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Abstract

The goalof the research presented in this thesisis to designan integratedsystem

for the automatic acquisition of a human body model, using input imagesfrom

mutually orthogonal views. The model consistsof two setsof free-formsurface

patches: the torso and its arms. We determine a neck joint on the torso and

six joint positions on the arms (i.e., one location for each shoulder,elbow and

wrist).

A conventional three-dimensionalreconstruction technique called \shape from

silhouettes" is applied in the project. However, one of the challengesof the

project is to automatically separatethe body segments during the reconstruc-

tion of the model from occludedsilhouettes. The systemsuggestsa body part

localization procedureto determinethe joint positionsthrough the analysisof a

feature view of body poses.Furthermore, this virtual human model is capable

of simulating the motion of a real personusing a-priori knowledgeof the body.

The human model will be speci¯ed using Virtual Reality Modelling Language

(VRML) and visualizedand renderedin a scenegraph system,OpenSG.
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Chapter 1

In tro duction

1.1 Human body mo dels

Human motion modelling plays an increasinglyimportant role in medicalappli-

cations,surveillancesystems,avatar animation for moviesand computergames.

It requiresthe identi¯cation of a human body and estimation of its shape and

motion parameters. We de¯ne the human motion modelling problem to be a

combination of two major components, model acquisition and poseestimation.

Model acquisition aims to reconstruct the parametersof a human body model

that correspond to the speci¯c shape and sizeof a given human subject. Pose

estimation aimsto con¯gure a model such that it accuratelyre°ects the position

and the con¯guration of the human subject during a motion capture process.

A large variety of two-dimensional (2D) and three-dimensional(3D) human

modelshasbeenproposed.Di®erent applications require di®erent levelsof rep-

resentation details. For surveillancepurposes,simple low-level 2D image blob
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models [18] have proved their e®ectivenessfor approximating 2D human track-

ing. Other 2D models use planar articulated representations [8], where the

model is built in terms of limbs, and represented as intensity patchesand joints

which are modelled as planar articulations. Such models have beenemployed

both for body part labeling and tracking [17]. However, despitetheir e®ective-

ness,they fundamentally represent only 2D information and cannot represent

3D constraints. Research in recent yearson human motion estimation hasused

3D volumetric and kinematic models. Many algorithms have alsoproved fairly

e®ective [5, 25], but they often usesimpli¯ed models of the human body built

from ellipsoidal, cylindrical or skeleton parts, and do not usea realistic surface

model. Actually, realistic 3D body models are possibleand may be e®ective

in controlled scenarios,especially when the human subject wears tight ¯tting

clothing. Such models usefree-form surfacepatchesas a meansof marker-free

human motion tracking (e.g., see,[33]) and have lead to robust results.

(a) Grid visualization of a human
model.

(b) Coordinate systems of a human
model.

Figure 1.1: A human model and its design.
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Being motivated by the designof a robust algorithm for 2D-3D poseestimation

of human beingsin [31, 33], we usefree-formsurfacemeshesto build a realistic

human body model. This allows to incorporate a diversity of constraints which

con¯gure the model, and in consequenceit supports a more stable tracking

performance.Human body modelsin this thesisareassumedto berigid objects.

Furthermore, both the motions of the arti¯cial body model and the real human

body can be described by hierarchical kinematic chains. This schemeimplies

that the transformation of thesejoints that are lower in the hierarchy, involves

all transformations of the precedingjoints too. Therefore, the body model is

designedto consist of a hierarchic arrangement of eight body segments: head,

torso, upper arm, lower arm, and so forth. Body segments are de¯ned by their

local coordinates, and joints (neck, shoulder, elbow and wrist) are added in

between. Figure 1.1 shows an example of such a model and its coordinate

systems.A joint hereis represented by a joint that hasthree degreesof freedom

(DOF). Rigid transformations at each joint de¯ne a speci¯c body posefor the

model. Thesetransformations are constrainedto simulate the actual motions

of the body.

1.2 Related work

This section is restricted to the research involving realistic human body mod-

elling and body part separation. Techniques for visual object reconstruction

can be broadly divided into active methods, in which light patterns are pro-

jected into a sceneto provide visual featuresfor matching, and passive methods
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that rely on matching visual cuesbetween images[36]. Activ e techniquesof-

ten use a range scannerfor model acquisition, which employs a time-of-°ight

approach. A focusedlaserpulse is emitted from a transmitter with a constant

speed. It is re°ected by the object surfaceand detected by a receiver. The

time betweentransmitting and receivinggivesthe distancetraveled. The laser

devicescansthrough the entire surfaceand providesa depth map of the object.

This approach acquireshighly accurategeometricdata of the shape. However,

it usually outputs point cloud data, which are not suitable for animation. To

overcomethis issue, [27] developed techniques for automatically creating and

animating modelsobtained from scanneddata. [27] extracts key landmarksand

¯ts them to an underlying skeleton. Articulated modelsare generatedwithout

the interaction of the users. One of the disadvantages of active methods is

that it requiresa large amount of time and expertise to useit. Moreover, such

systemsare prohibitiv ely expensive and needa special environmental setting.

Comparedto active sensingtechniques,passive scenereconstruction from im-

agesis a low-cost technique. It enablesgreater °exibilit y in scenecapture and

relies on matching visual cues such as features, surface appearance,shading

and silhouettes. Thereforepassive methods have received considerableinterest

in the past few years,and many approacheshave beenproposed.

Kakadiaris and Metaxas have developed a system for 3D human body model

acquisition in [19] using three camerasplacedin a mutually orthogonal con¯g-

uration. A subject is requestedto perform a set of movements according to
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a protocol that reveals the structure of the human body. The body parts are

identi¯ed and reconstructedincrementally from 2D deformablecontours.

Hiltion et al. [14] proposedan approach for modelling the human body from

four views. This approach usesextrema for helping to ¯nd feature points. It is

simple and e±cient. However, it is not reliable for identifying neck joints and

it doesnot provide a solution to ¯nd elbow and wrist joints. Furthermore, it is

not a seamlessmodel for animations. W. Leeet al. [23] builds seamlesshuman

models having similar body structure as de¯ned in [14]. Di®erent methods

are employed to head and body reconstruction. The approach ensuresrobust

and e±cient results in facemodelling, and a realistic appearanceof the whole

body. However, it is not a fully automatic approach and cannot detect the joint

positions, which have to be manually given by users.

1.3 Purp ose of this thesis

This work is part of a human motion analysis project basedon captured se-

quences,as presented in [31, 32, 33]. For a detailed study of human motions,

the project requiresan automatic model generationsystem,so that poserecov-

ery can be evaluated for di®erent persons(e.g., male or female, small or tall

people).

Our goal is to provide an integrated framework for the automatic generationof
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human modelsthat consistof free-formsurfacepatchesand body segments con-

nected by joints. The main di±culties in developing algorithms for modelling

stem from occlusionsamong body parts. This thesis solves that problem and

acquiresa concise3D model of a human body using vision sensors. Further-

more,asa ¯rst stagetowards human motion modelling and poseestimation, an

application for simple joint tracking is presented.

1.4 Organization of this thesis

Chapter 2 ¯rstly exploits the mathematical fundamentals used in this thesis.

Human motion modelling is an extendedstudy of this project. This chapter also

provides a generalintroduction to rigid body motions. The discussedconcepts

and notions will be usedin later chapters.

Chapter 3 givesthe systemoverview. It includesthe lab setup for model acqui-

sition, systemoverview and the software requirements for running the program

producedin our work.

Chapter 4, Chapter 5 and Chapter 6 describe three components for modelling

a human body. They combine various imageprocessingand 3D reconstruction

techniques. Chapter 4 dealswith segmenting the region of interest by means

of background subtraction [15]. A computational model is usedto distinguish

the object and background. Morphologic operators [22] are also introduced.
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Chapter 5 discussesa feasibleway to ¯nd the positions of joints. It is a com-

bination of skeletonization [4, 20], chain coding [11] and corner detection [9].

Re¯nements are also discussed.Chapter 6 discussesthe 3D reconstruction of

human bodies. It discussesdi®erent strategiesfor 3D reconstruction of torso

and arms. Apart from 3D modelling, cameracalibration [37] is also involved.

Chapter 7 demonstratessomeexperimental results from the implementation

of the ideas described in this thesis. In particular, we illustrate animation

sequencesshowing motion tracking using the conceptsdescribed in Chapter

2, and a-priori knowledge of body parameters obtained from considerations

discussedin Chapter 5 and Chapter 6.

Chapter 8 summariesthis thesis. It alsodiscussesimprovements for future work

and possibleextensionsof this study.
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Chapter 2

Mathematical basics and rigid
body motions

This chapter contains two parts. The ¯rst part providesa generalintroduction

to the mathematical fundamentals used in this thesis. The secondpart deals

with the formulation of rigid body motions. Modelling of human motions is an

extendedstudy of this project. It is introducedin Chapter 7.

2.1 Basics

2.1.1 Represen tations for poin ts, lines and planes

A point, representing a position in the 2D or 3D space,cansimply be expressed

by a two-dimensionalor three-dimensionalvector. For our purpose,homoge-

neouscoordinates [26] are used. For example,2D points are represented as 3D

vectors(x; y; 1)T , and 3D points as 4D vectors(x; y; z; 1)T .
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A line l can be represented by a combination of two points in 2D or 3D space,

denotedas P1P2. In parametric representation, we specify a line L as a set of

points Pl with

L = f Pl jPl = P1 + u(P2 ¡ P1); u 2 IRg; (2.1.1)

whereu is a positioning factor with respect to P1.

