Human P ose and Motion Estimation with a Three

Dimensional Articulated Ob ject Mo del

� � �

�

Abstract

In this research, a metho d of p ose and motion estimation from o cellus image is prop osed for

human b o dy .

It is widely demanded to observe human b o dy with an o cellus camera and to estimate

the p ose and the motion of the human b o dy at the �elds of construction for man-machine

interface, tele-op eration, computer graphics manufacture, construction of absorb ed virtual

space and higher dimension video compression.

W e �rst prop ose a metho d of p ose and motion estimation by using an articulated mo del

for one silhouette image.

This metho d of p ose estimation is a fundamental technology throughout this research. It

considers geometrical information which is extracted only from one silhouette image.

The articulated mo del which corresp onds to a target ob ject is constructed b eforehand in

the computer. The p ose of the human b o dy is provided by joint angle parameters of this

articulated mo del. Although the matching ev aluation function can b e de�ned in consideration

of all the v ariables ab out the entire human b o dy

, analysis of the function is di�cult and

consumes muc h calculation cost. Therefore, the metho d of achieving the p ose and motion

estimation of the entire human b o dy on an image plane was prop osed in this thesis by doing

the matching ev aluation b etween silhouette region and the pro jection region of the metamere

in each metamere no de of the articulated mo del.

The metamere no de is ev aluated only once and its joint angle is determined by our metho d

which achiev es the p ose and motion estimation. W e intro duce a p ose decision tree in the ar-

ticulated mo del to determined order of the ev aluation of the metamere no de.

How ever, this partial ev aluation with the p ose decision tree o ccasionally cause miss-match

according to relationship b etween lo cation of the ro ot no de of the articulated mo del and a

pose of the articulated ob ject in the image.

This can b e detected by comparing the estimated p ose of the articulated mo del with entire

silhouette region. Hence, we realize an accurate p ose estimation metho d by backtrac king in

the p ose decision tree when the miss-match is found by the detection done at the end of

the p ose estimation pro cedure so as to av oid falling into lo cal optimal solution.

A silhouette region is an image feature that can provide shap e of the human b o dy without

knowledge of the human b o dy

. How ever, it is enumerated not to b e able to detect self-o cclusion

in the silhouette region as a defect of using it. Therefore, at the time of the pro cessing of a

certain p ose estimation, we prop ose to exclude pro jection region from the ev aluation, which

corresponded to metamere no des of which the joint angle have b een determined already . W e

call this excluded region an gnawed region. It is shown to avoid falling easily into lo cal solution

of the joint angle according to the p ose decision tree, and to obtain b etter solution with our

method by the exp erimental result.

When we take a picture of motion of human b o dy by having �xed the camera, the image

sequence which contains silhouette image by the background di�erence at each frame is called

a motion silhouette. W e realize motion estimation of human b o dy by estimating p ose of the human b o dy for silhouette region at each frame. A characteristic of our metho d is to assume

the moment of inertia to each metamere. As a result, a metamere in the silhouette region can

be tracked even if it is under self-o cclusion in the human b o dy

. If the transition of the joint

angle parameter is linear in the motion under the self-o cclusion, the lo cation of the metamere

can b e forecasted by the moment of inertia. Moreov er, the range of the range of the joint angle

parameter is forecasted based on an assumption that a physical limitation exists at addition

and subtraction sp eed of the rotation mov ement. W e can reduce the calculation cost by this

forecast of the mov able range of the joint angle parameters.

In the motion silhouette, it is p ossible to ev aluate which part of the human b o dy is moving

and which part is �xed according to observ ation for mov ement of the silhouette region in

the frame. Hence we expand the motion estimation metho d previously prop osed and prop ose

to estimate only the metamere no des which corresp ond to the parts of the human b o dy .

This metho d reduces the calculation cost for match evaluation b ecause it do esn’t pro cess the

metamere no des of �xed parts. W e introduce double di�erence metho d to extract moving

image region from a continuous frame in the motion silhouette and the match ev aluation only

of the metamere no de which can b e pro jected to the detected area is done.

Though this thesis, we present p ose and motion estimation metho d with a three dimensional

articulated mo del for human b o dy observed by o cellus camera. W e �rst discussed the matching

method for one picture with p ose decision tree, and then expanded the metho d to motion

silhouette on intro ducing moment of inertia and double di�erence region.

Con ten ts

1 Intro duction 5

1.1 Human Pose and Motion with Articulated Mo del : : : : : : : : : : : : : : : : 6

1.2 Camera Pro jection and Silhouette Image : : : : : : : : : : : : : : : : : : : : : 6

2 Pose Estimation Based on Overlapped Region Ev aluation 9

2.1 Introduction : : : : : : : : : : : : : : : : : : : : : : : : : : : : : : : : : : : : : 9

2.2 Related W orks : : : : : : : : : : : : : : : : : : : : : : : : : : : : : : : : : : : : 10

2.3 3D Shap e Estimation with Pose Decision T ree : : : : : : : : : : : : : : : : : : 11

2.3.1 Constraints : : : : : : : : : : : : : : : : : : : : : : : : : : : : : : : : : 11

2.3.2 Mo deling with Pose Decision T ree (PDT) : : : : : : : : : : : : : : : : : 12

2.3.3 Estimation Algorithm : : : : : : : : : : : : : : : : : : : : : : : : : : : 15

2.4 Applications : : : : : : : : : : : : : : : : : : : : : : : : : : : : : : : : : : : : : 20

2.4.1 Hand : : : : : : : : : : : : : : : : : : : : : : : : : : : : : : : : : : : : : 20

2.4.2 Human Bo dy : : : : : : : : : : : : : : : : : : : : : : : : : : : : : : : : 31

2.5 Discussion : : : : : : : : : : : : : : : : : : : : : : : : : : : : : : : : : : : : : : 35

2.5.1 V eri�cation of OIS and ODS : : : : : : : : : : : : : : : : : : : : : : : : 36

2.5.2 Limitation of Pose Estimation for One Silhouette Image : : : : : : : : 37

2.6 Conclusion : : : : : : : : : : : : : : : : : : : : : : : : : : : : : : : : : : : : : : 40

3 Pose Estimation with T ree T rav erse 53

3.1 Backgrounds : : : : : : : : : : : : : : : : : : : : : : : : : : : : : : : : : : : : : 53

3.2 Articulated Ob ject and Its Mo del : : : : : : : : : : : : : : : : : : : : : : : : : 55

3.3 Input Image : : : : : : : : : : : : : : : : : : : : : : : : : : : : : : : : : : : : : 56

3.4 Problem De�nition of Pose Estimation : : : : : : : : : : : : : : : : : : : : : : 57

3.5 Pose Estimation : : : : : : : : : : : : : : : : : : : : : : : : : : : : : : : : : : : 57

3.5.1 Pose Estimation Pro cedure : : : : : : : : : : : : : : : : : : : : : : : : : 58

3.5.2 Pose Re-estimation Pro cess : : : : : : : : : : : : : : : : : : : : : : : : 61

3.6 Exp eriments and Discussion : : : : : : : : : : : : : : : : : : : : : : : : : : : : 63

3.6.1 Exp eriment and Discussion on CG Synthesized Images : : : : : : : : : 63

3.6.2 Exp eriment and Discussion on Real-life Ob jects : : : : : : : : : : : : : 65

3.7 Conclusion : : : : : : : : : : : : : : : : : : : : : : : : : : : : : : : : : : : : : : 68

4 Pose Estimation Based on Edge and Gnawed-Region Ev aluation 73

4.1 Introduction : : : : : : : : : : : : : : : : : : : : : : : : : : : : : : : : : : : : : 73

4.2 Contour Based Metho d : : : : : : : : : : : : : : : : : : : : : : : : : : : : : : : 73

4.2.1 Mo del : : : : : : : : : : : : : : : : : : : : : : : : : : : : : : : : : : : : 73

4.2.2 Algorithm : : : : : : : : : : : : : : : : : : : : : : : : : : : : : : : : : : 74

4.2.3 Exp erimental Results : : : : : : : : : : : : : : : : : : : : : : : : : : : : 74

4.3 Application to a Real-Life Ob ject : : : : : : : : : : : : : : : : : : : : : : : : : 75

4.4 Conclusion : : : : : : : : : : : : : : : : : : : : : : : : : : : : : : : : : : : : : : 79

4 CONTENTS

5 Silhouette Based Motion Estimation 81

5.1 Introduction : : : : : : : : : : : : : : : : : : : : : : : : : : : : : : : : : : : : : 81

5.2 Mo del : : : : : : : : : : : : : : : : : : : : : : : : : : : : : : : : : : : : : : : : 82

5.3 Joint Rotation Considering Inertia : : : : : : : : : : : : : : : : : : : : : : : : 82

5.4 No de Mo de and Di�erence Image : : : : : : : : : : : : : : : : : : : : : : : : : 82

5.4.1 No de Mo de : : : : : : : : : : : : : : : : : : : : : : : : : : : : : : : : : 83

5.4.2 Di�erence Image : : : : : : : : : : : : : : : : : : : : : : : : : : : : : : 83

5.5 Algorithm : : : : : : : : : : : : : : : : : : : : : : : : : : : : : : : : : : : : : : 84

5.6 Exp eriment : : : : : : : : : : : : : : : : : : : : : : : : : : : : : : : : : : : : : 85

5.7 Conclusion : : : : : : : : : : : : : : : : : : : : : : : : : : : : : : : : : : : : : : 85

6 Di�erence Based Motion Estimation 89

6.1 Introduction : : : : : : : : : : : : : : : : : : : : : : : : : : : : : : : : : : : : : 89

6.2 Double-di�erence image : : : : : : : : : : : : : : : : : : : : : : : : : : : : : : 90

6.3 Human Mo del : : : : : : : : : : : : : : : : : : : : : : : : : : : : : : : : : : : : 91

6.4 Motion Estimation Algorithm : : : : : : : : : : : : : : : : : : : : : : : : : : : 91

6.5 Exp eriment : : : : : : : : : : : : : : : : : : : : : : : : : : : : : : : : : : : : : 93

6.6 Conclusion : : : : : : : : : : : : : : : : : : : : : : : : : : : : : : : : : : : : : : 94

7 Concluding Remarks 95

Bibliograph y 97

Ac knowledgemen ts 103

List of Publications by the Author 105

Chapter 1

In tro duction

In this research, a metho d of p ose and motion estimation from o cellus image is prop osed for

human b o dy

. The p ose and motion estimation of human b o dy is a di�cult problem b ecause

it may change its p ose in contrast with solid ob jects.

It is widely demanded to observe human b o dy with o cellus camera and to recognize p ose

and motion of the human b o dy in the many so cial �elds such as construction of man-machine

interface, tele-op eration, computer graphics manufacture, and immersive virtual space and the

high level video compression like Mp eg-4. V arious vision based researches hav e b een done to

apply these so cial situations [1] [2] [3] [4] . Although go o d p ose and motion estimation results

can b e obtained with multiple cameras [5] [6] [7], it may not b e exp ected to set multiple

cameras in common situations where p ose and motion estimation are needed.

In the researches by which the p ose is estimated for human b o dy

, the p ose is estimated by

describing the human b o dy by an articulated mo del though the shap e of the human b o dy is

not sp eci�ed in many cases or they use the incomplete functional human mo del [8]. Because

they don’t give explicit de�nition of p ose for human b o dy in their researches, a quantitative

ev aluation to each technique is not obtained.

F or example, some researches aim to understand human motion at symb ol level directly

from image sequences [9] [10] [11] [12] [13] [14], or from image sequences with simple motion

model [15] [16]. These are useful if the �nal purp ose is to understand symbolic motion like

\shaking head right and left" or \waving hand", but these approaches cannot b e applied to

three dimensional motion understanding. In some so cial applications, it is strongly required

to pro cess p ose and motion estimation in video-rate [17] [18] [19] [20], hence they degrade

articulated mo del representation and as a result they cannot recover the motion precisely in

the three dimensional space.

On the contrary

, we intro duce an articulated mo del by which the shap e can b e spatially

reproduced and prop ose the p ose and motion estimation metho d which uses it.

In this research, we hav e to obtain a solution that adjusts the articulated mo del which

inv olves three dimensional information to an image which inv olves tw o dimensional information

under geometrical condition of the camera pro jection. In that case, silhouette region is used as

an image feature b ecause it can b e extracted easily even if light condition varies and without

knowledge concerning the human b o dy .

W e discuss what p ose and motion estimation means by describing deformation of the human

bo dy that our articulated mo del can represent in the following section. Moreover, we de�ne

silhouette image used as an image feature in our metho d.

6 CHAPTER 1. INTRODUCTION

1.1 Human Pose and Motion with Articulated Mo del

Let us consider 3D characteristics of our human b o dy in PoseAndMotion. Our b o dy anatom-

ically consists of several di�erent kinds of organs. They are b ones, muscles, skins, internal

organs, fat, and so on. When we change our p ose, we make v arious joints change their status

by activ ating muscles. The three dimensional shap e of our b o dy against our b ones is geomet-

rically deformed everywhere at p ose change in the sense that the muscles are involved in our

bo dy under the skin and ov er the b ones. The shap e change of muscles is the motive p ower of

our shap e deformation. Howev er, this deformation is generally quite small at many p ersons

and so from now on we put it out of consideration.

Considering ab out shap e deformation with the b ones, it is thought that the relation of the

bones provides human p ose and motion. Bone relationships are classi�ed into three typ es and

all the three types can approximate a kind of rotation relation.

F rom the other asp ect, deformable ob jects not limited from a geometrical viewp oint to

human b o dy are to b e de�ned that a p oint is seemed to b e mov ed from another p oint on the

ob ject when it is b eing deformed. In other words, a deformable ob ject is an ob ject which

changes the lo cation of the p oints on the ob ject in the lo cal co ordinate system of the ob ject

respectively in its deformation.

In addition, deformable ob jects are often classi�ed into two kinds. One is a free deformation

ob ject in which the mov ement of the p oints is all indep endent on deformation. The other is

functional deformation ob ject surface of which can b e expressed by certain function which

expresses p ose by its control parameters. F or example, sup er-quadric function expression is

classi�ed into this kind. An articulated ob ject is also classi�ed into the latter kind as its

special form. In the articulated ob ject, its three dimensional shap e is uniquely decided by

using several number of parameters which control deformation. Considering ab out the human

bo dy

, the function rotates the parts of the human b o dy according to its control parameters.

These parameters are called joint angle parameters. One of the features of the articulated

ob ject is that it is very hard to analyze the function that de�nes the overall shap e such as

di�erentiating, forecasting its b ehaviour, and so on.

In this research, our articulated mo del is expressed by the graph structure that the metamere

nodes are arranged on tree structure. It is considered that p ose is estimated if all the joint an-

gles b etween metamere no des are determined uniquely

. In general, this research can b e caught

as a case of the problem to obtain optimum v alue of this tens of the joint angles b ecause human

bo dy is provided by ov er ten metamere no des and tens of joint angle parameters.

1.2 Camera Pro jection and Silhouette Image

As image feature and camera mo del are strongly related to each other, the camera mo del is

discussed at �rst in this section b efore explaining what silhouette is.

W e assume orthographic pro jection on taking a picture of human b o dy by o cellus camera

in this research.

Generally

, most of the cameras are to b e mo deled by p ersp ective pro jection. howev er,

di�erence b etween the p ersp ective pro jection and orthographic pro jection b ecome obvious only

when the target ob ject comes closer to the camera fo cus and so we don’t reduce generality of

our research even if we reject such situations.

An ob ject contour shap e is used as an image feature in o cellus image in this research.

F undamen tal image features like pixel brightness, its color can b e obtained from an image,

and also, edges and regions can b e extracted from the fundamental image features. Several

researches hav e b een done to extract image features esp ecially for human b eings [21] [22] [23]

1.2. CAMERA PROJECTION AND SILHOUETTE IMAGE 7

[24] [25] [26] [27] [28], but they don’t consider robustness against light environment v ariation

and unlimited p ose change of the human b o dy .

A pro jection region of the human b o dy is observed on the image when taking a picture of

the human b o dy

. The image features which can b e extracted from the pro jection region are

brightness information in the region, edge information in the region, and its ob ject contour

shape.

It is di�cult to state brightness information is commonly useful on considering v arious

environmen ts of p ose and motion estimation b ecause the brightness could b e shifted or changed

according to the light condition, re ection rate distribution of the human surface, CCD color

characteristic of the camera and all these conditions should b e estimated or controlled in order

to reconstruct the shap e of the ob ject only from brightness information. Edge information

is exp ected to b e robust against the light condition and is useful to sp ecify the b order-lines

between the metameres, but is also di�cult to b e extracted b ecause false edges are found

in the pro jection region by textures on the human surface. It is di�cult to achiev e a high

reliability on edge extraction even if rejection of the false edges is theoretically p ossible by

tracking the transition of of the brightness information and analyzing texture throughout the

change of the human b o dy

. On the contrary

, the ob ject contour can b e obtained only if the

camera pro jection mo del is sp eci�ed and lo cation relation b etween the camera and the ob ject is

�xed. The ob ject contour can b e easily extracted by acquiring background image b eforehand.

In other words, the knowledge for the human b o dy is not needed in extracting the ob ject

contour. This means that the ob ject contour shap e can b e used as an absolute constraint

in p ose and motion estimation. Strictly sp eaking, there is p ossibility that the precise ob ject

contour cannot b e obtained due to the color resembleness b etween the human b o dy and the

background scene. How ever, it is easy to ev ade such situations.

Therefore, weak p ersp ective pro jection is assumed as camera mo del and the ob ject contour

of the pro jection region is used as an image feature in this research. This ob ject contour shap e

is called a silhouette in this text.

One of the fo cus p oints of this research is that how much p ose and motion estimation can

be done with the articulated mo del from only silhouette information. Our prop osed metho d

arranges the articulated mo del which has high exibility in three dimensional space to the

silhouette which is robustly obtained but gives limited clue to the p ose of the human b o dy .

Researches that adopt three dimensional articulated mo del hav e b een prop osed [29] [30],

but those are intended to estimate only two dimensional mov ement with input images. Some

other researches [31] [32] [33] [34] [35] [36] [37] [38] [39] achiev ed to estimate p ose and motion

with three dimensional articulated mo del. Howev er, the mo dels they prepared have only joint

angle information and don’t hav e explicit shap e information. Therefore, it is hard to ev aluate

pose corresp ondence in three dimensional measurement against input data.

The rest of this thesis is as follows: In Chapter 2, the basic p ose estimation metho d for

one silhouette image is presented. Strategies for traversing data structure in an articulated

model are also discussed in the chapter. In Chapter 3, a region based estimation metho d on

determining the p ose of the mo del is prop osed. Improv ed trav ersing rules are also shown in

this chapter. In Chapter 4, we integrate b oth region and edge image features for estimating

the p ose of the human b o dy

. In Chapter 5, the prop osed p ose estimation metho d is expanded

to apply motion estimation for silhouette image sequences by introducing inertia of the human

bo dy into the mo del. In Chapter 6, it is shown that motion estimation can b e executed with

less computation cost by using more precise motion region information which is extracted by

double-di�erence image pro cessing. This pap er is summarized in Chapter 7.

8 CHAPTER 1. INTRODUCTION

Chapter 2

P ose Estimation Based on Ov erlapp ed

Region Ev aluation

In this chapter, we prop ose new mo del matching algorithms to estimate the p ose of an articu-

lated ob ject from only one silhouette image and reveal the relationship b etw een the silhouette

and the ability of our algorithms.

In order to generalize the machine vision system muc h more, it is necessary to cover the

v ariety of the ob jects existing in our 3D real world. Therefore, we take up the articulated

ob jects which are an assembly of solid parts and whose deformations are fully controlled by

their joints. W e prop ose Pose Decision T ree to describ e the the mo del of the articulated ob ject

and make the system easy to handle the deformation of the mo del.

In the matching pro cess, an imp ortant problem is to select the kinds of image clues. Though

many researches have applied edges as the image clue, they might not b e stable b ecause the

statistical characteristics of the input image v ary largely

. So far we utilize the silhouette

information instead of edges.

On taking up the silhouette as the input information and utilizing the mo del expressed

by the Pose Decision T ree, we prop ose two matching algorithms, Order Indep endent Strategy

(OIS) and Order Indep endent Strategy (ODS), to estimate the p ose of the articulated ob ject.

The former one has the ability of partially parallel pro cessing and the latter one gives a go o d

estimated p ose similar to the original one.

W e hav e applied these two algorithms for a real human hand and human b o dy

. The

resultant p oses are quite similar to the original ones. Since the exp eriments for the real

ob ject inv olves v arious factors and it is di�cult to know the pure p erformance of our prop osed

algorithms, we also hav e exp erimented on the computer-generated silhouette images for the

hand and have shown that the average di�erence b etween the region pro jected by the estimated

pose and the original silhouette region b ecomes 1090:39mm

2

in OIS and 855:96mm

2

in ODS.

It is an interesting question whether the silhouette image is su�cient to estimate the

complete 3D p ose of the ob ject or not. If not, to what extent would the mo del matching

algorithm b e able to estimate the p ose with only one silhouette? W e also discuss this issue and

indicate the relationship b etw een the ability of the algorithm and the silhouette information.

W e b elieve this would b e a useful guide to other researchers.

2.1 Intro duction

3D mo del-based vision is one of the most imp ortant paradigms in computer vision. This is

because there is a lot of needs to extract v arious information such as its lo cation and its p ose

from a image in a situation where the ob ject itself is already known. Esp ecially

, the p ose

10CHAPTER 2. POSE ESTIMA

TION BASED ON OVERLAPPED REGION EV

ALUA

TION

estimation of articulated ob jects such as a human hand and a human b o dy is a fundamental

technique to conv ey a p erson’s will to computers, b ecause human b eings usually use �ngers or

a gesture to express it.

Though there are many non solid ob jects in our real 3D world, most of the researches have

intended to estimate a rotation or a lo cation of an solid ob ject in 3D world. Hence a more

exible framework which cov ers a wide v ariety of ob jects is needed.

Most of non solid ob jects are articulated ob jects [40] [41] [42] . The articulated ob jects

consist of several solid parts and the parts are connected each other at joints. Examples are

human b o dies and most of animals. As human b o dies commonly play a imp ortant role in the

domain of man machine communication, it is worth estimating their p ose.

There are tw o imp ortant p oints in this pap er. One is to show how to make a mo del for the

articulated ob jects and estimate a p ose of the mo del from one silhouette image. The other is

to show the limitation of using only one silhouette image in 3D mo del-matching. W e assume

only one image is given to our system.

On using a mo del that is suitable to an articulated ob ject, we should pay attention to the

point that a primary di�erence b etween solid ob jects and articulated ones is deformability

. The

deformation is fully sp eci�ed by the motion of the joints that follow some ob ject-dep endent

formulas. Therefore, the p ose of the mo del in our system should b e controlled by parameters

in the same wa y as the articulated ob ject.

