group, which is denoted
asc; . The transition probability of action group i to action groupj is de ned as:

Si

Tij =P Ko o (354)
m=1 n=1 Crn

where the denominator represents the total number of transition in the whole motion.

Notice that i may be equal tgj . In such a case, two actions of the same action group
are launched successively.
The concept of the action-based graph is shown in Fig. 3.8. In general, experi-

enced boxers tend to have a more evenly distributed transitional probability across
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all actions, which means that there should be edges connecting all the nodes. This
indicates that the boxer's pattern is dynamic and cannot be easily predicted by an
opponent. Conversely, novice boxers may have limited edges and some thick edges
connecting two nodes, which means a high probability to launch those two groups
action consecutively. An opponent may discover such a pattern and counter-act in

advance when the rst action is observed.

3.5.2 The Action Strategy Index

In many sports, the unpredictability of action patterns is an important skill in-
dicator. Experienced players would diversify their action patterns such that their
opponents cannot predict the next action. However, novice players tend to perform
actions based on predictable patterns (i.e. the sequence of actions to be launched
continuously), which can be easily identi ed. For example, a novice boxer usually
perform two straight punches successively. This is because the boxer is not able to
link di erent types of punches uently, and therefore would perform the simplest
punches again and again. The proposed action-level graph allows easy observation of
boxing patterns, as we can visualize the transitional probability among actions. We
further propose theAction Strategy Index which evaluates the unpredictability of
action pattern. We obtain the number of outgoing HMM edges for each HMM node,
forming a set that is denoted ae = feg 8i 2 [1; k9, wherek®is the total number
of HMM nodes. Skillful players would have similar values in the set, while novice
players would have very di erent values. We therefore de ne the Action Strategy
Index as the precision of, that is, the reciprocal of its standard deviation:

ASI = 1 (3.5.5)

(e)

where represents the standard deviation operator. A higlAS| value indicate that
the player's action patterns are more unpredictable, which indicates a higher skill

level.
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