Implicitly , a line canbespeci¯ed by its direction n and a moment m. Wedenote

that by L = (n; m). The direction n is de¯ned as a unit direction,

n =
P2 ¡ P1

jjP2 ¡ P1jj
: (2.1.2)

The moment m is de¯ned asthe crossproduct of a point on the line anddirection

n,

m = P1 £ n: (2.1.3)

It is noted that m is independent of the point position [31]. A point Pl is

incident with the line L = (n; m) i®

Pl £ n ¡ m = 0: (2.1.4)

A planecanbe speci¯ed by three points P1; P2; P3 on that plane. Its parametric

representation as follows:

Pp = P1 + u1(P2 ¡ P1) + u2(P3 ¡ P1); u1; u2 2 IR: (2.1.5)

Implicitly , the equation of a plane can be represented by a unit normal vector

n = (a;b;c)T of the plane and the Hessiandistance d from the origin to the
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plane (Figure 2.1). Incidenceof a point Pp on the plane is given as

(n ¢Pp) ¡ d = 0; (2.1.6)

where,n = (a;b;c)T , jjnjj = 1 and d 2 IR. If a plane is denotedby a vector of

its parameters,(a;b;c;d)T , the generalform for an equation of a plane is

ax + by+ cz + d = 0: (2.1.7)

P0

O

d

n=(a,b,c)T

Figure 2.1: A plane can be represented by a normal vector n of the plane and
the Hessiandistanced from origin to the plane.

2.1.2 Line-line in tersection

We ¯rst consider the situation for the 2D case. Two lines L 1 = P1P2, and

L2 = P3P4, intersect at a point if Pa = Pb, for ua; ub 2 IR

Pa = P1 + ua(P2 ¡ P1); (2.1.8)
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Pb = P3 + ub(P4 ¡ P3): (2.1.9)

Having Pa = Pb and Pi = (x i ; yi ), this leadsto the following two equationsin

unknown factors of ua and ub:

x1 + ua(x2 ¡ x1) = x3 + ub(x4 ¡ x3); (2.1.10)

y1 + ua(y2 ¡ y1) = y3 + ub(y4 ¡ y3): (2.1.11)

Solving givesthe following expressionsfor ua and ub:

ua =
(x4 ¡ x3)(y1 ¡ y3) ¡ (y4 ¡ y3)(x1 ¡ x3)
(y4 ¡ y3)(x2 ¡ x1) ¡ (x4 ¡ x3)(y2 ¡ y1)

; (2.1.12)

ub =
(x2 ¡ x1)(y1 ¡ y3) ¡ (y2 ¡ y1)(x1 ¡ x3)
(y4 ¡ y3)(x2 ¡ x1) ¡ (x4 ¡ x3)(y2 ¡ y1)

: (2.1.13)

Substituting either of these into the corresponding equation, Equation (2.1.8)

or Equation (2.1.9), givesthe intersectionpoint.

P1

P2

Pa

Pb

P3

P4

Figure 2.2: Line-line intersection in 3D space.

In the 3D case,the intersection of the two lines may not necessarilyexist, so

that we have to ¯nd the closestpair of points, one per line, that approximate
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the intersection. Thus the point being closestto two 3D lines can be found by

minimizing the Cartesiandistancebetweenthe points of theselines(Figure 2.2).

That is minimizing the following:

jjPa ¡ Pbjj 2 = jjP1 + ua(P2 ¡ P1) ¡ P3 ¡ ub(P4 ¡ P3)jj 2: (2.1.14)

The unknown factors can take the form of a 2 £ 1 vector with the elements ua

and ub. After partial derivatives by desiredfactors are set equal to zero, the

solution of a closestpair is derived as follows:
Ã

ua

ub

!

=

Ã
¢ T

12¢ 12 ¢ T
12¢ 34

¢ T
12¢ 34 ¢ T

34¢ 34

! ¡ 1 Ã
¡ ¢ T

31¢ 12

¡ ¢ T
31¢ 34

!

(2.1.15)

where¢ j i = Pi ¡ Pj . Finally, the middle point of the line segment betweenPa

and Pb is regardedas the intersection.

2.1.3 Line-plane in tersection

Given a plane (a;b;c;d)T and a line through X 1(x1; y1; z1) and X 2(x2; y2; z2),

the combination with Equation (2.1.1) and Equation (2.1.7) gives

a(x1 + u(x2 ¡ x1)) + b(y1 + u(y2 ¡ y1) + c(z1 + u(z2 ¡ z1)) + d = 0: (2.1.16)

Solving for u gives

u =
ax1 + by1 + cz1 + d

a(x1 ¡ x2) + b(y1 ¡ y2) + c(z1 ¡ z2)
: (2.1.17)

If the denominator is zero then the line is either parallel to the plane, and

there are no solutions, or the line is on the plane, in which casethere is an

in¯nite number of solutions. If the denominator is nonzero,back-substituting u

to Equation (2.1.1) givesthe intersectionpoint.

12



2.2 Rotations

y0

x0

z0

y

x

z

q

Figure 2.3: Rotation of a rigid object about a point. The solid coordinate frame
of an inertial frame and the dashedcoordinate frame is attached to the rotating
rigid body.

A 3£ 3 rotation matrix R canbeusedto describe the orientation of an object by

giving the relativeorientation betweena coordinate frameattachedto the object

and a ¯xed or inertial coordinate frame (seeFigure 2.3, the dashedcoordinate

frame x0y0z0 is attached to the rotating rigid body, and the coordinate frame

xyz remains¯xed). A rotation matrix R for a right-handed coordinate frame,

R =

0

B
B
@

r11 r12 r13

r21 r22 r23

r31 r32 r33

1

C
C
A ;

has the following key properties,
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1. RRT = I ;

2. det(R) = 1.

Euler angles®, ¯ , ° areoften usedin classicalmechanicsto represent a rotation

by using thesethree parameters[26]. There are several conventions for Euler

angles,depending on the axes about which the rotations are carried out. A

way to describe the orientation of a coordinate frame B relative to another

coordinate frame A is as follows:

1. Start with frame B coincident with frame A;

2. Rotate frame B about the z-axis of frame B by an angle®;

3. Rotate about the new y-axis of frame B by an angle¯ ;

4. Rotate the z-axis of frame B by an angle° .

This yields a net orientation R(®; ¯ ; ° ) with the triple of Euler angles(®; ¯ ; ° )

representing the rotation. We de¯ne the elementary rotations about the x, y

and z axesas follows,

Rx (° ) =

0

B
B
@

1 0 0

0 cos(° ) ¡ sin(° )

0 sin(° ) cos(° )

1

C
C
A ;

Rx (° ) =

0

B
B
@

cos(¯ ) 0 sin(¯ )

0 1 0

¡ sin(¯ ) 0 cos(¯ )

1

C
C
A ;
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Rx (®) =

0

B
B
@

cos(®) ¡ sin(®) 0

sin(®) cos(®) 0

0 0 1

1

C
C
A :

Concatenationof thesethreematricesleadsto the generalrotation which de¯nes

the ¯nal orientation of frame B relative to frame A,

R = Rz(®)Ry(¯ )Rx (° ): (2.2.1)

2.3 Exp onential mapping in rigid motions

In [31] Lie groups and Lie algebrasare usedto model rigid motions. We ¯rst

begin with SO(3), which denotesthe group of rotational motions in IR3. Let

! 2 IR3 be a unit vector that speci¯es the direction of rotation and let µ 2 IR be

the angleof rotation in radians. According to [26], every rotation of an object

correspondsto somerotation matrix R 2 SO(3). This meansthat R should be

an orthogonal matrix with determinant 1. SO(3) is identi¯ed with the family

of all of these3 £ 3 matrices. The notation SO is an abbreviation for \special,

orthogonal". We write R as a function of ! and µ, R(! ; µ), if we rotate about

the axis ! at unit velocity by an amount µ.

For a one-parameterLie groupgiven in matrix representation, the tangent space

de¯nes its Lie algebraso(3) (see[26]) as follows:

so(3) = f !̂ 2 IR3£ 3j !̂ = ¡ !̂ T g: (2.3.1)
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The matrix !̂ is a skew-symmetricmatrix,

!̂ =

0

B
B
@

0 ¡ ! 3 ! 2

! 3 0 ¡ ! 1

¡ ! 2 ! 1 0

1

C
C
A : (2.3.2)

The spaceof all 3 £ 3 skew-symmetric matrices is denoted by so(3). As ex-

ponentials of skew matrices are orthogonal, Lie group SO(3) and Lie algebra

so(3) areconnectedvia the exponential mapping function exp : so(3) ! SO(3).

For any !̂ 2 so(3), the Rodrigues' formula [26] gives an e±cient method for

computing the exponentials,

R(! ; µ) = exp(!̂ µ) = I + !̂ sin(µ) + !̂ 2(1 ¡ cos(µ)) (2.3.3)

where !̂ is a skew-symmetricmatrix, for ! = (! 1; ! 2; ! 3)T with jj ! jj = 1.

Geometrically, the skew-symmetricmatrix corresponds to an axis of rotation,

and the exponential map generatesthe rotation corresponding to rotation about

the axis ! by a speci¯ed amount µ.