There are many fundamental metho ds to extract a shap e from an image shap e from shading,

contour, texture, and so on. Hence our research situates in the domain of man machine

interface, we could control the environment in taking an input image. In this o ccasion, amongst

these clues a contour is thought to b e easiest to extract and none the less most stable against

noise and v ariation of light conditions. W e use only a silhouette of the ob ject and a silhouette

keeps less information than a gray-scaled image, therefore the other purp ose of this pap er is to

ev aluate whether or not the silhouette has enough information to reconstruct 3D information

with 3D mo del-based vision system. Some researches [43] [44] [45] hav e b een done for the

same purp ose, but their mo dels are in two dimensional representation and hence are not able

to represent three dimensional p ose.

W e make clear the background of this pap er in section 2.2. Section 2.3 provides a de�nition

and a description of the articulated ob jects and shows an algorithm to estimate a p ose of

the articulated ob ject by determining the values of mo del’s parameters. In section 2.4, two

applications are shown. W e cho ose a human hand and a human b o dy as real ob jects. Discussion

about limitation of using a silhouette is given in section 2.5. At last, in section 2.6, we give

the conclusions of this pap er and mention related future works.

2.2 Related W orks

There have b een many researches on the mo del matching pro cessing in the �eld of machine

vision. How ever, these researches have to o muc h constraints. One of them is that the ob jects

are solid and furthermore that they are represented by cylinders [46] or are constructed by

some straight segments [47, 48]. Though some of the researches hav e accomplished to reduce

the constraints in mo del-based vision [49, 50], they still hav e the constraint that the ob ject

cannot change their shap e.

There are many ob jects that are not solid in the real 3D world, and in some cases, they

play an imp ortant role in our so ciety

. Examples are human hands or human b o dies. Because

a man usually shows his intention by hands or gestures, it might b e useful for a computer

to recognize the p ose of them. These ob jects are an assembly of solid parts and are called

\articulated ob jects."

2.3. 3D SHAPE ESTIMA

TION WITH POSE DECISION TREE 11

In this situation, it is imp ortant for the system to estimate its 3D p ose rather than its

location. Some of the parts may b e o ccluded by the other parts (we call this state \self

occlusion"), which makes the p ose estimation much more di�cult. Horowitz and Pen tland

applied the Kalman �lter and extracted the shap e of each part shown in the image, but they

did not consider the p ossibility of self o cclusions [51]. Shakunaga used straight segments on

the surface of an ob ject to estimate the p oses of the parts. His algorithm works well when the

segment is seen in the image, but it has the same weakness in the case of self o cclusions [52].

Some researches are restricted to deal with the human b o dy [53, 54, 55, 56] or the hand[57,

58, 59]. They imp ose the p eculiar constraints, such that each part must b e represented by a

cylinder so that they can use \ribb ons" in the matching pro cess, or that self o cclusions are

restricted or have b een solved previously

. Due to this, the generality of the studies is considered

more or less lost.

So, there seems to exist a need of the new mo del matching algorithm that can cop e with the

self o cclusions and estimate the p ose of the articulated ob ject without any sp ecial constraints.

F rom this p oint, we prop ose the new algorithms which can cov er the v arious kinds of articulated

ob jects. W e also prop ose the Pose Decision T ree description to describ e the articulated ob jects

in our system.

In the previous researches, it is also noted that most of them use the edge information on

their mo del matching pro cessing. Though the edges are easy to use for the system, the system

does not extract them in a stable wa y b ecause the results of the extracted edges dep end on

the parameters in the edge extraction algorithm and it is di�cult to optimize the parameters

with the given image. Instead, our prop osed mo del-based vision system handle the silhouette

image. As the silhouette image dep ends on only the camera parameters and could b e extracted

stably

, it is a go o d clue to the p ose estimation.

2.3 3D Shap e Estimation with P ose Decision T ree

F or the p ose estimation of the articulated ob ject, we take a silhouette as input information

because it is relatively accessible in our constraints (intro duced in 2.3.1) and stable against

noise. One of the purp oses of this pap er is to estimate a p ose of the articulated ob ject from

only one silhouette.

In this section, we �rst introduce the constraints, then describ e the way of mo deling the

articulated ob jects using what we call \F orm Decision T ree." The last part includes a p ose

estimation algorithm for the articulated ob jects.

2.3.1 Constraints

The constraints introduced in our research are derived from the demands that we want to

achiev e our purp ose straight forward without bad in uences { such as the identi�cation of the

model or the estimation of the camera parameters { which are not related with the purp ose.

The constraints are classi�ed into three groups, one for the articulated ob jects, one for the

image acquisition environment, and the one for the input data to the system.

At �rst, we must make clear the kind of the articulated ob jects we handle. The constraints

about the articulated ob jects are shown b elow:

� The articulated ob jects hav e several solid parts and their parts are connected at the

joints, as we hav e mentioned b efore.

� They change their shap e under certain formulas. A deformation of the articulated ob ject

is fully controlled by the status of its joints, i.e. the v alues of the parameters which are

12CHAPTER 2. POSE ESTIMA

TION BASED ON OVERLAPPED REGION EV

ALUA

TION

attached to the joint.

� The solid parts can b e represented by a tree graph, that means they do not form a lo op.

At most one joint exists b etw een two solid parts.

� Regarding joints, we only consider rotation joints and not sliding joints, so they hav e at

most three parameters for each.

These constraints don’t reduce the generality of our mo del b ecause the real articulated ob jects

seldom have their solid parts form a lo op and have sliding joints. F or example, animals such

as human b eings and rob ot hands satisfy these constraints.

Our 3D mo del-based vision system estimates a p ose of the articulated ob ject from only one

silhouette. In the silhouette image, the target ob ject must app ears completely

. Self o cclusions

are not allow ed. As Our research do es not intend to recognize the target ob ject from a scene,

no other ob jects must not b e in the image.

At last, the constraints ab out input information are presented here. The system knows

the shap e information of its solid parts and the information ab out its joints in adv ance. The

information ab out the joints includes the relationship b etw een parts, number of freedoms and

the ranges of angle to rotate. Camera parameters sp eci�ed on taking an original image are

also known in adv ance. The system then accepts a silhouette and estimate a p ose of the target

articulated ob ject.

2.3.2 Mo deling with Pose Decision T ree (PDT)

The mo del for the articulated ob ject consists of the solid parts and the joints b etween them. As

the solid parts do not change their shap e, v alues of the joint parameters a�ect the deformation

of the mo del, in other words, the joint parameters control the p ose of the mo del completely .

In the 3D mo del-matching vision system, one of the imp ortant problems is how to describ e

a mo del in a computer, which is convenien t to the mo del matching. As the articulated ob ject

can change its shap e in v arious and complicated way

, its description for mo del-matching should

be hierarchical in order to pro ceed with the pro cess step by step[60]. F ortunately

, most of the

structures of the articulated ob jects are mo deled in a tree graph, so we describ e the mo del

using a tree structure. W e call this mo del description \Pose Decision T ree (PDT)."

In the tree, each no de represents a solid part and has its identi�cation num b er. Each arc

represents a joint and also has its identi�cation number. A link’s identi�cation num b er is the

same as the identi�cation number of the descendent no de in the PDT.

Because a no de in PDT represents a solid part of the mo del, it holds static attributes.

They are :

< No de Attributes >

1. Identi�cation number of this no de.

2. Identi�cation num b er of the descendent link. This is the same as the num b er of this

no de’s identi�cation number. (See Figure 2.1 for explanation.)

3. Geometric shap e information of the solid part represented in this no de’s lo cal right-hand

co ordinate system. The actual p oint of the joint tow ard ancestors is set to b e at the

origin of this co ordinate system. W e call this p oint a \connection p oint." In Figure 2.2,

we show an example of no de i.

4. The co ordinate v alues of the connection p oint in the ancestor no de’s co ordinate system.

2.3. 3D SHAPE ESTIMA

TION WITH POSE DECISION TREE 13

Exceptionally

, the ro ot no de do esn’t hav e Attribute no.2 and no.4. The ro ot no de has sp ecial

attributes that are used to determine the lo cation and the p ose of the ro ot no de in the 3D real

world.

Figure 2.1: Example of PDT

Figure 2.2: Attributes of no de i in PDT

Each arc in PDT represents a joint of the mo del. In addition to the static attributes, it

14CHAPTER 2. POSE ESTIMA

TION BASED ON OVERLAPPED REGION EV

ALUA

TION

has dynamic attributes that re ect a deformation of the mo del. As mentioned b efore, only

rotation joints are allow ed and their v alues determine the deformation. Rotation axes are

X-axis, Y-axis, and Z-axis.

< Arc Attributes >

1. Static : Angles of a priori rotation that express distortion b etw een two successive solid

parts.

2. Static : Selection of the axes. This determines which axis is to b e used.

3. Static : Order of the rotation axes. This is necessary b ecause the p ose that is formed

by turning around X-axis �rst and then around Y-axis is generally di�erent from a p ose

that is formed by turning �rst around Y-axis and then X-axis.

4. Static : Ranges of the rotation angles which sp ecify the low er and upp er b ound of rotation

at each axis.

5. Dynamic : Current rotation angles of joint parameters. Only the parameters in use is

allow ed to exist.

F rom the viewp oint of kinematics of the mo del, its deformation pro cess using the PDT

proceeds as follows. The world co ordinate system represents the 3D real world and let

X

w

= (x

w

; y

w

; z

w

; 1) t

as the notation of a p osition in the world. A p osition in the lo cal

coordinate system of the no de i is denoted by X

i

, where i is the identi�cation number of

the no de. A matrix T

r t(i);i is derived from the attribute no.4 of the no de i where each x

i

; y

i

; z

i

means the replacement along each axis and the function r t(i) returns the identi�cation number

of the ancestral no de i.

T

r t(i);i

=

0

B

B

B

@

1 0 0 x

i

0 1 0 y

i

0 0 1 z

i

0 0 0 1

1

C

C

C

A

(2.1)

Another four by four matrix R

r t(i);i is derived from Attribute no.1. Applying this matrix to

the co ordinates in the no de i is to apply the distorted rotations b etw een the solid parts in the

beginning.

A matrix V

R

r t(i);i is derived from Attribute no.3 and no.5 of the arc i. V

R(x)

r t(i);i means the

rotation transformation around the X-axis in the lo cal co ordinate system of no de no.i and

similarly , V

R(y )

r t(i);i and V

R(z )

r t(i);i are around lo cal Y-axis and Z-axis resp ectively . F rom now on we

call these parameters \joint parameters." Their v alues represent a p ose of the mo del. On

calculating V

R

r t(i);i

, the order of applying V

R(x)

r t(i);i

; V

R(y )

r t(i);i

; V

R(z )

r t(i);i is controlled by Attribute no.3 of

arc i. F or example, if the order of the arc i is sp eci�ed by the rotation around X-axis follow ed

by the rotation around Z-axis and Y-axis, V

R

r t(i);i is :

V

R

r t(i);i

= V

R (y )

r t(i);i

V

R(z )

r t(i);i

V

R (x)

r t(i);i

(2.2)

Concerning to the sp ecial attributes in the ro ot no de r , let V

T

w ;r and V

R

w ;r b e the transformation

matrices for the placement and rotation of the ro ot no de against the world co ordinate system

respectively .

Supp ose we take a no de i and assume the ro ot no de r . (See Figure 2.3.) In this PDT,

the arc b etw een no de j and j � 1 is num b ered as j . A p osition X

i is converted into X

j in a

following manner:

2.3. 3D SHAPE ESTIMA

TION WITH POSE DECISION TREE 15

1. Let k i.

2. Obtain X

r t(k) from Equation (2.3).

X

r t(k )

= T

r t(k );k

R

r t(k );k

V

R

r t(k );k

X

k

(2.3)

3. Change k r t(k ). Go to step 2 if k 6= r .

4. Finally X

w is obtained from Equation (2.4).

X

w

= V

T

w ;r

V

R

w ;r

X

r

(2.4)

T o change the p ose of the mo del, apply the pro cess to every no de in the PDT. The no des

which are close to the ro ot no de must b e estimated earlier than the farther ones.

Figure 2.3: Mo del deformation in PDT

2.3.3 Estimation Algorithm

The 3D mo del-based vision system for the articulated ob ject should solve tw o problems. One

is to solve the lo cation of the ob ject in the 3D real world and the other is to solve the p ose of

the ob ject. Solving the former one is equal to �nd the b est v alues for the sp ecial attributes of

the ro ot no de and the latter one is equal to determine the v alues for the joint parameters that

make the pro jected region of the mo del b est matching to the image.

Based on the constraints and the mo del describ ed in the PDT, we describ e how to estimate

a p ose of the articulated ob ject from only one silhouette image.

This algorithm consists of tw o parts. First, to determine a p ose of the solid part corre-

sponding to the ro ot no de in a mo del-dep endent way

. Second, to determine the p oses of the

other parts sequentially in a certain order. W e prop ose two algorithms one of which is p ossible

to pro ceed partially in parallel.

16CHAPTER 2. POSE ESTIMA

TION BASED ON OVERLAPPED REGION EV

ALUA

TION

Step 1 : Mo del Matching On Ro ot No de

In the �rst step of the algorithm, the system determines the lo cation and the p ose of the solid

part corresp onding to the ro ot no de in the PDT. The lo cation and the p ose is sp eci�ed through

the sp ecial attributes V

T

w ;r and V

R

w ;r of the ro ot no de k .

T o execute this step, the information of the image plane on which the silhouette exists in

the 3D real world is required. It can b e taken from the constraints mentioned in Section 2.3.1.

As we have not determined any joint parameters at this step , the system should calculate

V

T

w;r and V

R

w ;r with only one solid part which represents the ro ot no de in PDT. It analyzes the

di�erence b etw een the pro jected image of the solid part and the silhouette previously given,

and mo di�es V

T

w;r and V

R

w ;r until they b ecome well matched.

Because the algorithm of this step dep ends on the target real ob ject, details are discussed

in section 2.4.1 and 2.4.2.

Step 2 : Mo del Matching On Other No des

Here we prop ose tw o algorithms which determine all the p oses of the remaining solid parts

other than the ro ot solid part one by one with ov erlap information b etween the silhouette and

the pro jected area of the parts.

In the 3D mo del-based vision system, it is imp ortant how to lead the matching pro cess so

that the system preven ts the pro cess from failing in lo cal minima and reduces calculation cost.

F or these purp oses, matching indicators play an imp ortant role. As for a solid ob ject, only

location and rotation parameters in 3D real world, actually there are six parameters, are enough

to b e taken as matching indicators b ecause the sp eci�cation of these v alues directly identi�es

the mo del’s p ose. But in case of an articulated ob ject, there are many joint parameters in the

model. In addition, only one silhouette image is given to the system. Therefore we de�ne a

new matching indicator E . This indicator means the amount of Exclusive-OR area b etween

the silhouette and the pro jected region of the mo del.

E =

X

i2D

S (i) � P (i) (2.5)

Where a closed region D is a area clipp ed by camera parameters in the image plane and i is

a p oint in D . A function S (i) returns a v alue 1 when i is in the silhouette and a v alue 0 out

of it. P (i) is a pro jection function and returns a v alue 1 when the mo del is pro jected onto

the p osition i and otherwise returns a value 0. If E b ecomes 0 at the end of the matching

process, the matching-pro cess is considered to b e completely attained. F rom the viewp oint

of handling the 3D world, there can b e a mismatch even if E b ecomes 0. (See Figure 2.4 for

example.) This problem comes from the constraint that we give only one silhouette image to

our 3D mo del-based vision system. It will b e discussed in Section 2.5.2 in details.

T o bring E gradually into 0, a mo di�cation of Equation (2.5) is needed. Analysis of the

right hand in Equation (2.5) leads to the decomp osition of the algorithm. First, this can b e

written as

E = E

out

+ E

in

(2.6)

where E

out and E

in are in the forms

E

out

=

X

i2D

(1 � S (i)) � P (i) (2.7)

E

in

=

X

i2D

S (i) � (1 � P (i)) (2.8)

2.3. 3D SHAPE ESTIMA

TION WITH POSE DECISION TREE 17

Figure 2.4: Same silhouettes of di�erent p oses

Minimizing E

out prevents the mo del’s pro jection in the image plane from going out of the

silhouette region. It works as if it could make the pro jection push into the silhouette region.

Therefore, while we call the former constraint (2.7) \outer pressure condition," we call the

latter constraint (2.8) \inner pressure condition" which makes the mo del matching �ll the

silhouette region with the pro jected region completely .

Both (2.7) and (2.8) are not enough to implement the actual matching pro cess b ecause the

model’s p ose is determined from the ro ot no de tow ards the leaf no des. So these conditions

should b e mo di�ed into another form in which the calculation of E can b e decomp osed into

sub-modules that are carried out only based on the information of the no de under investigation

and the no des already pro cessed. Though there are many wa ys to deform them, we take care

of the in-dep endency of each term and change them into :

E

out

=

X

i2D f(1 � S (i)) �

X

n

P

n

(i)g

=

X

n

X

i2D f(1 � S (i)) � P

n

(i)g (2.9)

E

in

=

X

i2D fS (i) � (1 �

X

n

P

n

(i))g

=

Y

n

X

i2D fS (i) � (1 � P

n

(i))g (2.10)

where a subscript n applies all the no de’s identi�cation numbers in the PDT and the function

P

n

(i) returns a v alue 1 if the pro jection of the no de n cov ers the p osition i in the image

plane and a v alue 0 otherwise. As the op erators

P

n and

Q

n related with the identi�cation

num b ers are moved outw ard of the right items, each m out

i

=

P

i2D f(1 � S (i)) � P

n

(i)g and

m in

i

=

P

i2D fS (i) � (1 � P

n

(i))g can b e calculated indep endently of the other no des.

If the matching pro cess comes to a certain no de i, V

R

r t(i);i can b e determined to make

m out

i

+ m in

i minimum without considering the no des that do not exist on the path to the ro ot

18CHAPTER 2. POSE ESTIMA

TION BASED ON OVERLAPPED REGION EV

ALUA

TION

node in the PDT. Hence this algorithm is describ ed as follows.

< Order Indep endent Strategy (OIS) >

1. Let F b e a set of no des including only the ro ot no de in the PDT. The no des which are

next to the ro ot no de are in the set N . Other no des are included in the set R.

2. Cho ose one no de from N arbitrarily

. Let the identi�cation number of this no de b e i.

Mov e the no de i from N into F . The no des which are next to the no de i in R are moved

into N . (See Figure 2.5.)

3. Find the v alues for V

R

r t(i);i which make m out

i

+ m in

i minimum. Y ou should pay attention

to the p oint that all the joint parameters on the path from the ro ot no de to no de i have

b een determined b efore.

4. Until N b ecomes empty

, go to step 2.

When all the no des in the the PDT hav e pro cessed, the p ose of the mo del is determined. It

is obvious that the order of the no de choice at step 2 in this algorithm makes no e�ect on

the result, so this algorithm is indep endent of the order of the pro cessing. The algorithm also

makes it p ossible to pro ceed partially in parallel. When a no de is taken to b e matched at step

3, it is never a�ected from the results of its brother no des or children no des in the PDT. So

the same number of the pro cesses as that of the no des in N can b e executed in parallel.

Figure 2.5: Status in the matching pro cess

If several joint parameters can not b e determined at step 3, they are marked as \non-

determined" joint parameters. This happ ens when m out

i

+ m in

i is constant regardless of the

v ariation of the joint parameters. In this case, the system also marks the descendent arcs

as non-determined, and the values of these parameters are set arbitrarily provided that the

pro jections of the descendent solid parts do not make E worse.

2.3. 3D SHAPE ESTIMA

TION WITH POSE DECISION TREE 19

The OIS algorithm has a tendency to rotate the solid part under consideration to cov er the

silhouette region as much as p ossible with the pro jected region. This is conspicuous when the

pro jected region is completely included in the silhouette region regardless of the variation of

the rotation angles. W e call the part pro jecting the region in this situation \complete o ccluded

part."

Unfortunately

, the OIS algorithm has several disadv an tages. One is derived from the

approximation of (2.7) and (2.8) into (2.9) and (2.10). The matching pro cess is accomplished

by reducing the sum of (2.9) and (2.10) to 0. The problem is that minimizing E

0

do es not

guarantee the minimum of E .

min E = min(E

out

+ E

in

) = min

X

i

(m out

i

+ m in

i

)

min E

0

=

X

i fmin(m out

i

+ m in

i

)g (2.11)

This is b ecause of the characteristic of the PDT, i.e. each p ose of the solid parts must b e

determined in a direction from the ro ot to the leav es. If we intend to av oid the inequality

between E and E

0

, we must deal with all the joint parameters in E at the same time. It is

not a realistic wa y from the viewp oint of calculation cost. On the contrary to that defect, the

calculation cost of the OIS algorithm is suppressed b ecause the OIS algorithm pro ceeds along

just as the same wa y of determining the p ose of the mo del in the PDT,

Another disadv antage is that this algorithm do es not alwa ys cover the silhouette region

completely by the pro jection region of the mo del. In the result region of the pro jection there

may b e a \sp ot" on the image plane where many solid parts are pro jected, or a \sp ot" where

no solid part is pro jected. T o avoid the o ccurrence of such a sp ot, we intro duce the next

algorithm.

< Order Dep endent Strategy (ODS) >

1. Let a set F include the ro ot no de in the PDT. No des which are next to the ro ot no de

are in a set N . Other no des are included in a set R.

2. Cho ose one no de from N arbitrarily

. Let this no de’s identi�cation num b er b e i. Move

the no de i from N into F . No des which are next to the no de i in R are moved into N .

3. Find v alues for V

R

r t(i);i which make m

0out

i

+ m

0in

i minimum. m

0out

i and m

0in

i are given as

follows:

m

0out

i

=

X

i2D f(1 � S (i)) � (1 � Q(i)) � P

n

(i)g (2.12)

m

0in

i

=

X

i2D fS (i) � (1 � Q(i)) � (1 � P

n

(i))g (2.13)

Where the function Q is :

Q(i) =

8

<

:

1 when at least one solid part has already b een

pro jected onto the p oint i.

0 otherwise.

(2.14)

4. Mark data of p oint i where the p oint is covered by the pro jected area of no des in F for

all i in the image plane.

5. Until N and R b ecome empty

, go to step 2.