An extensionfrom SO(3) is the group of rigid body motions denotedby SE(3)

(special Euclidean group), which consistsof a rotation matrix R and a trans-

lation vector T. Homogeneouscoordinates are common in representing rigid

motions. Every 3D rigid body motion (RBM) can be represented by a 4 £ 4

matrix

M =

Ã
R3£ 3 T1£ 3

03£ 1 1

!

; with R 2 SO(3) and T 2 IR3: (2.3.4)
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The corresponding Lie algebrato SE(3) is

se(3) = f (v; !̂ ) : v 2 IR3; !̂ 2 so(3)g: (2.3.5)

An element » = (v; !̂ ) 2 se(3) is called a twist, and its matrix representation

takesthe form

»̂ =

Ã
!̂ v

03£ 1 0

!

: (2.3.6)

»̂ is referredto as an in¯nitesimal generatorof the Euclideangroup.

Analogous to SO(3), the exponential map exp : se(3) ! SE(3) leads to a

mapping from se(3) to SE(3) [26], which can be computedby evaluating

exp(»̂µ) =

Ã
exp(!̂ µ) (I ¡ exp(!̂ µ)(! £ v) + ! ! T vµ)

0 1

!

: (2.3.7)

2.4 Screw motion

As mentioned previously, a rigid body motion corresponds to an Euclidean

transformation group SE(3). The exponent exp(µ»̂) leads to a rigid motion

and corresponds to a screwmotion. A screwmotion is a speci¯c classof rigid

body motion that consistsof a rotation about a straight line combined with a

translation parallel to that line. It is de¯ned by an axis ! in spacethrough

an angle of µ, combined with a translation along the sameaxis by an amount

d. Screwmotions are not only special casesof rigid motions. Indeed, Chasles

has proved in 1802 that the reverseis true: Every rigid body motion can be

expressedasa screwmotion. Figure 2.4illustrates the principle of screwmotion.

17



d

P

PSfrag replacements

µ

!

Figure 2.4: A screwmotion along axis ! .

The pitch of the screwis de¯ned to be the ratio of translation to rotation during

motion, h := d
µ (d;µ 2 IR; µ 6= 0). There exist several special casesof screw

motion. If h ! 1 then the screw motion corresponds to a pure translation

along the axis of the screw,called an in¯nite pitch screw. A zero pitch screw

is a screwmotion for which the pitch is h=0, corresponding to a pure rotation

about an axis.

Joints on a human body arerevolute joints. They canbe modelledby zeropitch

screws,which is a generalrotation. We describe a generalrotation asa rotation

of a point around an arbitrary line l, usually not passingthrough the origin in

space. To model a generalrotation of a point, the generalidea is to translate

the point by the distancevector betweena line and the origin, such to perform a

rotation, and to translate the transformedpoint back. If T is a matrix denoting
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the translation, and R is the rotation given by Equation (2.3.7), the general

rotation has the form

M = TRT ¡ 1: (2.4.1)

In human body poseestimation algorithms [31, 33], the preferred method of

representing the RBM matrix is as merely an exponential of a twist with zero

pitch, sincethe exponential form enablesus to linearize the rigid motion with

respect to µ, and it is more easyto calculate its derivative this way.
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Chapter 3

System design and overview

3.1 Con¯guration of stereo system

We assumethat a human subject stands in front of a monochromatic back-

ground that is used to distinguish the object from the environment. At least

two perpendicular views of the object should be captured by CCD cameras.A

blue curtain is chosenas the background.

Two camerasare usedduring the experiments (but our approach can easily be

extendedto more cameras).The subject standsstill with arms stretching out,

while imagesare captured by the two camerasfrom perpendicular positions

(seeFigure 3.1). To create the lab setup for theseexperiments, the following

minimal equipment is needed:a blue curtain, two frame grabbers,a computer,

two CCD cameras,and two trip ods.
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Figure 3.1: The lab setup scene.

3.2 General design and requiremen t

3.2.1 System overview

One of our goals is the design of a robust and °exible automatic 3D recon-

struction system for a human model. This meansthat the system should be

running without too many manually interventions. It also implies that the sys-

tem should be able to modify every parameter \on the °y" (without restarting

any process).

Figure 3.3 illustrates the interface of the application. The implementation of

the systeminvolvesseven functional modules correspondingly shown by seven

buttons on the toolbar of the interface. Figure 3.2 describes the °ow chart of

running the system.
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Figure 3.2: Flow chart of the system.

\Segmentation" extracts the silhouetteof an object againsta background. This

module takes a colour image as input and outputs a binary image. It will be

applied on three di®erent views. They are the front view, the side view, and

the side view of the arms. The related algorithms are described in Chapter

4. The secondbutton \cutting" in Figure 3.3 is an additional function for our

convenience,as we currently model only the upper part of the human body.

A \cutting" function is usedto de¯ne a horizontal line below which the body
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parts areinvisible. This module is only necessaryfor the front view. The picture

in Figure 3.3 shows an example. The cutting line was determined by simply

clicking on the front view at a desiredposition.

The module of \join t localization" is responsiblefor ¯nding joint positionssuch

as the shoulder, elbow and wrist on the body. The related algorithms are

described in detail in Chapter 5.

We build separatelythe 3D modelsof body torso and armsseparately. The but-

tons \mo delling torso" and \mo delling arms" correspond to thesetwo modules,

respectively. The wholemodel of the body will be integratedat the end(button

\mo delling all"). \Camera calibration" is a pre-setting step that calibrates the

cameras. The stereosystemwill be calibrated using Tsai's method [37]. This

module takes two views of a calibration cube and outputs two lists of camera

parameters,respectively. The related algorithms of 3D reconstruction,and also

cameracalibration, are described in Chapter 6.

3.2.2 Libraries and programming language

Considering the above system design, we need to choosesuitable graphics li-

braries for visualization, and alsoa suitable programming language.

A proper 3D graphicslibrary is helpful in rendering the model and integrating
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Figure 3.3: The interface.

our systeminto a 3D scene.The choiceof the 3D graphicslibrary and program-

ming languageis relatively simple, consideringwhat is available and what our

needsare. We needa completeand fast library. The only choiceat the moment

is OpenGL [38] maintained by Silicon Graphics. OpenGL is available on almost

every possibleplatform, from the personalcomputersto the multi-pro cessorma-

chines. Many graphic cardsare designedfor OpenGL and implement e±ciently

the renderingprimitiv es.

The choiceof a suitable programming languageis alsoobvious. It should com-

bine qualities such as powerful mechanisms,good performance,e±ciency and
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of coursethe support of OpenGL. The two best candidatesthat also have an

OpenGL binding are C/C++and Java. Although thesetwo languagesare very

comparable in features, the decisive point may be the speed of execution as

we needto handle a sequenceof images. Furthermore, the systemis designed

running under Linux. It is not necessaryto considertoo much about the porta-

bilit y. C/C++[16, 28], the most popular languageunder the Linux environment,

is the languageselectedfor use.

VRML [30] is an ISO standard of a ¯le format for describing interactive 3D

objects and worlds. It is a powerful scenegraph language. We adopt VRML

representation to de¯ne the generichuman model as it can be speci¯ed with

multiple levels-of-detail,and it can achieve both an e±cient and realistic visual

appearance.OpenSG[29], developed and maintained by the OpenSGSympo-

sium, is a portable scenegraph system to create real time graphics programs

(e.g., for virtual reality applications). In the system,OpenSGis usedasVRML

parserand rendering tool.

Finally, it is necessaryto take a graphical user interface(GUI) into account. A

GUI servesas a front end to the system. It has the responsibility of displaying

information in a clearand concisemannerto the user,and beingable to handle

user input. For GUI design, GTKand Qt are two useful GUI toolkits under

Linux. Again, without taking portabilit y into account, they are compatible.

The choiceof GTK[34] is subjective.
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In summary, the softwaresor tools for running the systemare listed here: The

systemis developed under a Linux Redhat 9.0 environment. OpenGL is used

as the graphic API. The application is written in C/C++. Human models are

speci¯ed in the VRML format. A scenegraph systemOpenSGhelps to parse

and visualizeVRML ¯les. GTKis our GUI development toolkit.
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Chapter 4

Segmentation

Silhouette extraction or segmentation is the processof extracting a region of

interest from an image. The accuracyand e±ciency of contour segmentation

is clearly very crucial to our task. This can be achieved through a background

subtraction technique together with a seriesof morphologicoperations.

The idea of background subtraction is to subtract the current image from a

referenceimage. T. Horprasert et al. proposed an algorithm in [15] to ex-

tract objects againsta static background. This algorithm dealswith extracting

objects from a video sequencebasedon a statistical approach. The reference

image is acquired from a static background during a period of time. Our sys-

tem follows the generalprocedurede¯ned in [15] however we usea particular

lab con¯guration described in Section3.1, and the referenceimage is acquired

from only onebackground imagerather than a seriesof images.Therefore,we

slightly modify the algorithm.
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4.1 Computational colour mo del

Let the i th pixel of the background have an RGB value E i , which is alsocalled

the expectedcolour. Let the samepixel of the foregroundhave an RBG colour

Fi , which is also called the observed colour. The colour valuesE i and Fi are

denotedas

E i = [ER(i ); EG(i ); EB (i )]

Fi = [FR(i ); FG(i ); FB (i )]

whereER(i ); EG(i ) and EB (i ) are the red, greenand blue valuesof the i th pixel

in the background image; FR(i ); FG(i ) and FB (i ) are the red, greenand blue

valuesof the i th pixel in the foregroundimage.

The distortion between E i and Fi can be decomposed into two components:

brightness distortion and chromaticity distortion. Figure 4.1 illustrates this

colour model, the line OE i passingthrough the origin and the point E i is called

the expected chromaticity line. The brightnessdistortion ® is a scalarvalue that

brings the observed colour closeto the expected line. The chromaticity distor-

tion CD is de¯ned as the orthogonal distancebetweenthe observed colour and

the expectedchromaticity line. The brightnessdistortion ®i is 1 if the bright-

nessof the given pixel in the foregroundimageis the sameasin the background

image,®i lessthan 1 if it is darker, and greaterthan 1 if it becomesbrighter than

the expectedbrightness. The brightnessdistortion canbe obtainedby minimiz-

ing the distancebetweenthe foregroundcolour and the expectedchromaticity
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line, which is the chromaticity distortion. For

®i =
FR(i )ER(i ) + FG(i )EG(i ) + FB (i )EB (i )

ER(i )2 + EG(i )2 + EB (i )2
;

we get

CD i = jjFi ¡ ®i E i jj

=
p

(FR(i ) ¡ ®i ER(i ))2 + (FG(i ) ¡ ®i EG(i ))2 + (FB (i ) ¡ ®i EB (i ))2:

 F

R

E

G

B

O

CD
a Ei

i i

i
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Figure 4.1: Color model in RGB space.

4.2 Subtraction operation

During the subtraction operation, the di®erencebetween the background im-

ageand the foregroundimage is evaluated. The di®erenceis decomposedinto

brightnessand the chromaticity components. The thresholding should be op-

erated over these two components. Applying two suitable thresholds on the
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brightnessdistortion ®, T®, and chromaticity distortion CD i , TCD , for pixel i, it

segments the foregroundimageinto a binary image. Basedon this de¯nition, a

pixel is classi¯ed into two categories,either background or foreground(object):

a pixel is a background pixel only if it has both brightness and chromaticity

similar to those of the samepixel in the background image, otherwise it is an

object pixel. This decisionprocedureis summarizedin Figure 4.2.

PROCEDURE background subtraction
1. Input: background imageE and foregroundimageF ,

brightnessdistortion threshold T®,
chromaticity distortion threshold TCD ;

2. for each pixel i in F and the samepixel in E
3. computebrightness®i ;
4. computechromaticity CD i ;
5. if j®i ¡ 1j > T® or CD i > TCD ;
6. pixel i set to be object
7. else
8. pixel i set to be background
ENDPROCEDURE

Figure 4.2: Procedurefor background subtraction.

4.3 Morphologic operations

Morphology [21] is the study of form and patterns (i.e, of geometricpropertiesof

binary images).The two basicmorphologicoperationsare dilation and erosion,

wheredilation causesan enlargement of objects, and erosioncausesan enlarge-

ment of the background. Opening and closing operations are two additional

morphologic operations that are derived from the fundamental operations of
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dilation and erosion. They allow to derive shape information, and can be used

to decomposeobjects into parts.

Morphologic operations usually take two data types as an input. One is the

binary image, and the other is a structuring element that determinesthe ef-

fects of the operator on the image. A structuring element is also known as

a kernel, which consistsof a pattern speci¯ed as the coordinates of a num-

ber of discretepoints relative to someorigin. Normally Cartesian coordinates

are used,so that the elements can be represented as a small image on a rect-

angular grid in a convenient way. A commonly used example is depicted in

Figure 4.3 as a 3£ 3 square,with the origin at its center. Its corresponding set

of coordinate points (from top to bottom and from right to left) are de¯ned as

f (¡ 1; ¡ 1); (0; ¡ 1); (1; ¡ 1); (¡ 1; 0); (0; 0); (1; 0); (¡ 1; 1); (0; 1); (1; 1)g.

1 1 1

1 1

111

1*
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Figure 4.3: A 3£ 3 squarestructuring element with origin at *.

4.3.1 Dilation

Dilation is an operation that expandsan object in someway, thus potentially

¯lling in small holesand connectingdisjoint objects. Figure 4.4 shows an ex-

ample of dilation using a 3£ 3 structuring element.
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Supposethat X is the set of Euclidean coordinates corresponding to an input

binary image,and that B is the set of coordinates for the structuring element.

Let Bx denotethe translation of B so that its origin is at x. Then the dilation

of X by B is simply the set of all points x such that the intersectionof B x with

X is non-empty. The dilation operation is alsowritten as

X © B = f x : Bx

\
X 6= ;g : (4.3.1)
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(c) X © B

Figure 4.4: An exampleof dilation.

4.3.2 Erosion

Erosion is the dual operation of dilation. Erosion shrinks an object by etching

away (eroding) their boundaries.Figure 4.5 shows an exampleof erosionusing

a 3£ 3 structuring element.

Supposethat X is the set of Euclidean coordinates corresponding to an input
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binary image,and that B is the set of coordinates for the structuring element.

Let Bx denotethe translation of B so that its origin is at x. The erosionof X

by B is simply the setof all points x such that Bx is a subsetof X . The dilation

operation is alsowritten as

X ª B = f x : Bx ½ X g: (4.3.2)
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(c) X ª B

Figure 4.5: An exampleof erosion.

4.3.3 Op ening

An opening operation is de¯ned as an erosionfollowed by a dilation, using the

samestructuring element for both operations. Figure 4.6 shows an exampleof

openingusinga 3£ 3 structuring element. The openingoperation over an image

X by the structuring element B can be written as

X ±B = (X ª B) © B: (4.3.3)
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(c) X ±B

Figure 4.6: An exampleof opening.

4.3.4 Closing

A closingoperation is simply an opening performedin reverse. It is de¯ned as

a dilation followed by an erosion,using the samestructuring element for both

operations. Closing is similar in someways to dilation but it is lessdestructive

on the original boundary shape. An exampleis shown in Figure 4.7. The closing

operation over an imageX by the structuring element B can be written as

X ² B = (X © B) ª B : (4.3.4)

In practice, we usually obtain a binary imagethat contains noiseafter segmen-

tation (Figure 4.8(a)). Morphologic operationsare usedto remove noiseand to

¯ll in gapson edges.Figure 4.8(b) shows a result using 3 £ 3 operators.
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(c) X ² B

Figure 4.7: An exampleof closing.
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(a) Before morphological processing.
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(b) After morphological processing.

Figure 4.8: Morphological processingafter segmentation.
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Chapter 5

Join t localization

The main idea of joint localization is the extraction of the body parameters

such as the length of the arms, hands, and so forth, from a feature posture,

and consequently being able to estimate the position of joints on the occluding

silhouettes. The proposedapproach involvesa variety of imageprocessingtech-

niques such as skeletonization [4, 20], chain coding [11], and corner detection

[9]. The ¯rst three sectionswill discussthese fundamental techniques. The

joint localization algorithm and its re¯nements will be addressedin the last two

sections.

5.1 Skeletonization

5.1.1 Basics

The aim towardsskeletonizationis to determinethe position of the joints. Skele-

tonization is a processof reducing foreground regions in a binary image to a
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skeletal remnant that largely preservesthe extent and connectivity of the orig-

inal region while throwing away most of the original foregroundpixels.

A skeleton is a lower dimensionalshape descriptionof an object that represents

the topologicalstructure of the object. It can be computedfrom an underlying

silhouette. Four pairs of images[1] in Figure 5.3show the extracted skeletonsof

their shapes. A skeletonshouldbe able to ful¯ll theserequirements: (1) Similar

topology. It should retain the original shape. (2) Centred. It should be in the

middle of the object to preserve the shape. (3) A±ne-in variant. It should be

invariant under a±ne transformations.
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Figure 5.1: The exampleskeletonsof 2D shapes.

There are two categories[20] of skeletonizationmethods. Onecategoryis based

on thinning approaches. Thinning is a one-way simple deformation. More

speci¯cally, it is a deformation of an image that changesthe value of simple

pixels while preservingthe adjacencyrelations betweenthe connectedcompo-

nents of object pixels and background pixels. It is normally implemented by
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an iterativ e processof transforming the object pixels into background pixels

without destroying the topology of the image. The notion of a simple pixel is

de¯ned as follows [20].

De¯nition 5.1 A simple pixel is a single element p of a digital image with

valueI(p) that can changethis valueI(p) without destroying the topology of the

image.
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Figure 5.2: Examplesof simple pixels (upper row) and non-simplepixels(lower
row); the p and *s can be either 0 or 1.

Someexamplesof simple and non-simplepixels are shown Figure 5.2 [22]. For

example,[20] givescriteria for identifying simplepixelsusingan algorithm called

an \iterativ e thinning algorithm". The skeleton obtained from thinning is a

topologically equivalent image,however it is not a subsetof the medial axis of

the original shape.

Another category is basedon distance transforms [35]. Brute force distance

calculationsarevery expensive, sincefor each pixel of the regionthe distanceto

the nearestboundary point hasto be evaluated for all the boundary points. An
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approximate techniquehasthereforebeendeveloped,known asa distancetrans-

form, which tries to estimate the Euclidean distance in a reasonabletime. Its

main idea is to replacethe global distancecomputation by a local propagation

of distance in a small neighbourhood. This approach always requires several

passesthrough the image data. One e±cient approach, in terms of precision

and cost calculation, is the Chamfer distancetransform [4]. The skeletonsob-

tained by thosemethods are on the medial axis of the shape. However it is not

topology-preserving.A comparisonof two categoriesof skeletonizationmethods

is made in Figure 5.3(a) and Figure 5.3(b). The skeletonsare extracted from

the sameunderlying silhouette by using an iterativ e thinning algorithm and

Chamfer distancetransformation, respectively.