20CHAPTER 2. POSE ESTIMA

TION BASED ON OVERLAPPED REGION EV

ALUA

TION

Although the result of the algorithm is in uenced by the order to cho ose the no des in step 2

and cannot b e pro cessed in parallel, it has a tendency to cov er all the silhouette region by the

region pro jected by the solid parts in the mo del. By using the function Q, the system knows

the accumulated region which is the union of the regions pro jected by the no des which hav e

been pro cessed. Due to the rejection of the accumulated region from the silhouette region, the

system could cov er the yet non-cov ered silhouette area with the pro jected region of the solid

ob ject under investigation by adjusting the joint parameters.

The ODS algorithm shows a quite di�erent b ehaviour when it comes across the complete

occluded part. According to the step 3, it mov es the part in order that the pro jected region

cov ers the remaining region as muc h as p ossible where S (i) � (1 � Q(i)) returns a value 1. In

the case the accumulated region where the function Q returns a v alue 1 has already covered

most of the silhouette region, it is b etter for the system not to cover the remaining region with

the pro jected region rather b ecause such a covering over the remaining region sometimes fails

in making a gap b etween the pro jected region and the silhouette region, and as a result, it

comes to increase E . More discussion will b e shown in Section 2.4.2.

2.4 Applications

W e apply the tw o algorithms and show exp erimental results for real ob jects. The target ob ject

must satisfy the constraints in Section 2.3.1 and more ov er, it should b e av ailable in man

machine interface. W e cho ose a human hand and a human b o dy as the target articulated

ob jects since they are quali�ed completely for these requirements. Both of them consist of

many solid parts and joints, and the estimation of their p ose is di�cult for the conv entional

methods b eing used for solid ob jects. In addition, b ecause a gesture which signi�es a p erson’s

inten tion is usually represented by his hands or b o dy

, we think they are go o d examples for our

experiments.

In this section, we make clear the constraints and information given to the 3D mo del-based

vision system in detail and explain the �rst step of our algorithm which was brie y describ ed

previously in Section 2.3.3. Several exp erimental results are also shown for the human hand

and the human b o dy

, resp ectively .

2.4.1 Hand

W e pick up a human hand as the target ob ject for the �rst exp eriment of our research. Because

a man usually shows his inten tion by hands, it might b e useful to estimate the p ose of the

hands in the �eld of man machine interface. Several researches have b een done to recognize the

pose of the hands, but their metho ds only recognize the p ose as a symbol [57, 58, 59]. In these

researches the system should b e reconstructed if the set of the symbols that were represented

by p oses of the hand were mo di�ed. Therefore, these are not general. On the contrary

, our

system simply �nds out the v alues of the joint parameters which make the estimated p ose �t

well to the image. On applying our system, we can divide the hand recognition system into tw o

modules, the former one is our system and the latter one is the symbol classi�cation system.

In this case, since the latter system simply accepts the resultant joint parameters and has no

need to deal with image pro cessing, it can b e consisted for general purp ose easily .

Constrain ts

The ob ject is the bare right hand of a man. It includes the �ngers, the palm, and the forearm.

The geometric shap e information of the hand is fully measured and utilized by the system.

2.4. APPLICA

TIONS 21

W e introduce the following constraints in the exp eriment.

� No ornament is attached to the hand.

� Concerning its p ose, the wrist and other joints in the hand can b e b ent arbitrary in the

extent the hand can b e normally allowed. The rotation around the forearm axis is also

allow ed.

� On acquiring the image, the forearm axis must b e p erp endicular to the camera direction

which means the direction from the camera lens center to the ob ject. So the forearm

axis lies on the plane which is p erp endicular to the camera direction.

� The distance b etw een the camera and the plane on which the forearm axis lies is known

to the system. All the other camera parameters are also known to the system.

� The forearm go es out of the image frame halfwa y b etween the wrist and the elb ow. The

image should include the �ngers and the palm p erfectly

, but self o cclusions are allowed.

� The background of the image is black colored and no other ob jects are taken together

into the image. The image is �rstly taken as a gray scaled image, but it is conv erted

into a binary image where the pixel in the silhouette region has a v alue 1 and in the

background region do es a value 0.

Hand Mo del

Here we construct a mo del for the hand.

According to anatomy

, it is natural to think that one b one corresp onds to only one solid

part. The hand including the forearm consists of 29 b ones. Some of them are considered to b e

tied �rmly . F or example, though the palm part contains 12 b ones, the joints b etween them can

be b ent very little. The forearm part consists of 2 b ones, which can not change their relative

location. Therefore, less than 29 parts is su�cient to make the hand mo del. In this pap er, we

apply a mo del consisted of 17 parts: three parts for each �nger, one for the palm and one for

the forearm. Consequently

, the PDT has 17 no des and 16 arcs.

The problem when we represent the mo del in the PDT is to decide which part corresp onds

to the ro ot no de. The lo cation of part corresp onding to the ro ot no de must b e extracted

accurately b ecause ab erration of the lo cation may fails to accomplish the p ose estimation at

the later step in the mo del matching algorithm. W e choose the forearm part as the ro ot

node b ecause the forearm is a relatively larger part than the others and b ecause it is placed

perp endicular to the camera direction.

Figure 2.6 shows the solid parts of the hand mo del and Figure 2.7 shows its PDT graph

structure. T able 2.1 shows the range of rotation angles (Arc Attribute no.4) of the arcs. In

the table, w

R(A)

means the range of the rotation around A-axis in the lo cal co ordinate system

of the no de, the num b er of which is denoted in the left most column in the row. V alues are

expressed in degree. A column with a bar means no rotation is allowed around the axis.

The actual geometric shap es of the solid parts corresp onding to the �ngers and the forearm

are describ ed by elliptic cylinders at the top and the b ottom of which hemispheres are attached.

P ose Estimation of the Ro ot No de

In the �rst step of the mo del matching pro cess, the system extracts the direction and the

location of the forearm axis in accordance with the constraints shown in Section 2.4.1.

22CHAPTER 2. POSE ESTIMA

TION BASED ON OVERLAPPED REGION EV

ALUA

TION

Figure 2.6: Hand mo del

T able 2.1: Rotation range of the hand joints

arc w

R (X )

[deg] w

R(Y )

[deg] w

R(Z )

[deg]

1 85 - 40

2 55 - 85

3 - - 50

4 - - 90

5 90 - 20

6 114 - -

7 76 - -

8 90 - 20

9 114 - -

10 76 - -

11 90 - 15

12 114 - -

13 76 - -

14 90 - 20

15 114 - -

16 76 - -

2.4. APPLICA

TIONS 23

Figure 2.7: PDT of the hand mo del

W e pay attention to the geometric shap e of the forearm part. It is represented by an

elliptical cylinder. As it is lo cated in the way its axis and the camera direction b ecome

orthogonal, a pair of lines, that are lo cated on the surface of the elliptical cylinder to which

the line from the camera center to the ob ject tangents, corresp ond to a pair of straight segment

pair in the silhouette contour and are parallel with the forearm axis. Therefore the middle line

between two straight segments which start from the b oundary of the image frame should b e

the pro jected line of the forearm axis (Figure 2.8).

With the lo cation of the middle line in the image plane, the system can calculate the 3D

location of the forearm axis according to the camera parameters.

Then the system needs to sp ecify the rotation angle around the forearm axis. Let an elliptic

cylinder b e pro jected on a region whose width is AB in the image plane (Figure 2.9 < 1 >). The

image plane is represented by the line on the right side. There are three other p ossible p oses

which shares the same cylinder axis (denoted as a black dot). The mo dels in those p oses are

pro jected in the width AB (Figure 2.9 <2

>; <3

>; <4

>). Since the system can not distinguish

these four cases, the system takes all of them as the ro ot p ose candidates.

In the second step, the system executes the mo del matching algorithm intro duced in Section

2.3.3 for every ro ot p ose candidate. In the �nal step, the system takes one of the resultant

poses of which E is the minimum among them.

24CHAPTER 2. POSE ESTIMA

TION BASED ON OVERLAPPED REGION EV

ALUA

TION

Figure 2.8: Lo cation of the forearm axis

Exp erimental Results

The two algorithm OIS and ODS is executed on 21 sample images. 8 of them is a size of

580 pixels by 420 pixels and 13 of them is a size of 600 pixels by 400 pixels. The distance

between the camera and the hand is ab out 1500mm. Because of the distance and the camera

parameters, we adopt orthogonal pro jection as the pro jection algorithm. As a result, one pixel

becomes a square of 0:5mm by 0:5mm.

Unfortunately

, it is di�cult to verify the matching degree in the 3D world b ecause we

hav e no further information o ccluded by the front part with only one image and unable to

reconstruct the 3D p ose completely

. The matching degree in this pap er is therefore examined

by the matching indicator E . T able 2.2 shows the averages of E of the resultant p oses. The

di�erence b etw een the result of OIS and that of ODS is relatively small (296mm

2

). As OIS

has an adv an tage of the partially parallel pro cessing, it is said that the OIS algorithm is the

better of the two in terms of the pro cessing time. On the other hand, if the resultant p ose is

required to resemble the shap e of the silhouette region, ODS is b etter since it generates the

better resultant p ose. This is b ecause it has a tendency to cover the whole silhouette region

with the pro jected region of the hand mo del.

T able 2.2: Averages of E for the hand

OIS ODS

E [mm

2

] 3340 3044

E

S ilhouette

0.215 0.196

Area average of the silhouettes = 15548.7 [mm

2

].

Among them, �ve exp erimental results are shown in Figures 2.10, 2.11, 2.12, 2.13 and 2.14.

Here these images are reversal. In each �gure, (a) is the original gray scaled image and (b)

2.4. APPLICA

TIONS 25

Figure 2.9: Pro jection of an elliptic cylinder

is the converted silhouette image, which is given to the system. The OIS algorithm estimates

the p ose and the result is shown in (c). In (d), the mo del is rotated 180 o

around the forearm

axis from the p ose in (c). (e) and (f ) are similar to (c) and (d), resp ectively

, except for the

point that ODS generates them. The resultant p ose of ODS in (e) is more accurate than that

of OIS in (c) as an estimation using the silhouette image (b).

In some cases, OIS and ODS show di�erent results as are shown in these �gures. These

di�erences are derived from the existence of the complete o ccluded parts. (See (d) and (f ) of

Figure 2.10 for example). Though the p oses of the third �nger and the little �nger are quite

di�erent, those �ngers make little e�ects on the matching indicator E . Because the opp osite

side of the o ccluded region can not b e seen at all, we have no further information for judging

which is right.

26CHAPTER 2. POSE ESTIMA

TION BASED ON OVERLAPPED REGION EV

ALUA

TION

(a) Original image (b) Silhouette image

(c) OIS: Result p ose (d) OIS: Opp osite p ose

(e) ODS: Result p ose (f ) ODS: Opp osite p ose

Figure 2.10: Hand exp eriment no.1

2.4. APPLICA

TIONS 27

(a) Original image (b) Silhouette image

(c) OIS: Result p ose (d) OIS: Opp osite p ose

(e) ODS: Result p ose (f ) ODS: Opp osite p ose

Figure 2.11: Hand exp eriment no.2

28CHAPTER 2. POSE ESTIMA

TION BASED ON OVERLAPPED REGION EV

ALUA

TION

(a) Original image (b) Silhouette image

(c) OIS: Result p ose (d) OIS: Opp osite p ose

(e) ODS: Result p ose (f ) ODS: Opp osite p ose

Figure 2.12: Hand exp eriment no.3

2.4. APPLICA

TIONS 29

(a) Original image (b) Silhouette image

(c) OIS: Result p ose (d) OIS: Opp osite p ose

(e) ODS: Result p ose (f ) ODS: Opp osite p ose

Figure 2.13: Hand exp eriment no.4

30CHAPTER 2. POSE ESTIMA

TION BASED ON OVERLAPPED REGION EV

ALUA

TION

(a) Original image (b) Silhouette image

(c) OIS: Result p ose (d) OIS: Opp osite p ose

(e) ODS: Result p ose (f ) ODS: Opp osite p ose

Figure 2.14: Hand exp eriment no.5

2.4. APPLICA

TIONS 31

2.4.2 Human Bo dy

In the second exp eriment, we take up a human b o dy

. A human b o dy is a typical articulated

ob ject and yet more di�cult to estimate its p ose from its image. How ever, since a man

expresses his intention not only by his hands or words but also by his gesture in his daily life,

the metho d of estimating the p ose of the human b o dy will b e an essential technique for a new

man machine interface of computers.

Constrain ts

Here, the target articulated ob ject is the whole b o dy of a woman. The geometric shap e

information of the b o dy is obtained by measuring a woman with a 3D range sensor.

� The b o dy wears no ornaments and no deformable things. Only the clothes that are �tted

tightly to the b o dy is allow ed. T o remov e the deformability of the hair, a bandage covers

it.

� All the joints are allowed to b e b ent as far as in a normal extent. Both sides of the neck

part should b e seen from the camera. Except for this, self o cclusions are allow ed.

� The neck axis, which is the same as that of the spinal cord, is p erp endicular to the o or.

F rom the camera, b oth sides of the neck must b e seen.

� The camera is set to b e horizontal. The distance from the camera to the b o dy and all

the camera parameters are given to the system as a priori information.

� The whole of the b o dy must b e seen and no other ob ject should not b e seen in the image.

� The color of the background of the image is black. The image is taken as a gray scaled

image, and then it is converted into a binary image where a pixel in the silhouette region

returns a v alue 1.

In our exp eriment, we take images in the situation in which the woman is walking.

Human Bo dy Mo del

Similar to the hand mo del, it is natural to think that one b one corresp onds to only one solid

part. Although the human b o dy consists of more than one hundred b ones, many of them are

tied �rmly or to o small to b e consider in the mo del matching. F or example, a hand consists of

27 b ones but each one is to o small compared with the other parts such as arms or legs. Thus,

it is not reasonable to handle b oth the hands and other large parts together.

W e divide the human b o dy into 17 solid parts. The division is made at the joints which

can b e b ent to a large extent and their adjacent parts are relatively large. The parts are a

head, a neck, tw o upp er arms, two forearms, two hands, a chest, a waist, tw o thighs, tw o legs

and tw o fo ots. As a result, there 17 no des and 16 arcs in the PDT.

As we have mentioned, the choice of the ro ot no de a�ects muc h on the later mo del-matching

process. W e cho ose the neck part for the ro ot no de so that the system do es not misplace the

ob ject. The constraints guarantee the extraction of the two segments corresp onding to b oth

sides of the neck part and the system can easily estimate the lo cation of the neck.

The geometric shap e information of the solid parts and their identi�cation num b ers in the

PDT are sp eci�ed as shown in Figure 2.15 and its graph structure is shown in Figure 2.16.

T able 2.3 shows the ranges of rotation angles (Arc Attribute no.4) of the arcs. V alues are

expressed in degree. No de 0 represents the ro ot no de which corresp onds to the neck part. The

32CHAPTER 2. POSE ESTIMA

TION BASED ON OVERLAPPED REGION EV

ALUA

TION

root no de (no de 0) has two descendants, one is no de 1 and the other is no de 2, which represent

the head and the chest, resp ectively .

Figure 2.15: Human b o dy mo del

The actual geometric shap e information of the solid parts have b een obtained by the range

data and is expressed in the patch-modeling description. The shap e of the neck part is similar

to a trap ezoidal cone.

Unfortunately

, the shap e information near the connection p oints is not so accurate b ecause

the data is obtained from the woman in certain p ose and no information is av ailable on b ending

the joints. W e attach an ellipsoid b etw een two solid parts to interpolate its shap e.

P ose Estimation of The Ro ot No de

In the �rst step of the mo del matching pro cess, the system estimates the 3D lo cation of the

solid part corresp onding to the ro ot no de in accordance with the constraints shown in Section

2.4.2.

As Many go o d researches [61] [62] [63] [64] [65] [66] [67] [68] [69] [70] have b een prop osed

to extract human face from an image, we don’t concentrate on how to lo cate the ro ot no de in

the case it is head part.

How ever, considering ab out silhouette region, it is reasonable to select the neck part for the

root no de of the PDT b ecause its lo cation can b e easily estimated. The algorithm to estimate

the lo cation of the neck part is executed in the following manner.

2.4. APPLICA

TIONS 33

Figure 2.16: PDT of the b o dy mo del

F rom the silhouette contour the system �nds two segments which corresp ond to the sides

of the neck part. Searching from the top of the contour, the system extracts the tw o segments

which are straight and the distance of which are almost the same as the diameter of the neck

part. (See Figure 2.17.)

Second, it calculates the center line of the two segments. Because the neck part is p erp en-

dicular to the o or, the center line corresp onds to the pro jected neck axis.

Then, calculate the 3D lo cation of the neck axis in accordance with the camera parameters.

Unfortunately

, it is di�cult to determine the rotation angle around the neck axis only by

the pro jection of the neck part. The system calculates the angle so that the pro jection of the

neck part �ts the silhouette region b est, but its resultant p ose do es not usually match the

pro jected region of the real neck. T o cop e with the problem, the joints to the head and the

chest part are allowed to rotate widely around the neck axis. See the column w

R(Y )

at the arc

1 and arc 2 in T able 2.3. This allows the system manage to cop e with the lo cation failure in

estimating the p ose of the neck part in the second step of our algorithm.

Exp erimental Results

W e hav e exp erimented with tw o algorithm, OIS and ODS, for 15 sample images. The size of

the images is 320 pixels by 360 pixels. The distance from the camera to the b o dy is ab out

400cm. One pixel b ecomes a square of 4:43mm by 4:43mm.

34CHAPTER 2. POSE ESTIMA

TION BASED ON OVERLAPPED REGION EV

ALUA

TION

T able 2.3: Rotation range of the b o dy joints

arc w

R (X )

[deg] w

R(Y )

[deg] w

R(Z )

[deg]

1 40 180 30

2 20 360 20

3 200 - 110

4 160 110 -

5 40 180 85

6 180 - 110

7 160 110 -

8 40 180 85

9 20 40 20

10 40 100 60

11 110 70 40

12 120 - -

13 80 40 70

14 110 70 40

15 120 - -

16 80 40 70

As in the case of the hand, we use the matching indicator E for the ev aluation of the

matching result. T able 2.4 shows the average E of the resultant p oses. The di�erence b etw een

OIS and ODS is 21095mm

2

. Whereas in the exp eriment for the hand ODS improv es the result

E only by 8:83% compared with that of OIS, here for the human b o dy it improves the result

by 21:81% compared with that of ODS. The reason why the ODS algorithm has the adv antage

against the OIS algorithm is considered as follows. The silhouettes for the human b o dy have

quite large, long and narrow regions sticking outwards. The OIS algorithm hardly cov ers those

sticking regions whereas the ODS algorithm covers them many times. Supp ose the situation

Figure 2.17: Lo cation of the neck axis

2.5. DISCUSSION 35

that the solid part i under consideration in step 3 of the OIS algorithm is lo cated near the base

of the sticking-out region. In many cases, the system sets it inner part of the silhouette region.

If the system set the no de i to cov er the sticking-out region, there might b e a p ossibility of more

or less increasing m min

i

+ m out

i even if its pro jected region �ts well with the sticking-out region,

because there is still a little di�erence b etween two regions. On the other hand, in the same

situation the ODS algorithm can cover the sticking-out region well only if the accumulated

region, where the function Q returns a v alue 1, has already cov ered most of the silhouette

region. Since the accumulated region is considered to b e eliminated from the silhouette region

in the ODS algorithm, the p ose covering the sticking-out region makes m min

i

+ m out

i smaller.

Even if there exists not a little gap b etween its pro jected area and the sticking-out region, it

does not prevent the ODS algorithm from cov ering the sticking-out region. Thus ODS works

muc h b etter than OIS in the case of the p ose estimation of the human b o dy .

T able 2.4: Averages of E for the b o dy

OIS ODS

E [mm

2

] 96581 75486

E

S il houette

0.298 0.233

Area av erage of the silhouettes = 324503 [mm

2

].

Five of the exp erimental results are also shown in Figures 2.18, 2.19, 2.20, 2.21 and 2.22.

All of these �gures are reversal. Similar to Section 2.4.1, (a) shows the original gray scaled

image and (b) is the converted silhouette image from (a). The resultant p oses of the OIS and

ODS algorithm are shown in (c) and (e), resp ectively . W e also show the images which are

taken from the opp osite side of the resultant p oses, such that (d) corresp onds to (c) and (f )

to (e).

In these exp erimental results, the adv an tage of the ODS b ecomes more obvious in the case

of dealing with a complete o ccluded part in comparison with those of the hand. On that case,

the OIS algorithm tends to cov er the silhouette region as much as p ossible with its pro jected

region. As the solid parts are similar to cylinders, the OIS algorithm may also said to have

a tendency to lay down the complete o ccluded part in the image plane. How ever, as the

silhouette region is generally long and narrow in our exp eriments, the OIS algorithm often

fails in having the descendant part stick ed out from the silhouette region. F or example, see

Figure 2.18. The OIS places the left upp er arm in the wa y its elb ow comes b ehind the head

and as a result, the descendent forearm and hand parts are misplaced completely

, whereas the

ODS algorithm avoids that.

2.5 Discussion

In the section 2.4, we show ed the exp erimental results of which the matching indicator E was

small but not reduced to 0. The 3D mo del based vision system using only one silhouette image

has three issues related one another.

1. Is there any factor that improv es the matching algorithm in order to estimate the b etter

p ose in our framework ?

2. Is it p ossible for the 3D mo del based vision to decrease E into 0 from only one silhouette

image ?

36CHAPTER 2. POSE ESTIMA

TION BASED ON OVERLAPPED REGION EV

ALUA

TION

3. How much extent do es the resultant p ose, of which E is 0, resemble the real p ose in the

sense of 3D measurement ?

W e take up the human hand as the typical articulated ob ject and discuss these issues in a

practical wa y . T o argue the �rst issue, a supplemental exp eriment is necessary and is describ ed

in Section 2.5.1. The second and third issues are discussed together in Section 2.5.2.

2.5.1 V eri�cation of OIS and ODS

In this section, we wan t to disclose the ability of the OIS and ODS algorithms prop osed in

Section 2.3.3. There are tw o factors that are not related with the essence of those algorithms

and so far we should remov e in the exp eriment.

One of the reasons why the results of the exp eriment shown in the section 2.4 could not

reduce their E into 0 is considered to b e derived from the geometrical inconsistency b etween

the real hand and the hand mo del in the system.

As we have mentioned in Section 2.4.1, each of the solid parts except for the palm are

represented by an elliptic cylinder attached by tw o hemispheres on b oth ends. In this mo deling

method, it is di�cult to represent muscles b etween the parts. Though they o ccupy not a large

part of the hand, yet they surely exist. W e could avoid this disadv antage by adding the

deformable parts representing the muscles b etween the solid parts, since it is relatively easy

to mo dify our algorithms to cop e with the deformable parts which are controlled by the joint

parameters.

Nonetheless, there exists the geometric inconsistency b etween each of the solid parts and its

corresponding real part. This may b e yielded by the lack of the ability of the mo deling metho ds,

or the errors in measuring the real hand might cause the inconsistency

. The imp ortant p oint is

that there certainly remains the inconsistency as far as we take up the real articulated ob ject

as the target.

There is another issue that makes E worse. It comes from the error of lo cating the forearm

part that corresp onds to the ro ot no de. It is di�cult for the system to recov er the in uence

yielded by by the error on the ro ot no de. Since we are interested in only the abilities of OIS

and ODS which are the second step of our p ose estimation algorithm, we should reject the

root no de estimation pro cess at the �rst step in the exp eriment.

T o remove these two factors and make clear the ability of our algorithm not disturb ed by

them, we use the computer generated image as an input image and �x the lo cation of the solid

part corresp onding to the ro ot no de in the exp eriment.

The target ob ject is represented in the image generated by computer graphics, and the

corresponding ob ject is used as the mo del in the matching pro cess. The actual target ob ject

is the hand mo del describ ed in the section 2.4.1.

In generating the silhouette image, we �x the lo cation of the forearm axis in order to remove

the lo cation error at the ro ot no de and skip the �rst step of the algorithm.

W e generated 1000 sample images whose p oses are determined arbitrary . W e applied the

second step of our algorithms to these images. The v alues of the matching indicator E of

the OIS and ODS algorithm are shown in Figure 2.23. In this graph, the horizontal direction

denotes the amount of E and the vertical direction denotes the number of the samples. The

av erages of E in b oth exp eriments are shown in T able 2.5. The av erage E of ODS is 234:43mm

2

,

which is smaller than that of OIS. The di�erence of the results b etw een OIS and ODS is shown

in Figure 2.24. In this graph, the vertical direction denotes the di�erence of E

O I S

� E

O D S at

each sample. The ODS algorithm works b etter than the OIS algorithm on 661 samples.

Since we remov e the factors that are not related with the essence of the OIS and the ODS

algorithms, these results reveal the capability of the algorithms. This exp eriment indicates

2.5. DISCUSSION 37

T able 2.5: Averages of E for CG hand

OIS ODS

E [mm

2

] 1090.39 855.96

E

S ilhouette

0.0883 0.0693

Area average of the silhouettes = 12351.1 [mm

2

].

that, in general, the ODS algorithm can make the matching indicator E b etter than that of

the OIS algorithm.

In this exp eriment, many results have quite a small v alues of E . Figure 2.25 and Figure

2.26 are examples of the b est resultant p oses. In each �gure, (a) is the original computer

generated image and is converted into the silhouette image (b). (c) is a resultant p ose of the

OIS algorithm and (d) is that of the ODS algorithm.

How ever, some of the results show that our algorithms fail in reducing E into 0. The

algorithms are not able to make E small in a few results. This is salient on the OIS algorithm,

but b oth of them show the similar tendency

. Two of the worst cases are shown in Figure 2.27

and Figure 2.28. The main reason why the system fails in estimating the p ose for the image (b)

is due to the failure of determining the palm part lo cation, in other words, the system fails to

determine the v alues of the joint parameters b etw een the forearm part and the palm part. See

the silhouette image (b) in Figure 2.27 as an example. In this example, the pro jected region

of the thum b part (no de 2 in the PDT) is lo cated adjacent to the pro jected region of the palm

part (no de 1 in the PDT). In this case, the system fails to determine the joint parameters of

the palm part b ecause it do es not know where is the pro jected region of the palm part nor

where is that of the thumb part or others at that time. T o av oid this kind of failure, the system

should precedes to ev aluate its descendent part, in this example the thum b part (no de 2), and

know which region is pro jected by which part. This metho d needs muc h more calculation.

Instead, we think the system should backtrack and re-determine the joint parameters only in

the case that E b ecomes relatively worse, since the system achieves the p ose estimation well

for most of the silhouette images.

2.5.2 Limitation of Pose Estimation for One Silhouette Image

W e prop osed the mo del matching algorithms which use only one silhouette image in Section 2.3

and discussed the ability of the algorithms in Section 2.5.1. Howev er, one question may arise

whether or not only one silhouette is enough for the the 3D mo del based vision to reduce the

resultant E into 0 even if the system has an accurate mo del for the target articulated ob ject.

This question is closely related with the issue whether the p ose having E equal to 0 is

alwa ys similar to the real p ose in the 3D world or not. If it is not, having E reduced into 0 is

not su�cient to estimate a 3D p ose.

Unfortunately

, the answer is negative. Because the opp osite side of the silhouette can not

be seen to the system and it is imp ossible to know the complete state of the o cclusion in the

silhouette, the system can not estimate the p oses of the o ccluded parts precisely similar to the

original one. Figure 2.10 is a go o d example. With only lo oking the image (b) the system is

not able to know the precise state of the third �nger and/or the little �nger. They may b e

stretched or b ent, and b oth estimations are completely �ne as far as they are the estimation

of (b) and the system can not judge which is correct.

Consequently

, there may b e a p ossibility that one silhouette corresp onds to several esti-

mated p oses which have the resultant v alue E = 0 and there may b e an another p ossibility

38CHAPTER 2. POSE ESTIMA

TION BASED ON OVERLAPPED REGION EV

ALUA

TION

that it resembles many confusing silhouettes that are pro duced by other real p oses. These

relationships are considerably complicated and are di�cult to b e divided into the separated

issues.

In this section, we argue these issues together and make clear the limitation of the p ose

estimation using only one silhouette image.

Relationship b etw een Silhouette and Pose

W e should hav e a measure to ev aluate the similarity among silhouette images. W e de�ne a

distance b etween tw o silhouette images which we call \Xor Distance." The xor distance D

between the silhouette image s and the silhouette image t is de�ned as

X (s; t) =

X

i2D fS

s

(i) � S

t

(i)g (2.15)

where D means a clipp ed region by the camera parameters and S

k

(i) returns a v alue 1 when

the p oint i is included in the silhouette region of the silhouette image k . This metric can b e

de�ned only when b oth silhouette images are taken with the same camera parameters.

Supp ose there are three silhouette images s; t and u. Obviously

, the following inequality is

derived from Equation (2.15).

0 � X (s; u) � X (s; t) + X (t; u) (2.16)

W e also de�ne a set of the silhouette images in which the shap es of the silhouettes are considered

to b e similar. The set G(� ), which contains the silhouette images similar to one another in the

extent of the xor distance � , is de�ned as

G(� ) = fk jX (k ; s) � � f or 9s 2 G(� )g (2.17)

where k and s means a silhouette image. W e call G(� ) the silhouette group within the xor

distance � .

Supp ose the set G(� ) hav e n silhouette images. Because of the inequality (2.16), some of

the xor distances b etween the pair of silhouette images in G(� ) b ecome larger than � . Howev er,

the worst xor distance in G(� ) is b ounded under n � � and we obtained the conclusion that

the maximum xor distance in G(� ) seldom reaches the worst value through the exp eriment.

Hence this characteristic do es not matter b ecause G(� ) contains similar silhouette images in

the extent of � , so long as � is not so large.

Then, the next problem is to measure the extent of the similarity b etw een the 3D p oses

whose pro jected silhouettes are group ed in the same silhouette group from the viewp oint of

the 3D mo del matching. The formulation of this measurement is very di�cult b ecause there

is no standard that sp eci�es the \similarity

." Whereas it is easy to answer whether the tw o

poses are same or not, it is quite a di�cult task to describ e the extent of their similarity .

Since the deformation of the ob ject is fully controlled by the joint parameters, the measure-

ment of the similarity is considered to b e calculated by them. The amount of the contribution

of each joint parameter to the deformation di�ers in terms of the characteristics of the solid

part which is directly controlled by the joint parameter. Thus, using the PDT description we

de�ne \p ose similarity v alue" L for the silhouette group G(� ) as

L(G(� )) =

X

j fw

j

� D (j )g (2.18)

2.5. DISCUSSION 39

where j means a joint parameter and

w

j

= cp(ar c(j ))

C P

� v (a f f ected node(j ))

V

(2.19)

C P =

1

A

X

a cp(a) (2.20)

D (j ) = f

1

m

X

k 2G(� )

(J (k ; j ) � E (j ))

2

g

1=2

(2.21)

E (j ) =

1

m

X

k 2G(� )

J (k ; j ) (2.22)

In Equation (2.19), ar c(j ) returns the identi�cation number of the arc which includes the joint

parameter j and a f f ected node(j ) returns the identi�cation num b er of the no de which is the

descendant of ar c(j ). The function cp(a) returns the Euclid distance b etw een the ancestral

connection p oint which indicates the origin of the lo cal co ordinate system of the ancestral no de

a and the center of the balance of the solid part corresp onding to no de a. The function v (n)

brings back the volume of the solid part corresp onding to the no de n. V means the volume of

the whole of the ob ject. In Equation (2.20), a takes all the arc identi�cation num b ers in the

PDT and A means the number of the arcs. J (k ; j ) in Equation (2.21) and Equation (2.22)

returns the v alue of the joint parameter j of the ob ject which pro jects its silhouette on the

image k , and m is a number of the silhouette images in G(� ).

The p ose similarity v alue L b ecomes small if the p oses, whose pro jected silhouettes are

grouped in G(� ), are three dimensionally similar to one another.

W e also de�ne the av erage of L(G(� )) for the certain ob ject. This is calculated in a following

manner. First, generate the all the p oses of the ob ject and pro ject each of them into an image.

The images are classi�ed into the image sets each of which corresp onds to a silhouette group

of the xor distance � . Then, the p ose similarity v alue is calculated in each set. Finally

, the

av erage is obtained by dividing their sum by the num b er of the sets.

Abilit y of the Mo del Matching Algorithm

The de�nition of the xor distance X is quite similar to that of the matching indicator E .

Actually

, E is equal to the xor distance b etw een the original silhouette image and the pro jected

image of the estimated p ose. Therefore, we can conclude the relationship b etween silhouettes

and the ability of the mo del matching algorithm in the following way .

Supp ose the v alue of the av erage L(G(� )) is given to the 3D mo del matching system

which uses only one silhouette image as an input. The system can not extract

further information from the silhouette image in order to estimate a more precise

p ose if the resultant matching indicator E is smaller than � .

This is b ecause the estimated p ose is similar to the p oses whose pro jected silhouettes b elong to

the certain silhouette group of xor distance � . Of course, there might b e a p ossibility that the

silhouette group the estimated p ose b elongs to di�ers from the silhouette group the original

pose b elongs to, and so we can use � only as an index. Howev er, it is true that the system

should at least estimate a p ose of which E is smaller than � .

As a result, it is natural to consider that the ev aluation of the mo del matching algorithm

depends on the p ose similarity v alue which is given from the outside.

W e have calculated practically the averages of L(G(� )) for the actual hand ob ject on v arying

� . Though the whole of the p ose should b e generated and pro jected to calculate them, it is

40CHAPTER 2. POSE ESTIMA

TION BASED ON OVERLAPPED REGION EV

ALUA

TION

impossible to prepare huge number of p oses b ecause of the amount of the computation. Hence

we generate the hand p oses in every 20 degrees for all the joint parameters in the hand mo del

and also reduce the rotation range slightly in order to keep the num b er of p oses small. As a

result, we take 23328 p oses into consideration.

The relationship b etw een the xor distance and the p ose similarity value is visualized in

Figure 2.29. There, the horizontal direction means the xor distance in mm

2

and the vertical

direction means the p ose similarity v alue in deg r ee. Figure 2.30 shows the the av erage number

of the silhouette images included in one silhouette group at certain xor distance. The num b er

grows rapidly as the xor distance increases.

Now let us consider the ODS algorithm. Supp ose we want to obtain the estimated p ose in

the extent of the p ose similarity v alue 5:0 degrees . By lo oking at Figure 2.29 and Figure 2.30,

we �nd out that the corresp onding xor distance is 432mm

2

and the silhouette group which

includes the resultant p ose might contain 2:0 p oses in av erage. In this case , from Figure 2.23

the ODS algorithm satis�es the xor distance 432mm

2

in the p ercentage of 43:3%. So it can

be said that the ODS algorithm uses the complete information of the silhouette images ab out

half of the p ose estimations.

With this v alue, the ODS algorithm is able to know the matching pro cess is falling in the

local minima. Hence it can eliminate the matching pro cess under investigation by watc hing

the amount of the matching indicator E in the halfway of the p ose estimation. This might b e

a go o d utilization of the p ose similarity v alue.

2.6 Conclusion

W e hav e describ ed the 3D mo del-based vision system which uses only one silhouette image as

an input. F or the system, we hav e prop osed the Pose Decision T ree description to represent the

model of the articulated ob jects. The system can control the deformation of the articulated

ob ject easily by using the joint parameters in the PDT.

W e hav e also prop osed the tw o algorithms, Order Indep endent Strategy and Order Dep en-

dent Strategy, to estimate the p ose of the ob ject in the system. While the OIS algorithm has

the adv an tage of the pro cessing sp eed according to its partially parallel pro cessing, the ODS

algorithm gives the b etter p ose estimation than OIS in general.

W e have exp erimented these two algorithms for the real hand and the human b o dy

. The

results v alidate the usefulness of these algorithms. F urthermore, in order to explain the ability

of these algorithms, we hav e introduced the computer generated images as input silhouette

images. W e to ok the hand ob ject as the target and exp erimented on b oth algorithms. As a

result, the average E of the OIS b ecomes 1090:39mm

2

and that of ODS do es 855:96mm

2

.

Because our research lo cates relatively in a new paradigm, we should also study the ev alua-

tion metho d for the mo del-based vision using a silhouette. F or this purp ose, we have prop osed

the xor distance and the p ose similarity v alue. With these measures we have revealed the

ability which the 3D mo del-based vision system should accomplish. W e hav e also suggested

the wa y to chec k the estimation failure by using the p ose similarity v alue.

W e hav e presented that our prop osed algorithms estimate the p ose well with only the

area information of the di�erence b etw een the silhouette region and the pro jected region. T o

improv e the algorithms, it could b e go o d to use the shap e information of the silhouette contour

such as curv ature, or to change the way of unfolding Equation (2.5) so that the algorithm can

deal with more than one parts at a time.

2.6. CONCLUSION 41

(a) Original image (b) Silhouette image

(c) OIS: Result p ose (d) OIS: Opp osite p ose

(e) ODS: Result p ose (f ) ODS: Opp osite p ose

Figure 2.18: Human b o dy exp eriment no.1

42CHAPTER 2. POSE ESTIMA

TION BASED ON OVERLAPPED REGION EV

ALUA

TION

(a) Original image (b) Silhouette image

(c) OIS: Result p ose (d) OIS: Opp osite p ose

(e) ODS: Result p ose (f ) ODS: Opp osite p ose

Figure 2.19: Human b o dy exp eriment no.2

2.6. CONCLUSION 43

(a) Original image (b) Silhouette image

(c) OIS: Result p ose (d) OIS: Opp osite p ose

(e) ODS: Result p ose (f ) ODS: Opp osite p ose

Figure 2.20: Human b o dy exp eriment no.3

44CHAPTER 2. POSE ESTIMA

TION BASED ON OVERLAPPED REGION EV

ALUA

TION

(a) Original image (b) Silhouette image

(c) OIS: Result p ose (d) OIS: Opp osite p ose

(e) ODS: Result p ose (f ) ODS: Opp osite p ose

Figure 2.21: Human b o dy exp eriment no.4

2.6. CONCLUSION 45

(a) Original image (b) Silhouette image

(c) OIS: Result p ose (d) OIS: Opp osite p ose

(e) ODS: Result p ose (f ) ODS: Opp osite p ose

Figure 2.22: Human b o dy exp eriment no.5

46CHAPTER 2. POSE ESTIMA

TION BASED ON OVERLAPPED REGION EV

ALUA

TION

Figure 2.23: CG hand : Results of p ose estimation

2.6. CONCLUSION 47

Figure 2.24: CG hand : Di�erence b etween OIS and ODS

48CHAPTER 2. POSE ESTIMA

TION BASED ON OVERLAPPED REGION EV

ALUA

TION

(a) Original image (b) Silhouette image

(c) OIS: Result p ose (d) ODS: Result p ose

Figure 2.25: CG hand : Best sample no.1

2.6. CONCLUSION 49

(a) Original image (b) Silhouette image

(c) OIS: Result p ose (d) ODS: Result p ose

Figure 2.26: CG hand : Best sample no.2

50CHAPTER 2. POSE ESTIMA

TION BASED ON OVERLAPPED REGION EV

ALUA

TION

(a) Original image (b) Silhouette image

(c) OIS: Result p ose (d) ODS: Result p ose

Figure 2.27: CG hand : W orst sample no.1

2.6. CONCLUSION 51

(a) Original image (b) Silhouette image

(c) OIS: Result p ose (d) ODS: Result p ose

Figure 2.28: CG hand : W orst sample no.2

52CHAPTER 2. POSE ESTIMA

TION BASED ON OVERLAPPED REGION EV

ALUA

TION

Figure 2.29: Relationship b etw een xor distance and p ose similarity value

Figure 2.30: Relationship b etween xor distance and the av erage of the num b er contained in

one silhouette group

Chapter 3

P ose Estimation with T ree T ra v erse

W e have prop ose a mo del based p ose estimation metho d for an articulated ob ject from an

image in the previous chapter. In this chapter, we discuss the wa y of �nding the resultant

pose to improv e the estimation accuracy and prop ose a mo di�ed p ose estimation metho d.

W e prepare corresp onding articulated ob ject mo del in adv ance all so in this chapter. Our

method can estimate human p ose without heuristic knowledge in calculating inv erse kinematics

and in matching pro cedure at the condition that the mo del has same functionality as the

ob ject. W e assume an articulated ob ject is considered to b e formed by tree structure of

which no de corresp onds to a b o dy part, and the parts connects to each other by joints. With

this assumption, a p ose can b e de�ned by a set of all the joint angles in the human b o dy . W e

implemented our metho d and ev aluate its ability and features with an exp eriment by simulation

experiment on synthesized images, and also conducted an exp eriment on real images where

v arious p oses of human b o dy are photographed.

3.1 Backgrounds

Pose estimation of articulated ob jects has b een required in the some computer applications like

human machine communication. W e consider a p ose as a status of joint angles that indicates

bending degree of b o dy parts.

F or example, VR reconstruction including human shap ed agents needs to estimate the

whole human b o dy p ose. F reehand tele-op eration requires the recognition of �nger p ose and

mov ement. As the human machine interface, p ose estimation could b e useful in expressing

user’s b ehaviour numerically .

A previous research prop osed ribb on feature in estimating a human p ose. They consider

that many parts in the human b o dy can b e approximated by a kind of cylinder, and they turn

their attention to the geometric feature of cylinder that pro jected shap e of the cylinders has

tw o parallel lines in orthogonal camera pro jection. They extract the ribb ons from images and

infer the three dimensional lo cation of the cylinders in the real space.

Kurak ake at el. prop osed to estimate a p ose of an articulated ob ject by extracting ribb ons

from edges in an image without de�ning explicit human functional mo del, but movemen t of

bo dy parts are limited on a plane p erp endicular to the camera direction.

Y unipan at el.[57] prop osed the metho d to estimate a p ose of human arm. They �rst

extract skin region with skin color information from an image and then determine whether the

extracted region is human arm or not by its shap e. the three dimensional p ose is inferred by

referring the lo cation relationship among the arm regions in the image plane. Like Kuratake’s

research, the prop osed metho d has limited ability of 2D p ose estimation on the image plane.

In these approaches, it is imp ossible to estimate human p ose in thee dimensional world

53

54 CHAPTER 3. POSE ESTIMA

TION WITH TREE TRA

VERSE

because they don’t consider the cubic human p ose or motion in their prop osed metho ds.

On the contrary

, direct 3D measurement approaches hav e b een applied to estimate not only

pose and motion but also three dimensional shap e of articulated ob jects. One of the most

conv entional metho ds based on image pro cessing is to attach color markers on the human

bo dies. Apart from image pro cessing, a wear type measurement device such as data-glove and

data-suit may b e used for three dimensional p ose estimation. Unfortunately

, these kinds of

approaches are not acceptable in many so cial applications b ecause the equipment of markers

or devices on human b o dy cause muc h stress at the users. W e cannot make users wear the

markers or devices if they stay in remote places or in hard environmen t. Therefore, we have

to consider a p ose estimation metho d which do es not rely on sp ecial equipment on a human

bo dy .

Alternative approach is to understand images taken by a video camera instead of having

the p ersons wear sp ecial equipment. Among v arious image understanding techniques, mo del

matching metho d is the most applicable for three dimensional p ose estimation of human b o dy .

How ever, conven tional metho ds inv olves heuristic knowledge in their matching pro cedure im-

plementation. In other words, some sp ecial features extracted from an image is considered to

be related with a certain part of the human b o dy mo del, and they don’t mention why the

feature should b e assigned to the part of the mo del. F or example, many researches assumes

that rectangle shap ed regions and ribb ons should make a match with a arms or �ngers in their

models, but they don’t verify that relation would b e acceptable or not [71, 72]�

F or example, Kimoto at el. represents a human b o dy by a stick mo del and place each

stick three dimensionally by referring the core lines extracted from the images, and achiev es

the p ose estimation of the stick mo del[54]. On the other hand, Y unipan at el extract the

rectangle shap ed region e�ectively b ecause they intro duce MRF and utilize the information in

their human mo del, but the mo del are limited to move only in a plane p erp endicular to the

camera direction[73].

Several researchers don’t estimate shap e of the regions in an image. Ishii at el fo cus on

skin color region and estimate a human p ose by stereo vision. In this metho d, how ever, the

correspondence b etween skin regions and parts in their prop osed mo del has b een resolved in

adv ance[74].

Shimada at el prop osed a estimation metho d for human �ngers[75], in which they put an

heuristic knowledge that sticked out region are to corresp ond �nger tips in their �nger mo del.

W e can get an adv antage on realizing fast and e�ective matching pro cedure for p ose es-

timation if we include the corresp ondence b etw een image features and mo dels in matching

procedure. But, at the same time, we have to admit that this kind of metho d is di�cult to

apply v arious situations.

Therefore, this pap er aims a generic formulation and solution that achieves p ose estimation

which is indep endent from heuristic knowledge at matching pro cedure and from the kinds of

the ob jects. T o realize this purp ose, we use fully de�ned functional articulated ob ject mo del.

W e consider it is not needed to extract complicated image features as the functionality and

the shap e comes closer to a real ob ject. With this relief, we prop ose a p ose estimation metho d

which use silhouette image feature.

In section3.2, we describ e an articulated ob ject and de�ne a corresp onding mo del. In

section3.3 we mention why take up silhouette image as input information and discuss its

features. W e make clear the goal of the approach in Section3.4 and explain the pro cess in our

method. Thereafter some exp eriments were conducted and we discuss v alidit y of this metho d

with the results in Section3.6. At last, in Section3.7, we put concluding remarks in this chapter.