The ¯rst leadsto a well connected,but not a centred result. Furthermore, we

are interested in detecting cornersof skeletons,but the resultant curve is very

smooth, which makes it hard to detect, for example,the position of the elbow

joint.

The secondcategoryof methods allows centred skeleton, but violates the con-

nectivity constraint. For our speci¯c task, wedecidedto work with the approach

basedon Chamfer distancetransform sincewe want to extract the positions of

joints that are always on the medial axis of the shape. We will introduce this

approach in the secondpart of this section. The drawback of this approach

must be avoided by applying an additional processthat is to be discussedin

the next section.
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(b) Chamfer distance
transform.
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(c) The skeleton of arms
extracted by the pro-
posedapproach.

Figure 5.3: A comparisonbetween the di®erent skeleton extraction methods
and the proposedmethod.

5.1.2 Chamfer distance transform

For a given digitized object O, the distanceto the background db of a point P

belongingto O is de¯ned as [6]

8(P 2 O; Q 2 O); db = min [d(P; Q)]:

The Chamfer distance transforms is derived under the assumption that the

distancecan be computed from the valuesat the neighbouring position plus a

mask constant. A (3,4)-Chamfer distancemap can be produced in two raster

scans,a forward scanand a backward scan,over the image using the mask in

Figure 5.4. In the forward scan,the mask starts in the upper left corner of the

image, moves from left to right and from top to bottom by using the upper

triangle of the mask. When an object pixel is reached by the forward run, its

lowest discretedistancedf is computedas

df = min
f N (P )g [df [N (P)] + d(P; N (P))]: (5.1.1)
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There, N (P) denotesa neighbour of P de¯ned in its mask. This value is then

assignedto P. The sameprocessis applied in the backward scan. It starts at

the bottom-right corner, moves from right to left and from bottom to top by

using the lower triangle as its mask. When an object pixel is reached by the

backward run, it is assignedthe value

db(P) = min [df (P);min
f N (P )g [df [N (P)] + d(P; N (P))]]: (5.1.2)
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Figure 5.4: Masksusedby (3,4)-Chamferalgorithm.

The skeleton can then be de¯ned as the set of pixels S whosedistancedb is a

local maximum with regard to neighbouring pixels,

P 2 S , 8N 2 f N (P)g; db(P) ¸ db(N (P)):

This simple de¯nition of a skeleton doesnot preserve connectivity but it repre-

sents the medialaxisat reasonablequality, asan exampleshowsin Figure 5.3(b).

The connectivity problem can be solved by a combination of Chamfer distance

transform and chain coding, which will be introducedin the next section. Fig-

ure 5.3(c) shows the ¯nal result using the proposedmethod. It is noted that we

are only interestedon the arm skeletons.
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5.2 Chain coding

5.2.1 Basics

A successfulchain coding operation is a crucial step to stabilizing the applica-

tion. Chain coding is a fundamental image processingtechnique which deals

with a region or object representation in a compactway. Chain code represen-

tation is basedon work of Freeman[11]. Standard chain coding will be applied

over the silhouette to get a chained boundary of the shape, while a modi¯ed

chain coding approach will be applied to the skeletonsof the arms. The for-

mer provides input for corner detection (Section 5.3), and the later solves the

disconnectivity problem of skeletonization (Section5.1).

Figure 5.2.2 shows an example of the directional encoding of a curve. The

directional codes are usually called chain codes. A chain is an ordered ¯nite

sequenceof codenumbers. The chain coding function takesa binary imageasan

input and returns a linked list of border pixels with their direction. Essentially ,

it starts with a point that is believed to be on the boundary, normally the upper

left cornerof the shape, and follows the contour in a counter-clockwisemanner.

Once a neighbouring pixel is found, its position is noted and then searches

clockwise,starting 135degreescounter-clockwiseof the current direction. When

it ¯nds a pixel, it records the direction to that pixel in the location of the

previous pixel in a labeled array. Once the starting pixel is found, we iterate

over the labeled pixels to build a linked list, which is then returned. There
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are eight possibledirections for a link betweena point and its neighbours. In

Figure 5.2.2, these eight directions are numbered 0 through 7 in a counter-

clockwise sense.Each of thesecan be consideredto be an angular direction, in

multiples of 45 degrees,which are consideredas possiblemovesfrom one pixel

to the next. The absolutecoordinates(x; y) of the ¯rst boundary pixel, together

with the chain codes, represent a completedescription of a discreteboundary

of a region.
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Figure 5.5: Chain code and oneexampleof a simple shape.

5.2.2 Mo di¯ed chain code

Chain coding for a body silhouette can be done by applying the conventional

chain coding technique. However, the resultant skeletonsfrom the (3,4)-Chamfer

distancetransform (as mentioned previously) are disconnectedarcs. The prob-

lem inherent in the chain code de¯nition must be solved beforeembarking on

further processing.The solution here is to apply a horizontal and vertical scan

wherever a pixel is found to be in a position of a gap. It de¯nesthe nearestpixel
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as the next pixel, and then continueswith chain coding. This solution relieson

knowledgeof the trend of the skeletonsbecausewe designa particular posture

of the arms. The generaltrend of skeletonsin the right arm goesfrom top-right

to bottom-left; whereasit goesfrom bottom-right to top-left in the left arm.
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Figure 5.6: Detect possiblegap positions in modi¯ed chain coding.

Two end points of the skeletonon the right arm are assumedto be known. The

one end, the rightmost point M (x r ; yr ), can be found by a simple raster scan.

The other end, which is the right shoulder joint S(xs; ys), can also be known

from the joint localization procedurewhich will be introduced later in Section

5.4. The skeleton of interest runs through thesetwo points. A pixel Pi in the

right arm, that is in the position of a possiblegapis de¯ned as:

² Every 8-neighbour pixel on the right is either a non-skeleton pixel or a

skeleton pixel previousto Pi on the chain.

² Every 8-neighbour pixel below is either a non-skeleton pixel or a skeleton
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pixel previousto Pi on the chain.

An example is illustrated in Figure 5.6. Starting with pixel P1, we arrive at

pixel P6, which is an end pixel and a position of a possiblegap, as its subseg-

ment neighbourhood pixels are non-skeletonpixels but its north-east neighbour

is an \already chained" pixel (P5). A gap is also assumedat P10, as all its

neighbouring pixels, except the west neighbour, are non-skeleton pixels.

If a pixel Pi assumedto be in the position of a possiblegap the nearestpixel

Pi +1 (i.e., next to Pi ) on the chain, can be found using the following steps:

² Search the rightmost pixel A(xa; ya) in columnsbetweenx i +1 s xs, and

in rows betweenyi +1 s ys;

² Search the topmost pixel B(xb; yb) in rows between yi +1 s ya and in

columnsbetweenx i +1 s xs;

² If B is found, return B as pixel Pi +1 next to Pi .

² If there is no such pixel found then return S as the end point.

In the exampleof Figure 5.6, oncepixel P6 is identi¯ed asa possiblegap, A can

be found in a horizontal scan,and then B can alsobe found in a vertical scan,

de¯ning the pixel Pi +1 .

Similar processingis appliedto the skeletonin the left arm. However, in contrast

to the right arm, the skeletonof interest goesfrom the left shoulderjoint to the
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leftmost point. Therefore, searching is from bottom-right to top-left. In the

modi¯ed chain code algorithm, the relationship betweentwo adjacent pixels on

the chain cannot always be presented with a direction code. This happenswhen

a pixel is in the position of a possiblegap. It is necessaryto note the coordinate

whenever a next pixel is found. Hencethe output of the modi¯ed chain code is

a set of chained points (i.e. a list of coordinates).

5.3 Corner detection

To locate the position of joints such as the shoulder joint, elbow joint, and so

forth, it is necessaryto extract cornersfrom silhouettesor skeletons. A corner

detectionmethod is proposedby Chetverikov in [9]. Our application follows the

generalprocedurede¯ned in [9], but we do someslight modi¯cations sincewe

have more constraints to be considered.

The proposedtwo-passalgorithm in [9] de¯nes a corner in a simple and intu-

itiv ely appealingway, asa location wherea triangle of speci¯ed sizeand opening

anglecan be inscribed into the curve. The input of a cornerdetector shouldbe

a chain-coded curve, which is converted into a connectedsequenceof 2D points

Pi = (x i ; yi ); i = 1; 2; :::; n. For each point P on a curve, the cornerdetector tries

to inscribe a triangle (P ¡ ; P; P+ ) along the curve, where P ¡ is the backward

point and P+ the forward point. In the secondpass,similar to edgedetection,

we ¯nd the local minima angle of these inscribed triangles. One example is

shown in Figure 5.7. Assumethat P1; P2 and P3 are three points in a sequence,
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triangles are inscribed at the three points along the edgesof the shape. Angles

®1; ®2 and ®3 are opening anglesof thesetriangles. Since®2 appears to be a

local minima, P2 is regardedas a corner.

P P

P

P

P

1
-

2
+
3
+

21

3

P

P1
+

P3
--P2
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Figure 5.7: An examplefor the corner detection algorithm.