3.2. AR

TICULA

TED OBJECT AND ITS MODEL 55

3.2 Articulated Ob ject and Its Mo del

In this pap er, a p ose of an articulated ob ject is uniquely determined if and only if joint angles

are �xed.

On mo deling the articulated ob ject, we make several conditions shown b elow. These con-

ditions are common natures of most kinds of articulated ob jects, and so these don’t weaken

generality of our research.

� A joint is expressed with combination of at most three joint rotation angles.

� A part which b elongs to the articulated ob ject is connected with each other at the joints.

� Each part has solid shap e.

� Shap e around a joint is determined only by joint angles of the joint.

� The parts are arranged in tree shap e structure.

Our articulated ob ject mo del is represented by a tree data structure. W e call this data

structure a p ose decision tree. Each no de in the p ose decision tree corresp onds to one b o dy

part in the articulated ob ject and holds shap e information and relation information of a joint

which lo cates b etw een the part and its parent part. T able3.1 shows the attributes of the

information in the no de. A lo cal co ordinate system of no de i is translated so that its origin

comes to joint connection p oint in a co ordinate system of the parent part. Joint rotation is

performed in a order of rotation axes a

k

(k = 0; 1; 2). The rotation angle a

i

(k ) never exceeds

the rotational range of the joint.

T able 3.1: Information attributes of a no de in a p ose decision tree

No de ID i; i � 0

Paren t No de ID p

i

Shap e Surface of no de i is represented by patches

(in lo cal co ordinate system of no de i)

Joint connection p oint A p oint de�ned in a lo cal co ordinate system of the parent part

Rotation axis A

i

(k ); 0 � k < n

i

(n

i is a num b er of axes)

Joint angle a

i

(k ); 0 � k < n

i

(n

i is a num b er of axes)

Rotational range r l ow

i

(k ) � a

i

(k ) � r hig h

i

(k )

A joint connection p oint of ro ot no de r represents lo cation of the ro ot part in the world co-

ordinate system. W e represent lo cation of the articulated ob ject mo del in the world co ordinate

system by that of the p oint and its rotation by rotation angles bf a

r

= fa

r

(k )j0 � k < n

r g.

Whereas the conven tional metho ds approximate b o dy parts by cylinders or its extended

representation, our approach adopts patch description which can represent more complicated

shape and can approximate the ob ject more precisely .

Figure 3.1 and Figure 3.2 show an shap e representation example of an articulated ob ject

model. Figure 3.1 describ es a part of human chest. Light grey colored patches are

56 CHAPTER 3. POSE ESTIMA

TION WITH TREE TRA

VERSE

Figure 3.1: A no de corresp onding to chest

Figure 3.2: A female mo del

3.3 Input Image

In the p ose estimation pro cedure, it should b e examined whether an articulated ob ject exists

or not at �rst, and if it found, the p ose will b e estimated after the lo cation in the image is

extracted. Howev er, as our main discussion concentrates on its p ose ant not on its discrimi-

nation of the existence, we assume that types of the articulated ob ject and its functionality

and structure are known to us in adv ance, and we also assume that camera parameters used

on taking an image is �xed and given to the system, and that the lo cation of the ob ject is

also given b efore p ose estimation pro cedure b egins. In other words, the lo cation of the joint

connection p oint at the ro ot no de in the articulated mo del is given in adv ance. As the mo del

is formed in tree data structure, we can change the ro ot no de easily in the mo del b ecause any

3.4. PROBLEM DEFINITION OF POSE ESTIMA

TION 57

node in the tree data structure could b e a ro ot no de and other no des b e rearranged to form a

tree again. Therefore, we take up a no de which corresp onds to a b o dy part of which lo cation

could b e most easily determined, and set the no de as the ro ot no de in the mo del.

In this pap er, we don’t consider existence of other moving ob jects in the image except for

the target articulated ob ject.

3.4 Problem De�nition of Pose Estimation

As we use two dimensional information such as silhouette image as a clue to estimate a p ose

of a target ob ject in this research, evaluation of p ose estimation also should b e done by the

dimensional image features.

Supp ose a joint angle of no de i is represented by a

i

= fa

i

(k )j0 � k < n

i g, a p ose of an

articulated ob ject mo del could b e describ ed by fa

i g. W e denote a silhouette region in an input

image as S , and a region which is obtained by pro jecting shap e of no de i as P

i

(a

i

). W e de�ne

f (A) as a function that calculate area of a region A. The p ose estimation could b e de�ned

�nding a solution that minimizes following formula.

J [fa

i g] = f

�

�

[

i

P

i

(a

i

)

�

� S

�

(3.1)

In the formula, � is exclusive-or op erator b etw een two regions.

If di�erence of the functionality and solid shap e b etween the target ob ject and the mo del,

minimum v alue of J [fag] should b e zero. A p ose which makes J [fag] zero is considered to

be �tted with the p ose in the image. There are two situations for joint angle set fa

i g which

makes J zero. In the �rst situation, only one joint angle set gives the same p ose as that in the

image, and the other do esn’t so even if it makes J zero. In the other situation, several joint

angle sets make J zero although their p oses do esn’t the same as the original p ose except for

one joint angle set which is the same as the original one. In the latter situation, it implies that

some of a

i could b e changed without changing

S

i

P

i

(a

i

) on the image plane. This is one of the

reason that makes three dimensional p ose estimation di�cult and is called o cclusion problem

in computer vision.

In the following p ose estimation pro cedure, we stop the pro cedure at the p oint where

J [fa

i g] comes to minimum v alue b ecause shap e of an ob ject and that of the mo del are not

alwa ys the same in practical exp eriments.

3.5 Pose Estimation

In our research, we take up silhouette images as an input image. W e can extract two kinds of

image features from silhouette images. One is area information and the other is contour infor-

mation. These tw o features are to b e used in ev aluating the resembleness b etw een pro jected

image of the mo del and the input image.

It is predicted that a matching evaluation metho d based on contour information shows

goo d results and realizes go o d p ose estimation if the shap e of the mo del is almost the same as

that of the ob ject in the input image. How ever, this metho d has to o much sensitiveness against

a slight gap o ccurred when the contour of the mo del is di�erent from the original one. By this

reason, we don’t use contour information. Area information do esn’t hav e over-sensitiv eness

against the shap e di�erence, so we consider an ev aluation metho d with the area calculation.

In our matching pro cedure, we succeed in reducing pro cessing cost of the matching b ecause

we use sub-matching pro cedure according to the tree data structure of the articulated ob ject

58 CHAPTER 3. POSE ESTIMA

TION WITH TREE TRA

VERSE

model. This is e�ective against a normal approach that handles all the joint angle parameters

equally and mo dify them simultaneously

. Since we divide the pro cedure, there may b e a

possibility that estimated joint angles fall into lo cal minima. W e avoid this lo cal minima by

introducing tw o stage pro cess in the sub-pro cedure. Convergence of searching the optimal

joint angles is de�ned by the time J [fa

i g] comes to minimal value. W e prop ose to lead the

joint angles to the minimal v alue by using our ev aluation de�nition of the matching b etw een

the silhouette region and the b o dy parts in the mo del, yet this approach do esn’t guarantee the

conv ergence to the optimal joint angles.

The matching pro cedure we prop ose here is divided into tw o ma jor sub-pro cedures. The

�rst pro cedure is to determine the joint angles of the each no de in the p ose decision tree

sequentially

, and the second pro cedure is to �nd no des to b e rearranged for getting more

appropriate approximation of the p ose from the starting p oint which is given by the result of

the �rst pro cedure. W e explain these two pro cedures in detail in the following sections.

3.5.1 Pose Estimation Pro cedure

The p ose estimation pro cedure starts at the ro ot no de in the p ose decision tree and traverses

the tree towards the leaf no des.

Let F a no de set of p ose estimated no des, and N a no de set that contains no des which

hav e not b een pro cessed yet and of which parent no de b elongs to F . W e denote a no de set

of reminded no des R. F is considered as a set of \�xed" no des, and N as a set of \next

estimation" no des, and R as a set of \reminded" no des.

At the b eginning of the pro cedure, N contains only the ro ot no de and other no des b elong

to R.

The joint angles of the no des are determined sequentially in the pro cedure. The pro cedure

will end when all the no des b elong to the no de F . Figure 3.3 shows a owchart of this

procedure.

1. No de Selection

No de i with the fewest number of steps to ro ot no de is selected in N . If N = ;, the

pro cess ends b ecause the equation indicates the p ose is �xed.

2. Calculation of Uncov ered Region

When all no des which b elong to F are pro jected, their region generated on the image is

called covered region C , and it is expressed by expression (3.2). In addition, uncoating

area in which the cov ered region C is excluded from S is denoted by S

0

. S

0

is expressed

by equation (3.3).

C =

[

i2F

P

i

(3.2)

S

0

= S \ C (3.3)

3. Generation of Joint Angle Candidate (JAC)

T o determine the joint angle of no de i, it is necessary to examine the relation b etween

P

i and S . Generally

, b ecause P

i changes according to the joint angle, it is thought to

express P

i as a function of the joint angle and to pro cess it analytically

. How ever, it

is almost imp ossible to do so b ecause there is no limit in the geometry of each no de in

this research. Therefore, a sampling metho d for a mov able range of the joint of no de i

by constant interv als is adopted instead. That is, after P

i of each sampled joint angle

is generated, then sampled joint angles are selected which may protrude outside of S

but the protruded area smaller than shap e error limit area r , and we call the them joint

3.5. POSE ESTIMA

TION 59

Figure 3.3: Pose estimation pro cedure

angle candidate JAC

i

(t). t means this is the tth candidate of the joint angle of no de i.

JAC

i

(t) is a vector which holds the joint angles a

i

(k ); 0 � k < n

i as its element.

JAC

i

(t) w her e f

�

P

i

�

JAC

i

(t)

�

\ S

�

� r (3.4)

If any joint angle candidate is not generated, go to Pro cess 6.

4. Ev aluation of JAC

An ev aluation shown in expression (3.5) is done at each joint angle candidate JAC

i

(t).

(Refer to Figure 3.4).

e

i

(t) = f

�

S

0

\ P

i

�

JAC

i

(t)

�

�

(3.5)

e

i

(t) comes to larger and b etter as the pro jected region P

i of no de i covers larger region

ov er the uncoating area S

0

. Note that the v alue is not a�ected by area size where P

i and

cov ered region C is overlapped. Expression (3.5) is de�ned from an inten tion that do es

not care the size of the ov erlapp ed area b etw een P

i and the covered region C but let P

i

cov er the uncoating area S

0

as much as p ossible.

A snapshot of p ose estimation pro cedure which trav erses in the p ose decision tree at

pro cess 4 is displayed at Figure 3.5.

5. Determination of Joint Angles

JAC

i

(t) is sequentially arranged from the one with a large v alue of e

i

(t). In this wa y , a

60 CHAPTER 3. POSE ESTIMA

TION WITH TREE TRA

VERSE

Figure 3.4: Ev aluation of a Joint Angle Candidate(JAC) on an image plane

list is made. At this time, t at each joint angle candidate is renumbered according to the

list. The �rst joint angle candidate JAC

i

(1) b ecomes the joint angle adopted at no de i.

No de i is moved to F and its children no des are moved to N . Go back to pro cess 1.

6. Re-determination of Joint Angles

The reason why no joint angle candidates are generated on no de i is that incorrect joint

angle at any of the no des in ro ot side has b een adopted. Hence, the tree is traced

from no de i to ro ot no de and the pro cess �nds the �rst no de j which has the un-

adopted joint angle candidates. On this no de j , u

j shows the order in the list of the joint

angle Candidate for whom the pro cess is b eing adopted now. The joint angle candidate

JAC

j

(u

j

) adopted by no de j is now rejected and the next b est joint angle candidate

JAC

j

(u

j

+ 1) is adopted newly

. Children no des of no de j is moved to N again and if

they have their children no des, the grandchildren are moved to R again. Go back to

pro cess 1.

3.5. POSE ESTIMA

TION 61

Figure 3.5: A status of a p ose decision tree under p ose estimation pro cessing

3.5.2 Pose Re-estimation Pro cess

On p erforming the pro cess describ ed in pro cess 1, a certain p ose estimation result is to b e

obtained when N = ;. Ideally

, all p oses which minimize J [fa

i g] should b e obtained at the

end. Howev er, it requires huge calculation cost of matching to obtain the p oses. F or instance,

it requires 5:7 � 10

8

times matching evaluation at worst with 20 degree sampling interv al with

a mo del shown in Figure 3.2 and T able 3.2. Therefore, in the following subsections, we prop ose

tw o incremental estimation metho ds that re�nes a p ose which has b een obtained once in the

previous estimation pro cess so as to �nd joint angles that minimize J [fa

i g]. One is concerning

leaf no des and the other is concerning non-leaf no des in the p ose decision tree.

Com bination of Leaf No des

When the plural un-adopted joint angle candidates as the leaf no de are remaining, it searches

combination of those joint angle candidates that gives b etter matching score of J [fa

i g]. If it

is found, the p ose comes to b e the �nal p ose estimation result. When the pro jection region

of two or more leaf no des overlaps mutually

, the improvemen t of the p ose estimation by this

processing is e�ective.

Maxim um Exp osed No de

When the joint angle is mo di�ed at a non-leaf no de, it is indisp ensable to re-estimate all no des

of the descendant joint angles. Therefore, the plan to select the non-leaf no de for adjusting

its joint angles to improve match result largely in uences the calculation cost of the match

processing.

62 CHAPTER 3. POSE ESTIMA

TION WITH TREE TRA

VERSE

T able 3.2: Mov able range of joint angles in the human mo del (unit: deg r ee)

Node Axis Min Max No de Axis Min Max No de Axis Min Max

Head Y -90 90 Right Y -90 90 Pelvis Y -50 50

Z -30 30 hand Z -45 40 Z -30 30

X -30 30 X -10 30 X -20 20

Chest Y -60 60 Left X -180 20 Right Y -50 20

Z -30 30 upp er-arm Z -20 90 thigh Z -40 0

X -30 30 Left Y -90 20 X -100 10

Righ t X -180 20 forearm X -160 0 Right calf X 0 120

upper-arm Z -90 20 Left Y -90 90 Right X -40 40

Righ t Y -20 90 hand Z -40 45 fo ot Y -40 0

forearm X -160 0 X -10 30 Z -20 50

Left Y -20 50 Left calf X 0 120 Left X -40 40

thigh Z 0 40 fo ot Y 0 40

X -100 10 Z -50 20

In this pap er, the no de with few concealment relation to other no des is priorly pro cessed

by thinking that it is necessary to determine the joint angle earlier than other no des.

First of all, a set A of non-leaf no des which hav e un-adopted joint angle candidates is

calculated. It is assumed that no de i is chosen from A and non-concealment area R

i shown by

Expression (3.6) is estimated. This is a part of silhouette region where pro jection region of all

the no des in the p ose decision tree except no de i is remov ed.

No de i is pro jected onto the non-concealment area R

i according to the joint angle candidate

JA C

i

(t)(t � u

i

), and a v alue of covered area cov er

i

(t) is estimated by equation (3.7) for each

joint angle candidate. The covered area is estimated for all the no des in A, and the no de

m and its joint angle candidate JAC

m

(t

m

) is selected which gives the maximum v ale of the

cov ered area as de�ned by formulation (3.8). This no de m is called the maximum exp osure

node.

R

i

=

�

[

k 6=i

P

k

�

JAC

k

(u

k

)

�

�

\ S (3.6)

cov er

i

(t) = f

�

R

i

\ P

i

�

JAC

i

(t)

�

�

(3.7)

JAC

m

(t

m

) w her e max

m2A

�

max

t

m

�u

m

(cov er

m

(t

m

))

�

(3.8)

If t

m

= u

m

, after no de is eliminated from A, the maximum exp osure no de and its joint

angle candidate are selected again. If t

m

> u

m

, u

m at the maximum exp osure no de m is set

to t

m and its joint angle is mo di�ed to JAC

m

(t

m

).

It is necessary to re-determine the joint angle of the descendant no de of the maximum

exposure no de m again by the change of the joint angle at the no de m. Therefore, the children

nodes of the no de m b elongs to N and their descendant no des are moved to R. After that,

the metho d describ ed in foregoing paragraph 3.5.1 is executed again.

If any no de do es not exist in A, it b ecomes all p ose estimation pro cessing terminations.

3.6. EXPERIMENTS AND DISCUSSION 63

3.6 Exp eriments and Discussion

The exp erimental results are shown and are discussed ab out the metho d of p ose estimation to

the silhouette image prop osed by this pap er. The former exp eriments are done on synthesized

images with CG, and the latter exp eriments are done on real-life ob ject with real image.

3.6.1 Exp eriment and Discussion on CG Syn thesized Images

In the exp eriment to the CG synthesis image, we to ok up a female human b o dy as target

ob ject. First of all, 219 silhouette images are synthesized with CG by using a female human

bo dy mo del as input images p ose estimation pro cess. The joint angle was generated at random

by 20 degree sampling interv al. It was assumed that lo cation of the joint connection p oint was

already given. The size of the image is 700 pixels in b oth width and height. As the camera

condition, 1:0cm in the real world corresp onds to the length of 2:26 pixels.

A mov able range of the joint angle of the articulated mo del used in the exp eriment is shown

in T able 3.2. Figure 3.6 shows the p ose of the mo del when all joint angles are 0. all the lo cal

coordinate axes of each no de are aligned so as to let X axis go right against the camera, Y axis

go top, and Z axis direct to the camera p osition when all the joint angles are 0. The display

order of each axis at each no de in T able 3.2 shows the rotation order. The upp er axis rotates

�rst, then the second axis rotates if it exists, and the third do es. In this articulated mo del, the

head part corresp onds to the ro ot no de. It is considered that the head is most easily extracted

in case of free p ose in this research and that is why the head part is selected as the ro ot no de.

Figure 3.6: Relationship b etween the uplight mo del and axes of co ordinates

64 CHAPTER 3. POSE ESTIMA

TION WITH TREE TRA

VERSE

In the p ose estimation exp eriment, the sampling interv al for the generation of the joint

angle candidates in our system was set to 20 degrees. Moreover, the num b er of the joint

angle candidate is limited to 5 pieces or less. That is, the system lists only �ve high-ranking

candidates of ev aluation v alue e

i

(t) when the joint angle candidate is ev aluated.

Because the pro jection region of each no de will b e included completely in the silhouette

region if the shap e error limit area is assumed to b e r = 0 in the CG synthesis image exp eri-

ment. it is predicted that the p ose estimation b ecomes successful. This is the same as putting

assumption that geometry of the articulated mo del is quite equal to the actual articulated ob-

ject. How ever, it is sometimes imp ossible to give the system to the geometry of the articulated

model which is equal to target articulated ob ject completely

. Therefore, we provided shap e

error limit area r in 200 pixels in the exp eriment. This corresp onds to 39cm

2

and 12:6% of

the av erage pro jection region of the articulated mo del.

In this research, the p ose estimation is to b e minimize J [fa

i g]. E

total de�ned by Expres-

sion (3.9) is used to normalize and to ev aluate the di�erence of the size of f (S ) at each p ose

here.

E

total

=

J [fa

i g]

f (S )

(3.9)

The average ev aluation v alue of 219 examples is 2:27%. Complete matches of S and P =

S

i

(P

i

(a

i

)) were 135 examples. It indicated that p ose estimation succeeded at 61:6% examples.

Among these, as for the 101 example, all the joint angles were the same. The several samples

are enumerated to Figure 3.7. When the p ose estimation is pro cessed, the silhouette image is

input to the system though the display is a grey image. These are p oses in which self o cclusion

(Concealment) is rarely observed. On the other hand, S and P are not corresp onding and

therefore their p oses are not the same at the remaining 34 examples. As describ ed in section 3.4,

the reason is that p ose that satis�es J [fa

i g] = 0 is not unique in these examples. Concretely ,

there are two causes.

One is self o cclusion and this is not solved as long as o cellus image is used. Such case is

found in 14 examples. Two examples are shown in Figure 3.8. The upp er row is an original

image and the middle image shows a side-view snapshot of the original p ose. The low er image

shows a side-view snapshot of the estimated p ose.

Another reason is a lack of edge information in the silhouette region. As for this, there

were 22 examples. Three examples are shown in Figure 3.9. Original p ose is at the left and

the right is the estimated result. If edge information in the silhouette region is used in the

future research, these examples are considered to b e estimated accurately .

The joint angle candidate JAC

i

(t) with comparatively high ev aluation v alue e

i

(t) by un-

adopted joint angle candidates are left for the p ose estimation result when it is not �tted well

to the original p ose. Therefore, if edge information and other observ ation information from

other camera directions are introduced at a p ost-pro cessing of this metho d, the information

of the un-adopted candidates is considered to b e useful on selecting appropriate no de and its

joint angle candidate among them.

At 75 examples, the �nal estimated p ose is improv ed by the p ose re-estimation pro cessing

and the v alue of E

total comes b etter than the �rst estimation result. This shows that lo cal

optimal solution was ev aded by the p ose re-estimation pro cessing. In Figure 3.10, the original

pose is shown at the low er image and the system �rst failed to estimate the p ose as shown at the

upper image. Starting with the �rst fully determined p ose, our system succeeded in estimating

the p ose completely by p ose re-estimation pro cessing. The number of average pro cessed no de,

that is, the num b er of executing pro cessing 3, is 26:2 no des. Regarding the calculation cost

of the match pro cessing, b ecause the minimum of the number of execution is 15, the �gure

3.6. EXPERIMENTS AND DISCUSSION 65

Figure 3.7: Succeeded examples of coincident p oses

is quite closer to the minimum num b er of execution. The distribution of the number of the

processed no de is shown in Figure 3.11. Remaining average except the seven worst examples

becomes 20:1 no des.

By the way

, one reason why some results are not estimated correctly is that the number

of the joint angle candidates is limited to at most 5 candidates. One example is shown in

Figure 3.12. In this example, a lot of joint angle candidates is generated at the chest no de

because the chest and the right forearm are lo cated close to each other. Therefore, the complete

match b etween S and P is not obtained b ecause the �ve high ranks of the joint angle candidates

do not contain the correct joint angle. Although it is p ossible to improve the rate of succeeded

estimation by increasing the num b er of the joint angle candidates in the list, the trade-o�

becomes a problem b ecause the calculation cost is going to b e larger in the exp onential order.