The notion of a corner is subjective. The corner here is de¯ned as an obvious

corner such as an armpit. The small cornerscausedby the uneven dressingor

the quality of the silhouetteare neglected.This de¯nition requireslong triangle

arms: L ¡
ar m = jjP ¡ Pjj , or L+

ar m = jjPP+ jj . However, the problem in working

with a long triangle arm is that we also detect \ falsetriangles". As shown on

the right of Figure 5.8, the inscribed triangle cannot represent the cornerat that

point. To solve this problem, we examineevery point Pm between the points

P+ and P ¡ . If the distancedm from Pm to backward arm PP ¡ or forward arm

PP+ is longer than a threshold Td, dm > Td, then we do not inscribe a triangle

to that point. The opening angle of that point can be set with a large value.

The corner detection algorithm is stated formally below.

1. For each pixel P on the chained object contour, construct such a
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Figure 5.8: The examplesshow a successfulinscribing triangle (left) and a false
inscribing triangle (right).

triangle (P+ ; P; P ¡ ) as constrained by a set of rules as follow,

(a) Triangle arms L ¡
ar m ¸ Tar m and L+

ar m ¸ Tar m , where Tar m is a

pre-defined threshold of the length of triangle arm;

(b) For each pixel Pm on the chain betweenP + P andPP ¡ , if dm is

the distance from Pm to the forward armP+ P or the backward

arm PP ¡ , then dm < Td, where Td is a pre-defined threshold

of distance value.

2. If the triangle (P+ ; P; P ¡ ) is successfully inscribed then calculate

its opening angle and assign this value to that pixel;

3. For each pixel P on the chained object contour, if it is satisfied

by:

(a) The pixel P is assigned with an angle;
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(b) The assigned angle is a local minima;

(c) Theassigned angle is less than a pre-defined angle threshold

Tangle.

Then this pixel is at corner position, otherwise it is not.

5.4 Initial estimation of join t locations
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Figure 5.9: The input imagesfor joint localization. Left: a front view. Right:
a joint view.

A particular posewhich is calledjoint view(asshown on the right of Figure 5.9)

is used to locate the positions of the joints. We begin the joint localization

processwith shoulder joints and neck joint extraction directly from the front

view (the left of Figure 5.9). Shoulder joints are located by searching armpits

D1 and D2 (seeFigure 5.10), which are the two lowermost corners over the

silhouette that are not located on the bottom line. The position of the neck

joint can be found when walking along the boundary of the silhouette from

an upper shoulder point towards the head. It is common sensethat the slice

wherea neck joint is located, is always the narrowest x-slice of the silhouette.
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Therefore,whenwe walk alongthe boundary from the upper shoulderpoint U1,

the x value will increase.We stop at a point whosex value doesnot increase.

It can be assertedthat this point N1 is located in the slice of the neck joint.

Likewisewe have N2 from another side. Sofar, two possibleslicesare obtained

from both sides. The narrowest one gives the neck joint. Next, to gain the

length of the hand, upper arm, and so forth, we usea special referenceframe (

joint view). The aim at this stageis to ¯nd the positionsof the elbow joints and

wrist joints. We ¯rst perform a skeletonization operation (Section 5.1) on the

joint view. Second,we apply a cornerdetection operation (Section5.2 and 5.3)

on the skeleton. This givesus the positionsof the elbow joints and wrist joints.

Lengths of body parts therefore can be calculated. With theseparametersit

is possibleto estimate the joints within the occluding front view. The joint

localization algorithm is summarizedin four stepsas follows:

U1
N1 N2

1 D2

U2

D

neck

r_wrist r_elbow
r_shoulder l_shoulder l_elbow l_wrist
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Figure 5.10: Joints and feature points.
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Step 1: Estimate the shoulder joints in the front view.

(a) Extract the chained boundary from the front view silhouette;

(b) Apply corner detection on the chained boundary, find the armpits

D1 and D2.

(c) Locate the shoulder joints by scanning up from the armpits.

Step 2: Estimate the neck joint in the front view.

(a) Search for the upper shoulder points U1 andU2, from the armpits

D1 and D2;

(b) Walk along the boundary from U1 and find the narrowest point

N1;

(c) Walk along the boundary from U2 and find the narrowest point

N2;

(d) Comparethe widths of the horizontal slices through N1 and

N2, the neck joint is located at a slice has small value.

Step 3: Estimate the elbow joints and wrist joints in the joint view.

(a) Extract the skeleton in the joint view;

(b) Locate the shoulder joint in the joint view, extract the chained

skeleton of the arm;

(c) Apply corner detection on the chained skeleton of the arms,

estimate the elbow joint and wrist joint in the joint view;
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(d) Calculate the lengths of the upper arm L up and lower arm L low

from the positions of the shoulder joints, elbow joints and

wrist joints in the joint view;

Step 4: Estimate elbow joints and wrist joints in the front view.

(a) Locate the elbow joints in the front view with the length of

the upper arm L up, starting from the shoulder joint;

(b) Locate the wrist joints in the front view with the length of

the lower arm L low, starting from the elbow joint.

A cornerdetectionoperator normally outputs a list of cornerpoints. Weneedto

classifythesecornersasbelongingto a particular joint or featurepoint. Firstly,

it is easyto determine a corner that belongsto the left or right arm with the

knowledgeof relativeposition betweenthe centroid of the silhouetteandcorners.

Secondly, further considerationis neededaccordingto which cornerwe want to

detect. In step one, a corner detector is applied over the silhouette and the

armpits can be regardedas the lowest cornersnext to the bottom line. In step

three, cornerdetectorsareapplied to the skeletonsof the two armsrespectively.

The wrist is the uppermostcornerwhile the elbow is the lowermostcorner. The

body part cutting in Figure 5.11presents the result of joint localization.

5.5 Re¯nemen ts on join t localization

We have addressedthe main strategy of joint localization. In practice, it is

observed that the elbow joint and wrist joint are often not very accurate. An
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Figure 5.11: The result of joint localization.

additional mechanismfor estimating \anatomic better ¯tting" joint locations is

needed.

The re¯nement for the position of the wrist joint is straightforward. A general

knowledgeof location around the wrist is available from the initial estimation.

We measurethe heights of the y-sliceswithin the wrist area. The slice at the

wrist joint has the lowest value. The left wrist slice is the leftmost one having

a lowest value while the right wrist slice is the rightmost one.

As to elbow joint localization, an arm anatomy view in Figure 5.12[24] is helpful

for understandingits re¯nement. From the previoussection,weregardthe elbow

joint as located on the medial axis at E 0. Actually, from the anatomical point

of view, it is at E, one end of the humerus. We visualize the error of locating

the elbow joint at E 0 by an experiment that overlays the model on images(the

framework of the experiment will be described in Chapter 7). It is shown in the

middle of Figure 5.14.
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Figure 5.12: Anatomy of an arm [24].

To estimate the position of the elbow joint, sincethe knowledgeof E 0 and the

shoulderjoint S (Figure 5.13) is available, we extend the line E 0S to reach the

boundary at B . It is easyto compute the middle point C of line segment E 0B.

We usethe distanceof jjCSjj to approximate the length of the upper arm L up

and locate the elbow joint in the front view. The right of Figure 5.14 shows

this approximation, which hasa better result in comparisonto the initial joint

estimation.
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Figure 5.13: Extend the predeterminedelbow joint from E 0 to C.
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Figure 5.14: A comparisonof using di®erent methods to estimate the elbow
joint. Left: overlaid with the initial estimatedmodel. Right: overlaid with the
re¯ned model.
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Chapter 6

3D Reconstruction of a human
body

Reconstructionof an object surfaceis a well known discipline in computervision

[22]. The task is to build surfacemeshesfor a human being from two mutually

orthogonal views by using the \shape-from-silhouettes"[22] technique.

6.1 Basics

There are two main approachesfor 3D reconstructionusing shape from silhou-

ettes. One is a volume carving approach [22] and the other a surface-based

approach [39]. The volume carving approach calculatesprojection rays of all

the points on the occluding contours and cuts the predetermined volume of

interest into object and non-object. It is a simple, fast and robust method.

However, it identi¯es every voxel in the volume of interest, and does not give

an explicit way to de¯ne points on surfacemeshes.
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In comparisonto volumecarving, the surfacebasedapproach is a di®erent type

of mathematicalapproach for surfacemodelling. It usesB-splinesurfacepatches

as a mathematical model of 3D surfacereconstruction from epipolar geometry,

which deals with the correspondenceproblem between two images. A point

on the occluding contour in one image is matched to a point on a contour in

the other imageby searching along epipolar lines. The surface-basedapproach

producesa better result than the volumecarving approach for an object having

a smooth and continuous surface, for instance, a human body. This section

will discussfundamentals of the surface-basedapproach. It ¯rst includes the

geometryof a camerasystemaswell asepipolar theory, and continueswith the

introduction to the proposedmathematical model.

6.1.1 Perspectiv e camera mo del and camera calibration

3D scenescan be projected on 2D imagesby perspective transformations. A

common way to model perspective camerasis to use a pinhole cameramodel

[22]. An ideal pinhole model, shown in Figure 6.1, is the simplest geometric

cameramodel. It consistsof the imageplane and the optical center O, located

at distancef , the focal length of the optical system. The optical axis is the line

perpendicular to the imageplane which crossesO.

The relationship between a 3D point P(X ; Y; Z; 1)T and its projected point

p(x; y; 1)T on the imageplane can be written as

x = ¡
f X
Z

and y = ¡
f Y
Z

: (6.1.1)
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Figure 6.1: The pinhole cameramodel.

A linear mapping can be used to represent the projection from 3D to 2D in

homogeneouscoordinates. In general, this mapping can be de¯ned by a 3 £

4 matrix P, called the projection matrix. The projection matrix P can be

obtained by combining a seriesof coordinate transformations and a projection

into the cameracoordinate system. It involvesthe following steps:

1. Rigid body motion. A transformation from the 3D world coordinate

systemto the cameracoordinate system;

2. Central Pro jection. A projection of the cameracoordinates onto the

imageplane;

3. Pixel transformation. A transformation of the undistorted coordinates

into the distorted coordinates,and a shift of centred distorted coordinates

into non-centred imagecoordinate having the origin at the upper-left cor-

ner.

We further assumethat the projection is a linear projection, which meansthat
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there is no lensdistortion. The cameraprojection matrix is as follows,

P =

0

B
B
@

¡ f kcx 0 xc

0 ¡ f kcy yc

0 0 1

1

C
C
A

| {z }
K

0

B
B
@

1 0 0 0

0 1 0 0

0 0 1 0

1

C
C
A

Ã
R3£ 3 T1£ 3

03£ 1 1

!

| {z }
M

; (6.1.2)

where f is the focal length, (xc; yc) are the coordinates of the image center

(in pixels), and the scaling factors kcx and kcy are expressedin relative units

(pixel/meter) and inversely proportional to the horizontal and vertical sizeof

the pixel.

The rotation matrix R and translation vector T describe the orientation and

position of the camera with respect to the world coordinate system. They

are components of the matrix M and are called extrinsic cameraparameters.

Meanwhile, the intrinsic cameraparametersf ; kcx; kcy; xc and yc, which de¯ne

the matrix K , specify the optics and the physicsof the camera.

Cameracalibration is the processof estimating the extrinsic and the intrinsic

parametersof a camera. Various camera calibration methods exist [22]. In

1986, R. Y. Tsai suggesteda method today well known as Tsai's calibration

[37]. Becauseit works accurately and there is a fully developed free software

available on the Internet [2], Tsai's method is widely used. It has two variants,

onefor coplanarcalibration marks and onefor non-coplanarcalibration marks.

Non-coplanar calibration requires at least seven accurately measuredpoints

which aregivenin arbitrary but known geometriccon¯guration. Fully optimized

calibration requiresat least eleven points.
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Figure 6.2: Two views of a calibration cube from both cameras;the left one is
from the front camera,and the right one from the sidecamera.

To calibrate two nearly perpendicular positioned cameras,calibration marks

are placedon three facesof a cube asshown in Figure 6.2, so that each camera

is capable of seeingtwo faces. In our set-up, the calibration cube contains

thirt y-six marks with twelve on each face.

6.1.2 Epip olar geometry

The epipolar geometry [22] is the intrinsic projective geometry between two

views. It is independent of scenestructure and only depends on the camera

parameters. The epipolar geometric constraint is useful for correspondence

search. Assumewe start a correspondenceanalysisprocesswith a point in one

image plane, say x1. A search for the corresponding point x2 in the second

image plane can be simpli¯ed signi¯cantly by utilizing the epipolar geometry

underlying the binocular imageacquisition. Figure 6.3 visualizesthis geometric
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relation of a binocular system. An epipolar planeis de¯ned by a point X in 3D

spaceand both optical centers O1 and O2. The baseline is incident with O1 and

O2. If both image planesare not coplanar, the baseline intersectseach plane

in one point. Thesetwo intersection points are called epipoles. The epipole e1

is the projection point of O2 in Camera1, and e2 is the projection point of O1

in Camera2. An epipolar line is the intersection of an epipolar plane with an

imageplane. An epipolar line on an imageplane with respect to X is incident

with the epipole and its projection point. This allows the following de¯nition

of the epipolar constraint: A point x1 in oneimagecan only correspond to such

a point x2 in the secondimagewhich lies on the corresponding epipolar line in

the secondimagewhich is uniquely de¯ned by x1.

X

O1

O2

e1 e2

1l l2

1x
x2
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Figure 6.3: Epipolar geometry.

In the exampleof Figure 6.3, the epipolar constraint allowsto de¯ne the epipolar

line l2 as a function of x1, l2 = F x1, whereF is the fundamentalmatrix. As x2

belongsto l2, we have xT
2 l2 = 0. The relationship between the corresponding
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imagepoints x1 and x2 satis¯es, xT
2 F x1 = 0. Actually, the fundamental matrix

F is the algebraic representation of epipolar geometry and encapsulatesthis

intrinsic projective geometry. It can be computedfrom either the knowledgeof

the internal cameraparametersand relative camerapose,or from at least eight

point correspondences[12]. In this thesis,we investigatethe computation of a

fundamental matrix only from cameraproperties.

Supposethe projection matrices of two camerasare known, P1, for the front

camera,and P2, for the side camera. The relation betweenX and x1, x2 are

given by

x1 = P1X ; (6.1.3)

and

x2 = P2X : (6.1.4)

Therefore, the ray back-projection from x1 is obtained by solving P1X = x1.

The solution is given as

X = P+
1 x1; (6.1.5)

whereP+
1 is the pseudo-inverseof P1. It can be computedby

P+
1 = PT

1 (P1PT
1 )¡ 1: (6.1.6)

For an epipole e2, we have, e2 = P2O1. The epipolar line is the line joining two

projection points of e2 and x2. It can be represented as the crossproduct of

thesetwo points l2 = e2 £ x2. Togetherwith Equation(6.1.4), l2 is derived as

l2 = (P2O1) £ (P2X ): (6.1.7)
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Combining with Equation (6.1.5), we get

l2 = (P2O1) £ (P2P+
1 x1) = F x1: (6.1.8)

We then have the fundamental matrix

F = (P2O1) £ (P2P+
1 ): (6.1.9)

6.1.3 B-spline in terp olation

Free-form surfacesrepresented as B-splines are suitable geometric models for

representing complex3D objects such asa human body. B-spline curves[3, 13]

are piecewisepolynomial functions that can provide approximation of shapes

using a sequenceof a small number of control points. These control points

indicate the generalshape of a curve while B-spline curvesresult in smoothing

of coarselydigitized contours. Figure 6.4 shows an exampleof a B-spline curve.

A B-spline curve can be expressedas a linear combination of basisfunctions,

P(t) =
nX

i =0

Pi N i;k (t); (6.1.10)

where Pi (i = 0; 1; ¢¢¢; n) are the vertices of the control polygon, and N i;k (t)

are B-spline basisfunctions of order k. The order k determinesthe number of

control points that have an in°uence on the points of the curve. The curve is

then Ck¡ 2 continuous. For the cubic B-spline that we use in the project, we

have C2 continuity for k = 4.
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Figure 6.4: An exampleof a B-spline curve de¯ned by control points.

The de Boor algorithm [10] provides a fast and numerically stable algorithm

for ¯nding a point on a B-spline curve at the interval de¯ned by a knot vector

T = (t0; t1; t2; ¢¢¢; tn+ k), with t0 · t1 · ¢¢¢· tn+ k . It de¯nes the B-spline basis

function recursively as follows:

N i; 1(t) =

(
1 t i · x · t i +1

0 otherwise
(6.1.11)

N i;k (t) =
t ¡ t i

t i + k¡ 1 ¡ t i
N i;k ¡ 1(t) +

t i + k ¡ t
t i + k ¡ t i +1

N i +1 ;k¡ 1(t): (6.1.12)

In terms of geometry, the deBoor algorithm actually is a corner-cutting process.

That is, cornerP [r ¡ 1]
i is cut by line segment P [r ]

i P [r ]
i +1 . Figure 6.5 illustrates that

the cutting beginsat polygonPj ¡ k+1 Pj ¡ k+2 ¢¢¢Pj . After k-1 iterations, wereach

the point P r ¡ 1
j which is on the curve.
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Figure 6.5: Corner cutting processingof the de Boor algorithm.

6.2 Mo delling a human torso

6.2.1 Geometric reconstruction
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Figure 6.6: The input imagesfor reconstructingthe torso. Left: the front view.
Right: the sideview.

The body torso and the arms are treated as two di®erent sets of free-form

surfacepatches. The surfacepatchesof the body torso are sliced horizontally
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whereasthe surfacepatchesof the arms are sliced vertically. Once body seg-

ments are separatedby the joint localization procedure(Chapter 5), it allows

to reconstruct the torso and arms separately. The reconstructionprocesstakes

two perpendicular views (Figure 6.6), the body parameterstogether with cam-

era parametersas input. Sincethen each slice has four control points to ¯t a

B-spline curve. The principle of reconstruction for a human torso is illustrated

in Figure 6.7. The main idea is to ¯nd the four control points C1; C2; C3 and C4

for each sliceand, then to interpolate them asa B-splinecurve. It assumesthat

a horizontal line in a silhouette of the front view corresponds to a slice in 3D

space.Thereforewe can start with onesliceof the front view, and useits edge

points P11 and P21 as the ¯rst two referencepoints. Multiplying them with the

fundamental matrix (Equation (6.1.9)) to the secondcameragivesthe epipolar

lines (Equation (6.1.8)). Their correspondencesP41 and P42 in the side view

are the intersectionpoints of the epipolar line with onedownline of the second

silhouette. In the caseof Figure 6.7, it is on the right. Hencethe control points

C2 and C3 areobtained. On the other hand, to ¯nd the other two control points

C1 and C4, we start from P31 and P32, which are the points located in the same

row of P31 and P41 but on the opposite side(the left side) of the sideview. The

algorithm for modelling a torso is summarizedbelow.