3.6.2 Exp eriment and Discussion on Real-life Ob jects

An example result of p ose estimation is shown in Figure 3.13 for female human b o dy

. The

camera to ok an image in which actual female human b o dy was snapp ed. The woman artic-

ulated mo del is used. The lo cation of the joint connection p oint is placed at a right ankle

root part and set 10 degree as the sampling interv al of the joint angle candidates. The reason

that the fo ot part is selected as the ro ot no de in the articulated mo del is b ecause it touches

the ground and is easy to extract the lo cation in the image in this situation. The articulated

model used is constructed based on the range data of the female human b o dy by [76]. The

accuracy of the p ose estimation result drops in some measure compared with the exp eriment

66 CHAPTER 3. POSE ESTIMA

TION WITH TREE TRA

VERSE

Original p ose 1 (F ront) Original p ose 2 (F ront)

Original p ose 2 (Side) Original p ose 2 (Side)

Estimated p ose 1 (Side) Estimated p ose 2 (Side)

Figure 3.8: Occluded examples �tted to silhouettes

result of the CG image b ecause setting the joint connection p oint are not accurate in that

articulated mo del. The image is also rougher than the CG exp eriment, size of which is 320

pixels in width and 360 pixels in height. W e similarly exp erimented on the 6 example and the

av erage of E

total was 22:3% against the average of the silhouette region. It is shown that this

method is e�ective for human b o dy p ose estimation.

Moreov er, 3 exp eriments were done for estimating p ose of a p erson’s left hand as an example

of applying this metho d to other articulated ob ject. One example is shown in Figure 3.14.

Root no de of the articulated mo del is set to a left hand forearm part b ecause it is thought that

the lo cation of the forearm could b e extracted easily when the hand is targeted. The lo cation

3.6. EXPERIMENTS AND DISCUSSION 67

Original p ose Estimated p ose

Figure 3.9: Examples �tted to silhouettes under lack of edge information

is assumed to b e already-known in the exp eriment. The size of the image is 448 pixel in width

and 400 pixels elements in height. Because the geometry of the articulated mo del and that of

the Hand are di�erent in this exp eriment, they don’t make match completely in the images.

The av erage of E

total by the 3 example was 17:2%.

It was prov ed to b e able to estimate the p ose of the articulated ob ject by our metho d with

these exp eriments on the real-life ob jects.

68 CHAPTER 3. POSE ESTIMA

TION WITH TREE TRA

VERSE

Before re-pro cessing 1 Before re-pro cessing 2

Final result 1 Final result 2

Figure 3.10: Improv ed examples

3.7 Conclusion

In this chapter, we prop osed the metho d of estimating the p ose of the articulated ob ject

framed by one silhouette image using the articulated mo del. Because this metho d neither uses

heuristic knowledge in image pro cessing nor inv erse kinematics approach, it is applicable in the

pose estimation for v arious kinds of articulated ob jects. W e clari�ed the ability of the metho d

with CG image exp eriments. The limitation of using one silhouette for p ose estimation is also

discussed in this chapter. In addition, the exp eriments on real-life human b o dy and human

hand were conducted and showed p ose estimation results.

3.7. CONCLUSION 69

Figure 3.11: Numb er of pro cessed no des

Original p ose Estimated p ose

Figure 3.12: An example mis�tted to silhouette

70 CHAPTER 3. POSE ESTIMA

TION WITH TREE TRA

VERSE

Original image Silhouette image

Estimated p ose Imp osed image

Figure 3.13: A p ose estimation example for female human b o dy

3.7. CONCLUSION 71

Original image Silhouette image

Estimated p ose Imp osed image

Figure 3.14: A p ose estimation example of a hand

72 CHAPTER 3. POSE ESTIMA

TION WITH TREE TRA

VERSE

Chapter 4

P ose Estimation Based on Edge and

Gna w ed-Region Ev aluation

In this chapter, we intro duce \gnaw ed region" on ev aluating matching score at each no de to

make each b o dy no de to cover the silhouette region more precisely

. It assumes that the ob ject’s

shape information and the camera calibration parameters have b een given to the system in

adv ance. W e �rst show a edge based metho d which uses a contour of the silhouette and then

apply it to the p ose estimation of a real-life ob ject. The metho d presented here has b een tested

on several silhouettes, including b oth computer generated and real-life humans.

4.1 Intro duction

Recognizing a p ose of articulated ob jects including human b eings could b e very useful. It could

be applied to develop a non-contact input device in exercise physiology

, free hand p ointing

device in man machine communication, and could also b e a starting p oint tow ards b o dy-

language recognition.

Several mo del-matching metho ds have b een prop osed where the strategy dep ends to o much

upon the ob ject of estimation, and the information ab out the mo del is often only implicitly

implemented in their algorithm[55, 56, 54]. If the mo del is implicitly de�ned in the algorithm,

it is di�cult to know which part of the algorithm uses the mo del information. In such a case,

the metho d could hardly b e applied to other target ob jects. W e p erfectly separate the mo del

de�nition from the algorithm.

In the mo del-matching metho d, the selection of image clues is an imp ortant issue. Much

research has applied edges as the image clue[55, 56, 54]. Howev er, edge detection has a tendency

to extract a large amount of noise and it is hard to �nd out the desired edges. On the contrary ,

silhouette extraction has the adv antage that it rarely involv es noise though a silhouette has

less information than edges. W e use the silhouette information in our mo del.

W e explain our articulated ob ject mo del and the contour based metho d in Section 4.2, and

apply it to a real-life ob ject in Section 4.3. Exp erimental results are shown in each section.

4.2 Contour Based Metho d

4.2.1 Mo del

An articulated ob ject under consideration is de�ned as consisting of several solid parts which

are arranged in a tree graph structure. Each part holds its shap e information by a patch-

modeling metho d so that we can cop e with the wide v ariety of geometric shap es.

73

74CHAPTER 4. POSE ESTIMA

TION BASED ON EDGE AND GNA

WED-REGION EV

ALUA

TION

Each part in the mo del also holds the joint information that connects the part to the parent

part. The joint has at most three axes around which to rotate the part, and at each axis the

range of the rotation angle is de�ned. Only the ro ot part has the lo cation information in the

3D world, assumed to b e given to the system in adv ance. Therefore, to estimate the p ose of

the articulated ob ject is equiv alent to determine all the rotation angle v alues in the mo del.

4.2.2 Algorithm

In this section, we describ e a contour based algorithm to estimate a p ose of the articulated

ob ject. This algorithm uses the de�nition of the mo del, but do es not use the v alues in the

model so we can easily change the target ob ject without mo difying the algorithm.

Each part in the mo del is taken up one by one and its rotation angles are determined based

on the ov erlap relationship b etween the contour of the silhouette and that of the pro jected

region on the image plane.

Supp ose a set F has the parts whose rotation angles have b een determined and a set N has

the parts whose parent part b elongs to F . The rest parts b elong to a set R. At the b eginning

N only contains the ro ot part and all other parts are in R.

1. Selection of the Part

Select a Part i in N . If there is no part in N , the algorithm terminates. Make a new

candidate-list for Part i. A candidate in the candidate-list represents a p ossible p ose of

Part i, and has at most three rotation angle v alues which are quantized by a certain unit

interv al. The unit size de�nes the resolution of the p ose estimation. A candidate can

not have v alues that make the pro jected region of Part i stray out from the silhouette.

If there exist no candidates in the candidate-list, go to Step 3.

2. Estimation of the angles

T o �nd the b est p ose of Part i, the system measures the length of the contour where the

contour of the silhouette ov erlaps with that of the pro jected region for each candidate in

the candidate-list. The candidate with the largest ov erlap is adopted as the estimated

result. The rotation angles are �xed to the v alues of the candidate, and then it is removed

from the candidate-list. Move Part i from N to F , and the children of Part i in R are

mov ed to N . Go to Step 1.

3. Backtrac king

Backtrac k from Part i to the ro ot part until Part j , which keeps at least one candidate

in the candidate-list, is found. Move all of its children descendants into R. F or Part j ,

execute the same algorithm as Step 2. Go to Step 1.

Since it is not clear what kind of criterion is necessary to select the part in Step 1, our

method here selects it arbitrarily . W e are currently investigating this problem.

4.2.3 Exp erimental Results

There are tw o ev aluation criteria for the p ose estimation in our metho d. One is whether the

pro jected region of the estimated p ose coincides with the silhouette given to the system, and

the other is whether the estimated rotation angles are same as those of the original p ose. Since

we use silhouettes as input information, there may o ccur cases whose results qualify the former

criterion but not the latter one.

T o ev aluate the p erformance of our prop osed metho d, we conducted an exp eriment with

computer generated silhouette images of a human b o dy

. The mo del we used consisted of 17

4.3. APPLICA

TION TO A REAL-LIFE OBJECT 75

parts where the ro ot part corresp onded to the head. The size of the silhouettes was 500 pixels

by 500 pixels and the target ob ject was scaled to 4.42 mm p er pixel. The unit for generating

candidates in Step 1 was set to 20 degree.

W e exp erimented with 1,843 cases and in 1,107 cases the estimated results quali�ed the

former criterion. Among them, 847 cases quali�ed the latter criterion. In the remaining

260 cases, the estimated results contained at least one part whose rotation angles were not

determined uniquely . T able 4.1 shows the number of ambiguous cases.

T able 4.1: Number of ambiguous cases

Numb er of Parts Ambiguous Cases

1 172

2 71

3 14

4 3

Figure 4.1 shows two cases which qualify b oth criteria. Figure 4.2 shows a case which

quali�es only the former one. In this case, the p ose of the left arm which consists of three

parts could not b e determined uniquely .

There were 966 cases in which Step 3 was not used (that means the metho d executed Step

1 just 17 times). Concerning the rest 141 cases, the metho d could clear the former criterion

because the backtrack in Step 3 was applied. Figure 4.3 represents the distribution of the

executed times of Step 1 in these cases.

Case A Case B

Figure 4.1: Uniquely estimated cases

736 cases did not satisfy the former criterion in this exp eriment. Figure 4.4 shows the

distribution of the silhouette areas not cov ered by the pro jected regions. These failures o c-

cur b ecause the metho d do es not examine the uncov ered silhouette area during the pro cess

progression.

4.3 Application to a Real-Life Ob ject

Our prop osed metho d shows its applicability through the exp eriment for computer generated

images. Howev er, when we take up a real-life ob ject as the target a problem arises: the

76CHAPTER 4. POSE ESTIMA

TION BASED ON EDGE AND GNA

WED-REGION EV

ALUA

TION

Original Result

Figure 4.2: Ambiguously estimated case

geometric features of the mo del might not b e precisely the same as those of the real-life ob ject.

Figure 4.3: Executed times of step 1

4.3. APPLICA

TION TO A REAL-LIFE OBJECT 77

Figure 4.4: Uncovered silhouette area

Since the metho d previously prop osed refers only the contour information and therefore is

sensitive to the noise on the contour, it is essential to extend the metho d to overcome this

problem. The metho d is mo di�ed on two p oints.

1. In Step 1, generated candidates must not pro ject Part i in a way that more than a

certain amount of the pro jected region strays from the silhouette. The amount should b e

determined according to the geometric unlikeness of Part i to the target real-life ob ject.

2. In Step 2, the system �rst makes a \gnaw ed image." It is an image in which the

silhouette contour is removed from the given image and in which the regions pro jected by the

parts in F are also removed. Then, the system measures the exclusive OR area b etw een the

silhouette on the gnawed image and the pro jected region for each candidate. The candidate

which makes the smallest exclusive OR area is selected as the estimation of the rotation angles

of Part i.

As an example, supp ose the mo del is the same as that used in the previous section and

consider the situation when F contains the head, neck, and breast part. The gnawed image

at that time is shown in Figure 4.5. The bright gray colored contour corresp onds to the

remov ed contour and the dark gray colored region corresp onds to the removed pro jection

region. Exclusive OR calculation is worked out only in white or black colored regions. The

dark gray colored region has the role, like Step 2 in the previous prop osed metho d, of attracting

the edge of the pro jected region to the silhouette contour. In addition, since the bright gray

colored contour is out of consideration on counting the exclusive OR area, the system acquires

a tendency to rotate the parts in order to cover as much of the black colored region as p ossible.

W e have implemented the mo di�ed metho d and tested several cases for an image of a

woman. In this exp eriment, the resolution of the p ose estimation is set to 20 degree and

silhouette images are 320 pixels by 360 pixels. One of the results is shown in Figure 4.6. The

estimated p ose is quite similar to the target woman’s p ose in the original image. W e show

another case in Figure 4.7, where the breast part is p osed in a slightly wrong wa y . As a result,

the estimation of the right arm failed. The reason for this typ e of failure is considered to b e

the metho d that do es not examine uncovered silhouette regions during the pro cess. Howev er,

it would b e very exp ensive to compute a prediction for the part to b e pro cessed next, so that

78CHAPTER 4. POSE ESTIMA

TION BASED ON EDGE AND GNA

WED-REGION EV

ALUA

TION

Figure 4.5: Gnawed image

it can reduce regions not covered in Step 1. This problem is left for further study .

Original Image Input Silhouette Image

Result Exclusive OR

Figure 4.6: A case of real-life human

4.4. CONCLUSION 79

Original Image Input Silhouette Image

Result Exclusive OR

Figure 4.7: Another case of real-life human

4.4 Conclusion

W e prop osed a new mo del-matching metho d to estimate the p ose of an articulated ob ject

from only one silhouette image. W e have separated the mo del and the algorithm clearly

. The

matching metho d refers the contour relationship. W e hav e show ed its av ailability throughout

the exp eriment for computer generated images. W e also applied it for a real-life human by

introducing the gnawed image and presented several exp erimental results.

If the metho d can control the order of the parts to b e pro cessed with some reasonable

criteria, it will not only reduce the computational amount but also resolve the uncovered

silhouette region problem. This issue will b e studied in the future.

80CHAPTER 4. POSE ESTIMA

TION BASED ON EDGE AND GNA

WED-REGION EV

ALUA

TION

Chapter 5

Silhouette Based Motion Estimation

W e move onto motion estimation from sequence of silhouette images from this chapter. Here, a

model-matching metho d to estimate a motion of an human b o dy is prop osed. W e assume that

shape information of the human b o dy and camera calibration parameters hav e b een given to

the system in adv ance. In the algorithm, parts which consists of the human b o dy are classi�ed

into 3 mo des: moving, stationary

, and o cclusion mo de. When a part is in moving mo de, the

system matches the part’s pro jection with a di�erence image. When it is in stationary mo de,

the system do esn’t use the image. When it is in o cclusion mo de, the system predicts the

motion from its lo cus and do esn’t use the image.

5.1 Intro duction

Motion estimation which aims to handle deformable ob jects is one of the imp ortant research

in image understanding. Among the deformable ob jects, a human b o dy has a signi�cant v alue

to b e estimated b ecause it is very useful to recognize a user’s intension and instruction.

Recognition of motions of a human b o dy is a challenging problem in computer vision.

Rohr[77], Bharatkumar[31], Att woo d[78] hav e contributed to solve this problem. Many re-

searches use a stick or cylinder mo del and edges in images. However, human b o dies are not

stick in a strict sense. Moreover, edges in images usually contains not only useful ones but also

many meaningless ones. Haritaoglu at el.[79] prop osed to use di�erence region information to

track articulated human b o dy although they didn’t de�ne explicit articulated ob ject mo del.

In this pap er, we prop ose a human motion estimation metho d using a di�erence image

sequence. A di�erence image is obtained from continuous two images which are taken by a

�xed camera. Our metho d is based on a mo del matching metho d. A human mo del consists of

15 no des each of which represents a part of a human b o dy and has a joint attribute. In this

paper, motion estimation is de�ned to estimate the joint angles in the mo del. In each frame of

an image sequence, our mo del matching algorithm takes a no de of the mo del one by one. W e

classify a status of the no des into three mo des; moving mo de, stationary mo de, and o cclusion

mode. A no de is lab eled with one of three mo des by considering the relationship b etw een the

di�erence image and the pro jected region of the no de on the image plane. W e calculate joint

angles according to the mo des of the no des at each frame. If a no de is in the o cclusion mo de,

the images cannot b e used. T o cop e with such situation, we introduce inertia constraint such

that the parts in a human b o dy are generally rotated at a constant sp eed.

W e assume that an image sequence do es not include any moving ob ject except for a human

bo dy and the camera calibration is done in adv ance and that the initial p ose of the human

bo dy mo del is obtained from an other metho d such as [80][81].

81

82 CHAPTER 5. SILHOUETTE BASED MOTION ESTIMA

TION

Figure 5.1: Joint rotation at one no de

5.2 Mo del

A human b o dy is represented by an articulated ob ject mo del. The mo del consists of 15

nodes. Each no de corresp onds to a part of human b o dy

. The no des are connected to each

other in a tree graph so that one no de includes one joint that has at most 3 rotational axes.

Joint rotational angles of the no de i at time t are expressed by a vector a

i

(t) = fa

ik

(t)g.

The subscript k means the rotational axis of the joint rotational angle. The minimum and

maximum v alue of a

ik

(t) are de�ned so that a human mo del prohibit unrealistic motion.

The motion is said to b e estimated if the angles of all the joints are calculated for every

frame in an image sequence.

5.3 Joint Rotation Considering Inertia

W e assume that human motion generally undergo es inertia. In other words, we assume that a

joint rotates with a constant sp eed if there is no factors to change the sp eed. As we consider

one no de at a time on ev aluating joint angles and mass of the no de do es not v ary during the

motion, we can ignore the mass term. In the real 3D world, the rotational sp eed of a joint may

change to some extent. So, we use the formulation b elow to predict a joint rotational angle at

time t + �t.

ja

ik

(t + �t) � (a

ik

(t) + v

ik

(t)�t)j � �R (5.1)

v

ik

(t) means the sp eed around the axis k of the no de i at time t. The maximum rotational

speed deviation �R can b e determined dep ending on a kind of motion. This inequality is

illustrated in Figure 5.1.

5.4 No de Mo de and Di�erence Image

The p oints of our metho d are summarized into tw o issues; a no de mo de and segmentation of

a di�erence image.

5.4. NODE MODE AND DIFFERENCE IMAGE 83

When the pro cess estimates joint angles of a no de the pro cess decides which to use by its

node mo de, the di�erence image information or the joint angle prediction. A di�erence image

is segmented into 4 types.

5.4.1 No de Mo de

Suppose you observe a motion of a human b o dy from the camera viewp oint. Human b o dy

parts can b e classi�ed into 3 mo des: moving mo de, stationary mo de, and o cclusion mo de. T o

correspond these mo des with the mo del, we classify the no des in the mo del in the same way .

The characteristics of these no de mo des are describ ed b elow.

1. Moving Mo de

A part corresp onding to the no de lab eled the motion mo de can b e seen from the camera.

A di�erence image is av ailable to estimate the joint angles of the no de.

2. Stationary Mo de

A part corresp onding to the no de lab eled the stationary mo de can b e seen from the

camera. As the no de is not moving, there is no area of it in a di�erence image.

3. Occlusion Mo de

A no de in this mo de can not b e seen from the camera. In this case, we cannot get any

information ab out the joint rotational angles from the images. So, we apply the inertia

assumption to predict the joint angles.

Let M

t b e a no de set at time t where the no des are in the motion mo de, and S

t b e a set

of the stationary mo de no des and O

t b e a set of the o cclusion mo de no des.

5.4.2 Di�erence Image

Let I

t

n b e an image of the frame n which is taken at time t

n and the images are taken with

the time interv al �t. A pixel value s lo cated at x at time t

n is de�ned as b elow.

s(t

n

; x) = jp(I

t

n

; x) � p(I

t

n�1

; x)j (5.2)

p(I

t

; x) means the pixel value at x in the image I

t

. A di�erence image is segmented into

tw o regions according to s(t

n

; x).

� Stationary Region S

t

n

= fxjs(t

n

; x) = 0g

This region consists of the pro jections of the no des in S

t

n and a background.

� Moving Region M

t

n

= fxjs(t

n

; x) 6= 0g

Moving region M

t

n consists of three regions; generated moving region G

t

n

, continuous

moving region K

t

n

, and v anishing moving region V

t

n

. These three regions are de�ned

b elow. In the formulations, P(A) means union of the pro jections of all the no des in the

no de set A onto the image plane.

G

t

n

= P(S

t

n�1

) \ P(M

t

n

) (5.3)

K

t

n

= P(M

t

n�1

) \ P(M

t

n

) (5.4)

V

t

n

= P(M

t

n�1

) \ P(S

t

n

) (5.5)

84 CHAPTER 5. SILHOUETTE BASED MOTION ESTIMA

TION

Figure 5.2: Flow chart of pro cessing a no de at each frame

5.5 Algorithm

This section describ es the mo del matching algorithm we prop osed. It utilizes the no de mo des

and takes the relationship b etween the di�erence images and the pro jections of the human

model into consideration. The pro cess deals with a no de one by one at each frame. The

ow chart of the matching algorithm for a no de is as shown in Figure 5.2.

Supp ose the pro cess comes to the frame n.

First, chec k whether the current no de is in the o cclusion mo de or not. If it is in the o cclusion

mode, the joint angle is estimated according to the prediction using the inertia discussed b efore.

Then, search ^ a

p

(t

n

) which maximizes the area size F [a

p

(t

n

)] by v arying the joint angle

a

p

(t

n

). If the di�erence image is the �rst one in the image sequence (that means n = 2),

F [a

p

(t

n

)] is formulated as the equation (5.6). Otherwise, it is de�ned as the equation (5.7).

F [a

p

(t

2

)] = f

�

�

G

t

2

� T(a

p

(t

2

))

�

\

�

H(fa(t

1

)g) [ C

t

2

�

�

(5.6)

F [a

p

(t

n

)] = f

�

�

M

t

n

� T(a

p

(t

n

))

�

\ C

t

n

�

(5.7)

In the formulations, T(a

p

(t

n

)) indicates the region pro jected by the no de p at time t

n

.

C

t

n is an union region of the pro jections of the no des that have b een estimated at time t

n

.

And H(fa(t

1

)g) is a pro jection of the human mo del at time t

1 that is given to the system in

adv ance. � is an exclusive-or op erator b etw een two binary regions.

If F [ ^a

p

(t

n

)] is larger than the threshold v alue �, the no de p is determined to b e moving,

otherwise stationary

. The threshold � is intro duced to remov e the in uence of the noise

occurred in the calculation of the di�erence. If the no de is determined to b e in the moving

mode, the joint angles of the no de is set to ^ a

p

(t

n

). If the no de is determined to b e in the

stationary mo de, the joint angles are set to the predicted ones discussed in Section 5.3 and its

rotational sp eed is reset to zero so that it stands still.

5.6. EXPERIMENT 85

After pro cessing all the no des in the mo del at one frame, the mo del matching algorithm go es

to the next frame and continues the pro cess until it comes to the end of the image sequence.

5.6 Exp eriment

W e applied our metho d to an image sequence with a male walking. The image size 600 by 360

pixels and the sequence includes 40 frames. �R is set to 6 degree and � is 2; 500 pixels. The

estimated result is shown in Figure 5.3. The result motion is displayed 100 cm right to the

actual result lo cation for the readers. Here you can see that our metho d keeps tracking the

parts in spite of o cclusions. As our metho d uses a complete human mo del and can obtain the

joint angles from the image sequence, we can show the estimation result from any viewp oint.

See Figure 5.4.

5.7 Conclusion

In this pap er, we prop ose a human motion estimation metho d using a di�erence image se-

quence. W e classify a status of no des in the mo del into three mo des; moving mo de, stationary

mode, and o cclusion mo de. A no de is lab eled with one of three mo des by considering the

relationship b etw een the di�erence image and the pro jected region of the part on the image

plane. The pro cess calculates joint angles by referring the mo des of the no des at each frame.

Through the exp eriment, we showed that our metho d can keep tracking the parts of the human

in spite of the o cclusions.

86 CHAPTER 5. SILHOUETTE BASED MOTION ESTIMA

TION

1st frame

10th frame

20th frame

30th frame

Figure 5.3: Result

5.7. CONCLUSION 87

F ron t view

Slant view

Figure 5.4: Result from another viewp oint

88 CHAPTER 5. SILHOUETTE BASED MOTION ESTIMA

TION

Chapter 6

Di�erence Based Motion Estimation

W e hav e intro duced inertia on motion estimation and hav e describ ed our metho d in the previ-

ous chapter. Howev er, the image feature referred in the metho d is a simple di�erence. In this

chapter, we intro duce double di�erence image that is obtained from silhouette sequence and

re�ne our motion estimation metho d with it.

As it is no need to estimate a motion of a p erson when he stays still, we prop ose to use a

double-di�er enc e image to get motion information from the video frames and estimate a p ose

partially on the region where motion feature is detected. A double-di�erence image is obtained

by an AND op eration b etw een successive two di�erence images. W e implemented a motion

estimation system that executes mo del matching on a double-di�erence image.

6.1 Intro duction

Automatic input and analysis of human motion hav e attracted attention from virtual reality

and human interface researchers. The analysis by sensors or sp ecial devices were implemented

and users �nd it useful these days. Howev er, such sp ecial devices tend to imp ose a burden to

measured p ersons and are not common in our daily life.

Computer Vision, esp ecially using one camera, b ecomes main technical trend for human

motion estimation and many researchers have contributed to it [31], [77], [78], [30], [41]. W e

hav e prop osed to estimate human motion based on precise human shap e mo del where input

video frames are binarized in adv ance [82], [81].

On estimating a human motion by observing video frames, it is imp ortant what kind of

features to b e extracted from the video frames. W e have concentrated on silhouette images

in our previous research [81], but it is not easy to obtain the silhouette when the background

or light conditions changes. In this pap er, we prop ose to use di�erence images, b ecause the

di�erence op eration derives motion information of the ob ject in the images. If the human b o dy

does not move the di�erence v alue b ecomes zero, which means it is not necessary to estimate

its motion.

Our metho d introduces a mo del matching metho d. A human b o dy mo del consists of several

solid ob jects each of which represents a part of a human b o dy and has a joint attribute. Here,

motion estimation is de�ned to estimate the v alue of the joint angles in the mo del.

W e conducted the exp eriments on the real video frames. The results show that our metho d

can keep tracking the motion of the human b o dy .

89

90 CHAPTER 6. DIFFERENCE BASED MOTION ESTIMA

TION

6.2 Double-di�erence image

W e prop ose to use a double-di�erenc e image to get motion regions from video frames and

estimate a p ose partially on the region where the motion regions is detected. The motion

region is a region where a pixel value changes. A double-di�erence image is obtained by AND

operation b etw een successive two di�erence images.

It is assumed that the video frames do not include any moving ob ject except for a human

bo dy .

W e make a double-di�erence image from three successive frames in an video stream(Figure

6.1). First, we generate two di�erence images from corresp onding two successive images (t � 1

and t, t and t + 1). Then we binarize the di�erence images and execute AND op eration on

these tw o images. W e call a resultant binary image a double-di�er enc e image.

As a double-di�erence image is a pro duct of two di�erence images, it tends to include

isolated noise pixels. These pixels disturbs motion estimation describ ed later in Section 6.4.

Therefore, each 4 by 4 pixels in the double-di�erence image is group ed into one square blo ck.

A blo ck is marked true if more than half of the pixels in the blo ck is true. This pro cess not

only prevents noise but also reduces the computation cost in the image pro cessing. Then the

system removes isolated blo cks to get rid of slight changes in the video frames. The motion

regions consists of the pixels whose v alue is true in the remained blo cks.

Figure 6.1: Double-di�erence image generation

A double-di�erence image has tw o go o d features. One is that motion regions on the double-

di�erence image keeps the shap e of the human b o dy at time t. Regions on a normal di�erence

image do not express the shap e of the ob ject b ecause it is a mixture of the ob ject shap e on

the image plane at time t � 1 and that at time t. F or example, consider a rectangle ob ject

transition in Figure 6.2. In the left, extracted shap e is a combined contour (thick line) of

that of time t � 1 and time t. The right �gure shows a double-di�erence image and the AND

operation keeps the original shap e at time t.

6.3. HUMAN MODEL 91

The other feature is that it is easy to detect whether the current frame contains motion

information or not. If motion regions on a double-di�erence image are small or do not exist,

it indicates that the human b o dy stands still and it is no need to estimate the p ose in that

frame(Figure 6.3).

Figure 6.2: Extracted shap e on di�erence images

6.3 Human Mo del

A human b o dy is represented by an articulated ob ject mo del which consists of several solid

bo dy ob jects. A solid ob ject corresp onds to a part of the human b o dy and has a joint to

the adjacent b o dy ob ject. The b o dy ob jects are connected to each other in a tree structure.

According to the tree graph structure, p ose of one b o dy ob ject is de�ned directly by the joint

angles that is a attribute of the joint connecting it to a parent b o dy ob ject in the tree. A joint

has at most 3 axes to rotate. Joint angles of the b o dy ob ject i at time t are expressed by a

vector a

i

(t) = fa

ik

(t)g. The subscript k means the axis of the joint rotation. The minimum

and maximum joint angle are de�ned so that a human mo del do es not come to an unrealistic

pose. Figure 6.4 shows a human b o dy mo del consisting of nine parts. The p elvis corresp onds

to the ro ot b o dy ob ject. Black dots on the mo del represents the joints. F or example, a joint

of the head b o dy part lo cates near the mouth in the �gure. Dotted lines denotes the tree

structure of this mo del.

In this way

, the motion is de�ned by the time v aried angles of all the joints for a certain

perio d.

6.4 Motion Estimation Algorithm

W e assume that the camera calibration is done in adv ance and that the initial p ose of the

human b o dy mo del is obtained from the metho d we have prop osed in previous pap er [81].

Supp ose now is time t. As shown in Figure 6.3, if the double-di�erence image at time t

contains few motion regions (white frames in the �gure), the joint values are all �xed as those

in the previous frame.

On the other hand, if the double-di�erence image t contains motion regions(gray frames in

the �gure), it implies the human b o dy has changed its p ose. In this case, the mo del matching

algorithm pro cesses a b o dy ob ject in the mo del one by one, from the ro ot p osition to the leafs

of the tree structure in the mo del. W e classify a status of the b o dy ob jects into three mo des;

moving mo de, stationary mode, and oc clusion mo de. Each b o dy ob ject is lab eled with one of

the three mo des by observing the relationship b etw een the motion regions and the pro jected

region of the b o dy ob ject on the image plane. W e calculate joint angles according to the

92 CHAPTER 6. DIFFERENCE BASED MOTION ESTIMA

TION

Figure 6.3: F rame skip

modes of the b o dy ob jects at each frame(Figure 6.5). If a b o dy ob ject is hidden by other

bo dy ob jects, it is determined to b e in the o cclusion mo de and the image plane is not referred.

T o cop e with such situation, we intro duce inertia constraint such that the b o dy ob jects in a

human b o dy are generally rotated at a constant sp eed[82].

Figure 6.4: Human b o dy mo del

6.5. EXPERIMENT 93

Figure 6.5: A b o dy ob ject under matching pro cess

6.5 Exp eriment

W e implemented this metho d and applied it to real video frames. The human mo del used

is shown in Figure 6.4. The video camera is set on the top of the desk b o okshelf and fo cus

on a p erson sitting in front of the desk. Camera p osition, camera direction, fo cus length are

measured in adv ance. W e constructed this system on SGI Indy (R4400 200MHz).

Figure 6.6 shows an example of the image pro cessing. Figure (a) to (e) were taken at

di�erent moment. Figure(b) includes many noise pixels and they are rejected through (c), (d).

In Figure (b), (c), (d), the pixels whose v alue is true in the double di�erence image express the

original pixel v alue in the input frame. Final output Figure(e) passed to the motion estimation

system includes small regions b ecause each pixel in the motion regions is shown there.

The system generated 4.40 frames p er second in average when the input video frame size

was set to 320 pixels by 240 pixels and without motion estimation pro cess. This frame rate

depends on the number of motion regions in the video frame. See T able 6.1.

In the motion estimation exp eriments, we assumed that maximum rotation sp eed at each

joint is 10 degrees p er second. The exp eriments succeeded in simple exercises like waving

hands. But there may exists di�culties in the present system. One of the reasons of the

estimation failures is that one video frame consists of tw o �elds. Since the current system

merges two �elds in one frame, shap e of the motion regions do not re ect the correct shap es.

Another reason of the estimation failures is that a b o dy ob ject once covers the incorrect motion

regions, there is no wa y to up date the joint angles to the right v alues.

Through the exp eriment, the av erage rate of the stable double di�erence images for all the

frames comes to 37:2%. This rate also dep end on what the p erson is working in the o�ce

which cause the rate to b e high.

The current system can pro cess only 1.1 frames p er second in av erage. Sp eed-up and

computation reduction is our future work.

94 CHAPTER 6. DIFFERENCE BASED MOTION ESTIMA

TION

(a)Input frame (b)Double-di�erence (c)4x4 blo ck

(d)Isolated blo ck rejection (e)Motion regions

Figure 6.6: Image pro cessing

T able 6.1: F rame rate for image pro cess

Average Max Min

frames/s 4.40 4.83 3.88

6.6 Conclusion

W e hav e prop osed a human motion estimation metho d from three successive video frames.

As it is no need to estimate a motion of a p erson when he stays still, we prop ose to use a

double-di�er enc e image to get motion information from video frames and estimate his motion

only if the motion regions exists on the double-di�erence images. W e implemented a motion

estimation system that executes mo del matching on a double-di�erence image and show ed its

abilitiy .

Chapter 7

Concluding Remarks

In this thesis, we prop osed a metho d of p ose and motion estimation from o cellus image for

human b o dy .

In this research, we hav e to obtain a solution that adjusts the articulated mo del which

inv olves three dimensional information to an image which inv olves tw o dimensional information

under geometrical condition of the camera pro jection. In that case, silhouette region is used as

an image feature b ecause it can b e extracted easily even if light condition varies and without

knowledge concerning the human b o dy .

W e discussed what p ose and motion estimation means by describing deformation of the

human b o dy that our articulated mo del can represent.

W e �rst prop ose a metho d of p ose and motion estimation by using an articulated mo del

for one silhouette image in Chapter 2. The p ose of the human b o dy is provided by joint angle

parameter of this articulated mo del. Although the matching ev aluation function can b e de�ned

in consideration of all the v ariables ab out the entire human b o dy

, analysis of the function is

di�cult and consumes muc h calculation cost. Therefore, the metho d of achieving the p ose and

motion estimation of the entire human b o dy on an image plane was prop osed in this thesis

by doing the matching ev aluation b etw een silhouette region and the pro jection region of the

metamere in each metamere no de of the articulated mo del.

In Chapter 3, we prop osed the improved p ose estimation metho d by referring the p ose

decision tree. The partial ev aluation with the p ose decision tree o ccasionally cause miss-match

according to relationship b etw een lo cation of a ro ot no de of the articulated mo del and a p ose

of the articulated ob ject in the image. This can b e detected by comparing the estimated p ose

of the articulated mo del with entire silhouette region. Hence, we realized an accurate p ose

estimation metho d by backtrac king in the p ose decision tree when the miss-match is found by

the detection done at the end of the p ose estimation pro cedure so as to av oid falling into lo cal

optimal solution.

In Chapter 4, we intro duced gnawed region on p ose estimation. A silhouette region is an

image feature that can provide shap e of the human b o dy without knowledge of the human

bo dy

. However, it is enumerated not to b e able to detect self-o cclusion in the silhouette region

as a defect of using it. Therefore, at the time of the pro cessing of a certain p ose estimation,

we prop ose to exclude pro jection region from the ev aluation, which corresp onded to metamere

nodes of which the joint angle hav e b een determined already

. It was shown to av oid falling

easily into lo cal solution of the joint angle according to the p ose decision tree, and to obtain

better solution with our metho d by the exp erimental result.

W e expanded the p ose estimation metho d to motion estimation in Chapter 5. W e realized

motion estimation of human b o dy by estimating p ose of the human b o dy for silhouette region

95

96 CHAPTER 7. CONCLUDING REMARKS

at each frame. The characteristic of our metho d is to assume the moment of inertia to each

metamere. As a result, a metamere in the silhouette region can b e tracked even if it is under

self-occlusion in the human b o dy .

And at Chapter 6, we prop osed an improved motion estimation metho d which evaluates

ov erlapp ed area b etween the metamere and double di�erence region as matching score. W e

expanded the motion estimation metho d previously prop osed and prop ose to estimate only the

metamere no des which corresp ond to the parts of the human b o dy

. This metho d reduces the

calculation cost for match evaluation b ecause it do esn’t pro cess the metamere no des of �xed

parts.

As we have not discussed e�ects of three dimensional shap e di�erence b etween the ar-

ticulated mo del and the target human b o dy

, we should ev aluate relationship b etw een the

transformation degree of each metamere in the articulated mo del and the target metamere.

The motion estimation metho d should b e expanded for complicated human motion as our

future work.

Bibliograph y

[1] V. I. Pavlovic, R. Sharma, and T. S. Huang: \Gesturel interface to a visual computing

environment for molecular biologists", Pro c. of the 2nd Int. Conf. on Automatic F ace and

Gesture Recognition, pp. 30{35 (1996).

[2] C. J. Cohen, L. Conw ay and D. Ko ditschek: \Dynamical system representation, genera-

tion, and recognition of basic oscillatory motion gestures", Pro c. of the 2nd Int. Conf. on

Automatic F ace and Gesture Recognition, pp. 60{65 (1996).

[3] N. H. Go o dard: \Incremental mo del-based discrimination of articulated movemen t from

motion features", Pro c. of the workshop on Motion of Non-rigid and Articulated Ob jects,

pp. 89{94 (1994).

[4] G. S. Pingali, Y. Jean and I. Carlb om: \Real time tracking for enhanced tennis broadcasts

", Pro c. of Computer Vision and Pattern Recognition’98, pp. 260{265 (1998).

[5] L. Gencalves, E. D. Bernardo and P

. Perona: \Reach out and touch space (motion learn-

ing)", Pro c. of the 3rd Int. Conf. on Automatic F ace and Gesture Recognition, pp. 234{239

(1998).

[6] Q. Delamarre and O. F augeras: \Finding p ose of hand in video images: a stereo-based

approach", Pro c. of the 3rd Int. Conf. on Automatic F ace and Gesture Recognition, pp.

585{590 (1998).

[7] C. Bregler and J. Malik: \T racking p eople with twists and exp onential maps", Pro c. of

Computer Vision and Pattern Recognition’98, pp. 8{15 (1998).

[8] J. K. Aggarwal, W. L. Q. Cai and B. Sabata: \Articulated and elastic non-rigid motion:

A review", Pro c. of the workshop on Motion of Non-rigid and Articulated Ob jects, pp.

2{14 (1994).

[9] S. Naoya, S. Seki and R. Ok a: \A theoretical consideration of pattern space tra jectory",

Pro c. of the 2nd Int. Conf. on Automatic F ace and Gesture Recognition, pp. 72{77 (1996).

[10] F. K. Quek and M. Zhao: \Inductive learning in hand p ose recognition", Pro c. of the 2nd

Int. Conf. on Automatic F ace and Gesture Recognition, pp. 78{83 (1996).

[11] W. T. F reeman, K. T anak a, J. Ohta and K.kyuma: \Computer vision for computer games

", Pro c. of the 2nd Int. Conf. on Automatic F ace and Gesture Recognition, pp. 100{105

(1996).

[12] K. T ak ahashi, S.Seki, H.Ko jima and R. Ok a: \Recognition of dexterous manipulations

from the time-varying images", Pro c. of the workshop on Motion of Non-rigid and Artic-

ulated Ob jects, pp. 23{28 (1994).

97

98 BIBLIOGRAPHY

[13] R. Cutler and M. T urk: \View based interpretation of real-time optical ow for gesture

recognition", Pro c. of the 3rd Int. Conf. on Automatic F ace and Gesture Recognition, pp.

416{421 (1998).

[14] T. Kurita and S. Hay amizu: \Gesture recognition using hlac features of parcor images

and hmm based recognizer", Pro c. of the 3rd Int. Conf. on Automatic F ace and Gesture

Recognition, pp. 422{427 (1998).

[15] J. T riesch and C. von der Malsburg: \Robust classi�cation of hand p ostures against com-

plex backgrounds", Pro c. of the 2nd Int. Conf. on Automatic F ace and Gesture Recogni-

tion, pp. 170{175 (1996).

[16] K.-H. Jo, Y. Kuno and Y. Shirai: \Manipulative hand gesture recognition using task

knowledge for human computer interaction", Pro c. of the 3rd Int. Conf. on Automatic

F ace and Gesture Recognition, pp. 468{473 (1998).

[17] C. W ren, A. Azarbay ejani, T. Darrell and A. Pen tland: \P�nder: Real-time tracking of

the human b o dy", Pro c. of the 2nd Int. Conf. on Automatic F ace and Gesture Recognition,

pp. 51{56 (1996).

[18] T. Heap and D. Hogg: \T ow ards 3d hand tracking using a deformable mo del", Pro c. of

the 2nd Int. Conf. on Automatic F ace and Gesture Recognition, pp. 140{145 (1996).

[19] H. Hienz, K. Grob el and G. O�ner: \Real-time hand-arm motion analysis using a single

video camera", Pro c. of the 2nd Int. Conf. on Automatic F ace and Gesture Recognition,

pp. 323{327 (1996).

[20] H. A. Rowley

, S. Baluja and T. Kanada: \Rotation inv arian t neural netw ork-based face

detection", Pro c. of Computer Vision and Pattern Recognition’98, pp. 38{44 (1998).

[21] L. W. Campb ell, D. A. Becker, A. Azarbay ejani, A. F. Bobick and A. Pentland: \Inv ariant

features for 3-d gesture recognition", Pro c. of the 2nd Int. Conf. on Automatic F ace and

Gesture Recognition, pp. 157{162 (1996).

[22] D. W. Jacobs and C. Chennubholta: \Segmenting indep endently moving, noisy p oints",

Pro c. of the workshop on Motion of Non-rigid and Articulated Ob jects, pp. 96{103 (1994).

[23] T. Y. Tian and M. Shah: \A general approach for detecting 3d motion and structure of

multiple ob jects from image tra jectories", Pro c. of the workshop on Motion of Non-rigid

and Articulated Ob jects, pp. 110{115 (1994).

[24] M. Y amada, K. Ebihara and J. Ohya: \A new robust real-time metho d for extracting

human silhouettes from color images", Pro c. of the 3rd Int. Conf. on Automatic F ace and

Gesture Recognition, pp. 528{533 (1998).

[25] S. C. Zhu: \Sto chastic computation of medial axis in markov random �elds", Pro c. of

Computer Vision and Pattern Recognition’98, pp. 72{79 (1998).

[26] J. Ma and N. Ahuja: \Dense shap e and motion from region corresp ondences by factor-

ization", Pro c. of Computer Vision and Pattern Recognition’98, pp. 219{224 (1998).

[27] X. F eng and P

. Perona: \Scene segmentation from 3d motion", Pro c. of Computer Vision

and Pattern Recognition’98, pp. 225{231 (1998).

BIBLIOGRAPHY 99

[28] Y. Gdalyahu and D. W einshall: \Automatic hierarchical classi�cation of silhouettes of 3d

ob jects", Pro c. of Computer Vision and Pattern Recognition’98, pp. 787{793 (1998).

[29] D. Geiger and T.-L. Liu: \Recognizing articulated ob jects with information theoretic

metho ds", Pro c. of the 2nd Int. Conf. on Automatic F ace and Gesture Recognition, pp.

45{50 (1996).

[30] J. M. Rehg and T. Kanade: \Digideyes: Vision-based hand tracking for human computer

interaction", Pro c. of the workshop on Motion of Non-rigid and Articulated Ob jects, pp.

16{22 (1994).

[31] A. Bharatkumar, K. E. Daigle, M. G. Pandy

, Q. Cai and J. K. Aggarwal: \Low er limb

kinematics of human walking with the medial axis transformation", Pro c. of the workshop

on Motion of Non-rigid and Articulated Ob jects, pp. 70{76 (1994).

[32] Y. Hel-Or and M. W erman: \Recognition and lo calization of articulated ob jects", Pro c.

of the workshop on Motion of Non-rigid and Articulated Ob jects, pp. 116{123 (1994).

[33] R. J. Holt, A. N. Netrav ali, T. S. Huang and R. J. Qian: \Determining articulated motion

from p ersp ective views: A decomp osition approach", Pro c. of the workshop on Motion of

Non-rigid and Articulated Ob jects, pp. 126{137 (1994).

[34] C. R. W ren and A. P

. Pentland: \Dynamic mo dels of human motion", Pro c. of the 3rd

Int. Conf. on Automatic F ace and Gesture Recognition, pp. 2{27 (1998).

[35] N. Shimada, Y. Shirai, Y. Kuno and J. Miura: \Hand gesture estimation and mo del

re�nement using mono cular camera { ambiguit y limitation by inequality constraints",

Pro c. of the 3rd Int. Conf. on Automatic F ace and Gesture Recognition, pp. 268{273

(1998).

[36] J.-M. Chung and N. Ohnishi: \Cue circles: Image feature for measuring 3-d motion of

articulated ob jects using sequential image pair", Pro c. of the 3rd Int. Conf. on Automatic

F ace and Gesture Recognition, pp. 474{479 (1998).

[37] M. Y amamoto, T. Kondo, T. Y amagiw a and K. Y amanak a: \Skill recognition", Pro c. of

the 3rd Int. Conf. on Automatic F ace and Gesture Recognition, pp. 604{609 (1998).

[38] M. Y amamoto, A. Sato, S. Kaw ada, T. Kondo and Y. Osaki: \Incremental tracking of hu-

man actions from multiple views", Pro c. of Computer Vision and Pattern Recognition’98,

pp. 2{7 (1998).

[39] D. D. Morris and J. M. Rehg: \Singularity analysis for articulated ob ject tracking", Pro c.

of Computer Vision and Pattern Recognition’98, pp. 289{296 (1998).

[40] V. Burdin, C. Roux, E. Stindel and C. Lefevre: \Study of 3-d human movemen ts: In-

uence of the forearm b one morphology on the magnitude of the prosupination motion",

Pro c. of the workshop on Motion of Non-rigid and Articulated Ob jects, pp. 29{34 (1994).

[41] F. J. Perales and J. T orres: \A system for human motion matching b etween synthetic and

real images based on a biomechanic graphical mo del", Pro c. of the workshop on Motion

of Non-rigid and Articulated Ob jects, pp. 83{88 (1994).

[42] C. W. Gear: \F eature grouping in moving ob jects", Pro c. of the workshop on Motion of

Non-rigid and Articulated Ob jects, pp. 214{219 (1994).

100 BIBLIOGRAPHY

[43] S. X.Ju, M. J. Black and Y. Y acoob: \Cardb oard p eople: A parameterized mo del of

articulated image motion", Pro c. of the 2nd Int. Conf. on Automatic F ace and Gesture

Recognition, pp. 38{44 (1996).

[44] I. A. Kak adiaris, D. Metaxas and R. Ba jcsy: \Active motion-based segmentation of human

b o dy outlines", Pro c. of the workshop on Motion of Non-rigid and Articulated Ob jects,

pp. 50{56 (1994).

[45] S. M. Yi Li and H. Lu: \A multiscale morphological metho d for human p osture recognition

", Pro c. of the 3rd Int. Conf. on Automatic F ace and Gesture Recognition, pp. 56{61

(1998).

[46] R. A. Bro oks: \Mo del-based three-dimensional interpretations of tw o-dimensional images

", IEEE T ransactions on Pattern Recognition and Machine Intelligence, 5, 2, pp. 140{150

(1983).

[47] R. Horaud: \New metho ds for matching 3-d ob jects with single p ersp ective views", IEEE

T ransactions on Pattern Recognition and Machine Intelligence, 9, 3, pp. 401{412 (1987).

[48] M. Dhome, M. Richetin, J.-T. Laprest� e and G. Rives: \Determination of the attitude of

3-d ob jects from a single p ersp ective view", IEEE T ransactions on Pattern Analysis and

Machine Intelligence, 11, 12, pp. 1265{1278 (1989).

[49] D. G. Lowe: \Stabilized solution for 3-d mo del parameters", First Europ ean Conference

on Computer Vision Pro ceedings, pp. 408{412 (1990).

[50] J. Ponce, A. Ho ogs and D. J. Kreigman: \On using cad mo dels to compute the p ose of

curved 3d ob jects", CVGIP Image Understanding, 55, 2, pp. 184{197 (1992).

[51] B. Horowitz and A. Pentland: \Recovery of non-rigid motion and structure", Pro ceedings

IEEE Computer So ciety Conference on Computer Vision and Pattern Recognition, pp.

325{330 (1991).

[52] T. Shakunaga: \Pose estimation of jointed structures", Pro ceedings IEEE Computer

So ciety Conference on Computer Vision and Pattern Recognition, pp. 566{572 (1991).

[53] S. Kuratake and R. Nev atia: \Description and tracking of moving articulated ob jects",

Pro ceedings 11th IAPR International Conference on Pattern Recognition V ol.1 Conference

A-i Computer Vision and Applications, pp. 491{495 (1992).

[54] T. Kimoto, A. Ka jigay a and Y. Y asuda: \A metho d of analyzing a human walker from

mono cular moving pictures based on stick mo dels", T ransactions of Institute of Electron-

ics, Information and Communication Engineers, J74-D-I I, 3, pp. 376{387 (1991).

[55] A. C. Downston and H. Drouet: \Mo del-based image analysis for unconstrained human

upp erb o dy motion", International Conference on Image Pro cessing and its Applications,

pp. 274{277 (1992).

[56] C. I. Att woo d, G. D. Sulliv an and K. Baker: \Mo del-based recognition of human p osture

using single synthetic images", Pro ceedings of the Fifth Alvey Vision Conference, pp.

25{30 (1989).

[57] K. Y unibhand, H. Kinoshita and Y. Sak ai: \A hand recognition metho d for visual language

pro cessing", T ransactions of Institute of Electronics, Information and Communication

Engineers, J75-D-I I, 9, pp. 1489{1497 (1992).

BIBLIOGRAPHY 101

[58] Y. Nagashima, T. Ono dera, H. Nagashima, M. T erauchi and G. Ohwa: \A study of recog-

nition metho d of japanese �nger sp elling", T echnical Rep ort of Human Communication

Engineering of Institute of Electronics, Information and Communication Engineers, 92,

210, pp. 23{30 (1992).

[59] K. Ishibuchi, H. T akem ura and F. Kishino: \Real-time hand shap e recognition using

pip eline image pro cessor", T ec hnical Rep ort of Human Communication Engineering of

Institute of Electronics, Information and Communication Engineers, 92, 26, pp. 19{24

(1992).

[60] D. Marr: \Vision", W. H. F reeman and Company (1982).

[61] H. P

. Graf, E. Cosatto, D. Gibb on, M. Ko cheisen and E. Peta jan: \Multi-mo del system

for lo cating heads and features", Pro c. of the 2nd Int. Conf. on Automatic F ace and

Gesture Recognition (1996).

[62] T. Horprasert, Y. Y aco ob and L. S. Davis: \Computing 3-d head orientation from a

mono cular image sequence", Pro c. of the 2nd Int. Conf. on Automatic F ace and Gesture

Recognition, pp. 242{247 (1996).

[63] K. C. Y ou and R. Cip olla: \Detection of human faces under scale, orientation and view-

p oint v ariations", Pro c. of the 2nd Int. Conf. on Automatic F ace and Gesture Recognition,

pp. 295{300 (1996).

[64] K. HOTT

A, T. KURIT

A and T. MISHIMA: \Scale inv arian t face detection metho d using

higher-order lo cal auto correlation features extracted from log-p olar image", Pro c. of the

3rd Int. Conf. on Automatic F ace and Gesture Recognition, pp. 70{75 (1998).

[65] Q. Chen, H. W u, T. F ukumoto and M. Y ac hida: \3d head p ose estimation without feature

tracking", Pro c. of the 3rd Int. Conf. on Automatic F ace and Gesture Recognition, pp.

88{93 (1998).

[66] I. Shimizu, Z. Zhang, S. Ak amatsu and K. Deguchi: \Head p ose determination from one

image using a generic mo del", Pro c. of the 3rd Int. Conf. on Automatic F ace and Gesture

Recognition, pp. 100{105 (1998).

[67] J.-C. T errillon, M. David and S. Ak amatsu: \Automatic detection of human faces in

natural scene images by use of a skin color mo del and of inv ariant moments", Pro c. of the

3rd Int. Conf. on Automatic F ace and Gesture Recognition, pp. 112{117 (1998).

[68] Q. B. Sun, W. M. Huang and J. K. W u: \F ace detection based on color and lo cal symmetry

information", Pro c. of the 3rd Int. Conf. on Automatic F ace and Gesture Recognition,

pp. 130{135 (1998).

[69] E. Elagin, J. Ste�ens and H. Neven: \Automatic p ose estimation system for human faces

based on bunch graph matching technology", Pro c. of the 3rd Int. Conf. on Automatic

F ace and Gesture Recognition, pp. 136{141 (1998).

[70] A. Utsumi, H. Mori, J. Ohy a and M. Y ac hida: \Multiple-human tracking using multiple

cameras", Pro c. of the 3rd Int. Conf. on Automatic F ace and Gesture Recognition, pp.

498{503 (1998).

[71] M. K. Leung and Y. Y ang: \A region based approach for human b o dy motion analysis",

Pattern Recognition, 20, 3, pp. 321{339 (1987).

102 BIBLIOGRAPHY

[72] W. Long and Y. Y ang: \Log-tracker: An attribute-based approach to tracking human

b o dy motion", International Journal of Pattern Recognition and Arti�cial Intelligence, 5,

3, pp. 439{458 (1991).

[73] K. Y unibhand, H. Kinoshita and Y. Sak ai: \Hand gesture recognition using stick �gure

mo del", T ransactions of Institute of Electronics, Information and Communication Engi-

neers, J77-D-I I, 1, pp. 51{60 (1994).

[74] H. Ishii, K. Mo chizuki and F. Kishino: \A motion recognition metho d from stereo images

for human image synthesis", T ransactions of Institute of Electronics, Information and

Communication Engineers, J76-D-I I, 8, pp. 1805{1812 (1993).

[75] N. Shimada, Y. Shirai and Y. Kuno: \Hand p ose estimation from mono cular image

sequence using 3-dimensional mo del", T echnical Rep ort of IEICE, PRU94-4, 94-50, pp.

25{32 (1994).

[76] Y. Sak aguchi, M. Minoh and K. Ikeda: \Part y: Grid generation for human b o dy and pap er

pattern by the geometrical constraints metho d", T ransactions of Institute of Electronics,

Information and Communication Engineers, J77-D-I I, 11, pp. 2210{2219 (1994).

[77] K. Rohr: \Incremental recognition of p edestrians from image sequences", Pro c. of the

1993 IEEE Computer Vision and Pattern Recognition, pp. 8{13 (1993).

[78] C. I. Att woo d, G. D. Sulliv an and K. Baker: \Mo del-based recognition of human p osture

using single synthetic images", Pro ceedings of the Fifth Alvey Vision Conference, pp.

25{30 (1989).

[79] I. Haritaoglu, D. Harwoo d and L. S. Davis: \w

4

: Who? when? where? what? a real time

system for detecting and tracking p eople", Pro c. of the 3rd Int. Conf. on Automatic F ace

and Gesture Recognition, pp. 222{227 (1998).

[80] Y. Kameda, M. Minoh and K. Ikeda: \Three dimensional p ose estimation of an articulated

ob ject from its silhouette image", Pro ceedings of First Asian Conference on Computer

Vision, pp. 612{615 (1993).

[81] Y. Kameda, M. Minoh and K. Ikeda: \A p ose estimation metho d for an articulated

ob ject from its silhouette image", T rans. of the Institute of Electronics, Information and

Communication Engineers, J79-D-I I, 1, pp. 26{35 (1995).

[82] Y. Kameda, M. Minoh and K. Ikeda: \Three dimensional motion estimation of a human

b o dy using a di�erence image sequence", Pro ceedings of Second Asian Conference on

Computer Vision, I I, pp. 181{185 (1995).

Ac kno wledgemen ts

I would like to express sincere gratitude to Professor IKEDA Katsuo of Kyoto University .

He gave me the opp ortunity of this research, and has b een giving me contin uous guidance,

interesting suggestions, intensiv e criticism and kind encouragements during the research.

I would like to appreciate Professor MINOH Michihik o of Kyoto Universit y for his inv aluable

suggestions, accurate criticism, and encouragements.

I also acknowledge interesting comments that I received from Assistant Professor AMANO

Akira and Assistant Professor HIROSE Shouichi of Kyoto Universit y , and Dr. Y oshiyuki

Sak aguchi of TOYOBO.

Thanks are also due to all the members of Professor Ikeda’s Lab oratory and Professor

Minoh’s Lab oratory for their enthusiastic discussions and supp orts through this research.

103

104 BIBLIOGRAPHY

List of Publications b y the Author

Ma jor Publications

1. KAMEDA Y oshinari, MINOH Michihiko, IKEDA Katsuo, \Three Dimensional Pose

Estimation of an Articulated Ob ject from its Silhouette Image," Pro ceedings of Asian

Conference on Computer Vision ’93, pp.612-615, 1993.

2. KAMEDA Y oshinari, MINOH Michihiko, IKEDA Katsuo, \Three Dimensional Motion

Estimation of a Human Bo dy Using a Di�erence Image Sequence," Pro ceedings of Second

Asian Conference on Computer Vision ’95, pp.181-185.

3. KAMEDA Y oshinari, MINOH Michihiko, IKEDA Katsuo, \A Pose Estimation Metho d

for an Articulated Ob ject from its Silhouette Image," The T ransactions of the IEICE

D-I I, J79-D-I I, No.1, pp.26-35, 1996.

4. OGINO T omotak a, KAMEDA Y oshinari, SAKAGUCHI Y oshiyuki, MINOH Michihik o,

IKEDA Katso \A Collision Detection Metho d for Interacting with Virtual W ea ven Cloth,

" Pro ceedings of International Conference on Virtual Systems and Multimedia ’96,

pp.129-134, 1996.

5. KAMEDA Y oshinari, MINOH Michihik o, \A Human Motion Estimation Metho d using

3-successive video frames," Pro ceedings of International Conference on Virtual Systems

and Multimedia’96, pp.135-140, 1996.

6. Y oshinari Kameda, T ak eo T ao da, Michihik o Minoh, \High Sp eed 3D Reconstruction by

Video Image Pip eline Pro cessing and Division of Spatio-T emporal Space," Pro ceedings

of MV

A’98 IAPR W orkshop on Machine Vision Applications, pp.406{409, 1998.

7. Y oshinari Kameda, T ak eo T aoda, Koh Kakusho, Michihiko Minoh, \High Sp eed 3D

Reconstruction by Pip eline Video Image Pro cessing and Division of Spatio-T emp oral

Space," IPSJ Journal, V ol.40, No.1, pp.13{22, 1999.

8. Y oshinari Kameda, Hideaki Miyazaki, and Michihik o Minoh, \A Live Video Imaging for

Multiple Users," Pro ceedings of International Conference on Multimedia Computing and

Systems (ICMCS’99), 1999 (T o b e published).

T ec hnical Rep orts

1. KAMEDA Y oshinari, Minoh Michihiko, IKEDA Katsuo, \A 3-D Shap e Presumption Of

A Human Hand Using A Silhouette," Meeting on Image Recognition and Understanding

MIRU’92, IPSJ Symp osium Series V ol.92, No.3, pp.239-246, 1992.

105

106 BIBLIOGRAPHY

2. KAMEDA Y oshinari, MINOH Michihik o, IKEDA Katsuo, \A Human Motion Recog-

nition Metho d Using Di�erence Images," T echnical Rep ort of IEICE, V ol.95, No.165,

PRU95-98, pp.115-120, 1995.

3. Y

AGI Keisuke, FUJIKA W A Kenji, KAMEDA Y oshinari, SENDA Shuji, MUKUNOKI

Masayuki, MINOH Michihik o, IKEDA Katsuo, \PLS: A Plan for Polymorphic Learning

Space," T echnical Rep ort of IEICE, V ol.95, No.183, MVE95-38, pp.23-30, 1995.

4. T akuro Sakiyama, Y oshinari Kameda, Michihiko Minoh, Katsuo Ikeda, \F acial Image

Extraction of Lecture Attendants in an Image Sequence using T emplate Matching,"

Meeting on Image Recognition and Understanding MIRU’96, I, pp.13-18, 1996.

5. Ko ji IMAO, Y oshinari KAMEDA, Michihiko MINOH, Katsuo IKEDA, \A Deformation

Metho d of a Three Dimensional Shap e Mo del F or Representing a Personal Human Bo dy

Shap e," Pro ceedings of the 2nd Intelligence Information Symp osium, pp.183-190, 1996.

6. Jun KIT A W AKI, Y oshinari KAMEDA, Koh KAKUSHO, Michihik o MINOH, Katsuo

IKEDA, \Primitive Op erations for Interactive Design of Clothes in Virtual Space," IPSJ

SIG Notes HI, V ol.97, No.107, 97-HI-75, pp.39-44, 1997.

7. Y oshinari Kameda,T ak eo T aoda,Koh Kakusho,Michihik o Minoh, \Pip eline Video Image

Pro cessing and Division of Spatio-T emporal Space for High Sp eed 3D Reconstruction,"

IPSJ SIG Notes DPS, V ol.98, No.55, 98-DPS-89, pp.85-90, 1998.

8. KUBODA Hidek azu, KAMEDA Y oshinari, MINOH Michihiko, \Realization of Eye-

contact Dialogue in Pro�le on T ele-conference," T ec hnical Rep ort of IEICE, V ol.98,

No.128, HIP98-8, pp.55-62, 1998.

9. Hideyuki Miyazaki, Kentaro Kichiy oshi, Y oshinari Kameda, Michihiko Minoh, \A Real-

time Metho d of Making Lecture Video Using Multiple Cameras," Meeting on Image

Recognition and Understanding MIRU’98, IPSJ Symp osium Series V ol.98, No.10, I,

pp.123-128, 1998.

10. Y oshinari Kameda, Michihik o Minoh, \Video Image Generation of 3D Lecture Space

by Interpreting Dynamic Situation," Meeting on Image Recognition and Understanding

MIRU’98, IPSJ Symp osium Series V ol.98, No.10, I, pp.371-376, 1998.

Con v en tion Records

1. KAMEDA Y oshinari, AMANO Akira, Minoh Michihik o, IKEDA Katsuo, \A 3D-Mo del

Matching with Energy F unctions for Hand Images," Pro ceedings of the 43th National

Conv ention IPSJ, V ol.2, pp.389-390, 1991.

2. KAMEDA Y oshinari, Minoh Michihik o, IKEDA Katsuo, \A 3D Shap e Recognition Strat-

egy F or a Hand Using its Silhouette," Pro ceedings of the 45th National Conference IPSJ,

V ol.2, pp.255-256, 1992.

3. Y oshinari KAMEDA, Michihiko MINOH, and Katsuo IKEDA, \Pose Estimation Abil-

ity for an Articulated Ob ject from its Silhouette," Pro ceedings, of the 47th National

Conference IPSJ, V ol.2, pp.151-152, 1993.

BIBLIOGRAPHY 107

4. KAMEDA Y oshinari, Minoh Michihiko, IKEDA Katsuo, \A 3-D Pose Estimation of an

Articulated Ob ject from its Silhouette Image," The 21th Annual Conference and Visual

Computing’93 of the Institute of Image Electronics Engineers of Japan, pp.133-136, 1993.

5. KAMEDA Y oshinari, MINOH Michihik o, IKEDA Katsuo, \A Human Motion Estima-

tion Metho d Using a Silhouette Image Sequence," Pro ceedings of the 1994 IEICE F all

Conference, D-355, 1994.

6. HITOMI Ko jiro, KAMEDA Y oshinari, MINOH Michihiko, IKEDA Katsuo, \A Pose

Estimation Metho d Based on Constraint Satisfaction Image Pro cessing," Pro ceedings of

Annual Conference of I IEEJ, pp.57-58, 1994.

7. IMAO Ko ji, KAMEDA Y oshinari, MINOH Michihik o, IKEDA Katsuo, \A 3D Mo del

T ransformation Metho d Fitted to A Silhouette Image," Pro ceedings of Annual Confer-

ence of I IEEJ, pp.105-106, 1994.

8. KAMEDA Y oshinari, MINOH Michihik o, IKEDA Katsuo, \A Human Motion Estimation

Metho d Using a Mo del | Introduction of Inertia |," Pro ceedings of the 1995 IEICE

General Conference, D-658, 1995.

9. OGINO T omotak a, KAMEDA Y oshinari , SAKAGUCHI Y oshiyuki, MINOH Michihik o,

IKEDA Kastuo, \A F ast Collision Detection Metho d for Handling Virtual Cloth," Pro-

ceedings of the 53th National Conference IPSJ, V ol.4, pp.53-54, 1996.

10. KAMEDA Y oshinari, MINOH Michihik o, \A Human Motion T racking Metho d Using

Double Di�erence T echnique," Pro ceedings of Conference of Kansai District Union of

Electric Related Institutes, S12-3:S64, 1996.

11. KIT A W AKI Jun, KAMEDA Y oshinari, IKEDA Katsuo, MINOH Michihiko, \Recogni-

tion for Manipulating Cloth in Virtual Environment," Pro ceedings of the 1997 Informa-

tion and Systems So ciety Conference of IEICE, A-16-6, 1997.

12. KAMEDA Y oshinari, KICHIYOSHI Kentaro, MINOH Michihiko, \A Metho d of T rans-

ferring Video Using Multiple Cameras in A Lecture Ro om," The Pro ceedings of the 2nd

Image Media Pro cessing Symp osium, pp.13-14, 1997.

13. Michihiko Minoh , Y oshinari Kameda, \Three Dimensional Mo del Based Interpretation

of Dynamic Situation in a Lecture Ro om," Pro ceedings of First International W orkshop

on Co op erative Distributed Vision, pp.177-194, 1997.

14. Michihiko MINOH, Y oshinari KAMEDA, \Human Shap e Measurement Based on A 3D

Mo del," The 40th Union Conference on Automatic Control, SS23, pp.67-70, 1997.

15. Michihiko MINOH, Y oshinari KAMEDA, \A metho d for T aking and Pro cessing Several

Videos in a Classro om," Pro ceedings of Classro om Vision Symp osium (CR

V’98), pp.43-

50, 1998.

16. I IY

AMA Masaaki, KAMEDA Y oshinari, MINOH Michihiko, \Pose Estimation of Human

Bo dy on V oxel Data Considering Interference with Mov able Area of Human Mo del Parts,

" Pro ceedings of the 1998 Information and Systems So ciety Conference of IEICE, D-12-

85, pp.307, 1998.

17. Jun T

AKAD

A, Y oshinari KAMEDA, Michihiko Minoh, \A Metho d to Attend Multiple

Meetings by Audio Media Control According to Users’ Inten tion," Pro ceedings of the

57th National Conference IPSJ, V ol.4, pp.49{50, 1998.

108 BIBLIOGRAPHY

18. Michihiko Minoh, Y oshinari Kameda, \Imaging a 3D Lecture Ro om by Interpreting

its Dynamic Situation," Pro ceedings of Second International W orkshop on Co op erative

Distributed Vision, pp.243{264, 1998.

19. Norihiro W ada, Y oshinari Kameda, Koh Kakusho, Michihik o Minoh, \Visual and F orce

F eedbac k Implementation for Manipulating Virtual Cloth," Pro ceedings of the 167th

T ec hnical Meeting of I IEEJ, V ol.98-05, pp.25-31, 1998.

Other Publications

1. KAMEDA Y oshinari, MINOH Michihiko, IKEDA Katsuo, \A Pose Estimation Metho d

for an Articulated Ob ject from its Silhouette Image," Image Lab o V ol.7, No.8, pp.1-4,

1996.

Aw ards

1. Best Pap er Award for Y oung Researchers of the 43th National Conven tion of IPSJ