1. For each horizontal slice in the front view, find its edgepoints

P11 and P21;

2. Calculate the epipolar lines to the side view for P11 and P21,

and search for their corresponding points, P41 and P42;
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Figure 6.7: Modelling the torso.

3. A horizontal scan from P41 and P42 in the side view locates the

edge points P31 and P32 in the other side;

4. Calculate the epipolar lines to the front view for P31 and P32,

and search for their corresponding points P12 and P22;

5. Estimate four control points from corresponding pairs in 3Dspace:

(a) Projection rays from P22 and P23 intersect at C1;

(b) Projection rays from P21 and P42 intersect at C2;

(c) Projection rays from P11 and P41 intersect at C3;

(d) Projection rays from P12 and P31 intersect at C4.

6. Interpolate as a B-spline curve from the four control points.
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Figure 6.8: Error in modelling when the object is closeto the top of the image.

6.2.2 Correction function

It is observed that searching for a corresponding point in such a way by the

intersection of epipolar lines and silhouettes, will causeerrors when the con-

trol point is invisible in one of the views. This is shown in Figure 6.8. The

control point C2 is invisible in the side view. Its projection point E is inside

the silhouette. However, the corresponding point obtained from this approach

is F which is the intersection of the epipolar line l and the silhouette contour.

In particular, this error will be obvious when the object of interest lies in the

area far from the imagecenter. In order to reducesuch an error, we proposea

correction function. With respect to the side view, C3 is on the sameside as

C2 and always visible. It assumesthat their projection points D and E are on

the samecolumn j in the image. Therefore the corresponding point of C2 in
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Figure 6.9: Visualization of the two di®erent methods. Left: surfacemodel of
the torso with the correction function. Right: surfacemodel of torso without
the correction function.

the side view is adapted to the intersection of l and vertical line x = j . This

correction function is alsoapplied to the other three control point pairs: C3 and

C4, C4 and C1, C1 and C2. Figure 6.9 visualizesthe error causedin the normal

method by comparing it with the method using the correction function.

6.3 Mo delling arms

In comparisonto the 3D reconstructionof the torso, weusea di®erent schemeto

build the model of the arms,asthey are slicedvertically insteadof horizontally.

Arms can also be modelled from two nearly perpendicular views, which are

the front view and the side view of arms. However, both views are acquired

from the samecamerainstead of two cameras. This is shown in Figure 6.10.

The front view is the sameimageas in the torso reconstruction (on the left in

Figure 6.10), and the sideview of arms is obtained by turning over the arms at
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Figure 6.10: The input imagesfor reconstructingthe arms. Left: the front view.
Right: the sideview of the arms.

ninety degreesas shown on the right of Figure 6.10.

6.3.1 Aligning the arms

Epipolar theory cannot be applied to the correspondenceanalysis for arm re-

construction since only one camera is used. We establish the corresponding

pairs by simply matching vertical slicesbetween two views (seeFigure 6.11).

In practice, the corresponding slicesmay not lie in the samecolumn of the two

imageswhen the human subject turns over the arms. This problem can easily

be solved by aligning the arm in both views at the ¯ngertips. We regard the

front view as a referenceview, and the corresponding slice l2 in the side view

with respect to slice l1 in front view is given by

l2 = wa1 + (l1 ¡ w1) (6.3.1)

for the right arm, and

l2 = wa2 ¡ (w2 ¡ l1) (6.3.2)
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Figure 6.11: Two views of the right arms are aligned at the ¯ngertip.

for the left arm. There, l1 is the slice column in the front view, l2 is the slice

column in the sideview corresponding to l1, w1 is the right ¯ngertip column in

the front view, w2 is the left ¯ngertip column in the front view, wa1 is the right

¯ngertip column in the side view, and wa2 is the left ¯ngertip column in the

sideview.

6.3.2 Mid-plane geometry

We de¯ne the mid-plane as a plane going through the middle of the torso (see

Figure 6.12). It assumesthat this mid-plane also goes through the middle of

the armsand all the joints of the armsare laid on the plane. As we have already
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Figure 6.12: A mid-plane goesthrough the middle of the torso.

reconstructedthe torso, it is possibleto calculatethe equationof the mid-plane

from geometricdata of a slicein the torso. Normally we choosea closestsliceto

the shoulder joint. Figure 6.13 illustrates the principle of the calculation. The

points on the slice plane S are given, therefore vectors v1 and v2 are known.

The normal of the sliceplane n0 is given by

n0 = v1 £ v2: (6.3.3)

Thus, the normal of the mid-plane n is

n = n0£ v1: (6.3.4)

Having the normal of a plane meansthat its parametersa;b;c are known. To-

gether with any point on the mid-plane ¼0, the parameterd of ¼0 can be com-

puted from Equation (2.1.7).
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Figure 6.13: Mid-plane ¼0 is calculatedfrom geometricdata of a sliceplane S.

6.3.3 Geometric Reconstruction

Figure 6.14illustrates the computation of the 3D control points for an arm slice.

Weo®setthe mid-planebackward or forward; then we reconstruct the rays from

the edgepoints of the slice. The intersectionsof theserays with the planesgive

desiredcontrol points. The backward or forward o®setdistance for each slice

can be computed from the side view. This is shown in Figure 6.14(a). In the

side view, we have two edgepoints of a slice, p3 and p4 and their mid-point

m in the 2D image. Back projecting them onto the mid-plane gives their 3D

positionsP3, P4 and M . Spatial distancesfrom P3 and P4 to M , d1 and d2, are

the o®setdistances. Since the o®setplanes¼1 and ¼2 have the samenormal

as mid-plane ¼0 = (a0; b0; c0; d0)T , the equations of the o®setplanes can be

derived as ¼1 = (a0; b0; c0; d1)T and ¼2 = (a0; b0; c0; d2)T . Result surfacemeshes

are visualizedin Figure 6.15. We summarizethe algorithm for modelling arms

below.
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(b) Control points are estimated by projecting the arms of the front
view to the o®setmid-planes.

Figure 6.14: Modelling the arms.
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Figure 6.15: Grid visualization of the results of modelling arms, from up to
bottom: the right arm and the left arm.

1. For each vertical slice in the front view of the arms, find the

edge points p1 and p2;

2. Align the side view of the arms with the front view at the

fingertips, find the corresponding points p3 and p4 in the side

view;

3. Reconstruct the projection rays from p3, p4 and their middle point

m in the side view; estimate their 3Dpositions P3, P4 and M by

intersecting these rays with the mid-plane respectively;

4. Calculate the distance d1 = jjM P3jj and d2 = jjM P4jj , offset the

mid-plane forward with distance d1 as plane ¼1 and backward with

distance d2 as plane ¼2;
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5. Reconstruct the projection rays from p1 and p2 in the front view;

estimate the control points of the slice as rays intersecting with

the offset plane ¼1 and ¼2:

(a) Projection ray from p1 intersects plane ¼1 at C1;

(b) Projection ray from p2 intersects plane ¼1 at C2;

(c) Projection ray from p1 intersects plane ¼2 at C3;

(d) Projection ray from p2 intersects plane ¼2 at C4.

6. Interpolate the four control points as a B-spline curve.

6.4 In tegration

The joint localizationprocedureallowsthe classi¯cationof 3D data into di®erent

data sets of body segments. However, all the 3D points computed so far are

de¯ned in the world coordinates. As the body segments are required to be

de¯ned by their own local coordinate systems,we needto transform the world

coordinates to the local coordinates. Furthermore we also needto investigate

the translations betweenneighbouring segments so that we can store the data

setsinto a VRML ¯le.

Transforming a coordinate system from one to another requires the following

information: a normalizedrotation matrix (seeSection2.2) de¯ning the orien-

tation of the newcoordinate system,and the translation betweenboth systems.

We assumethat the local coordinate systemshave exactly the sameorientation
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as the mid-plane ¼0. The orientation R of the mid-plane with respect to the

world coordinate system can be decomposedinto three components, vector u

which is the orientation of axis x, vector v which is the orientation of axis y,

and vector w which is the orientation of axis z. Referring to Figure 6.12, the

direction of axis x, y and z is the sameas vector v1, n0 and n, respectively.

Thus, vectors u, v and w are equal to the normalized vectors of v1, n0 and n,

respectively.

The translation from the world coordinate systemto the local coordinate system

is actually revealedby its origin with respect to the world coordinate system.

We alsoassumethat the origins of local coordinate systemsareall placedon the

mid-plane ¼0. They generallysit at joints or extrema points. The arrangement

of these origins is depicted in Table 6.1 and also visualized in Figure 1.1(b).

In a 2D image,they are already known during the joint localization processing.

Hence,the positionsof theseoriginswith respect to the world coordinate system

can be estimated by reconstructing the rays from the image and intersecting

them with the mid-plane.

Given the orientation R and origin O0 with respect to the world coordinate

system,the formula of transforming a point P in world coordinate systemto a

point P0 in the local coordinate systemis as follows:

P0 = P ¢R ¡ O0¢R: (6.4.1)

There, O0 is the coordinate of an origin with respect to world coordinate system,
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Body segments Positions of origins
head top tip
torso neck joint
left hand left ¯nger tip
left lower arm left wrist joint
left upper arm left elbow joint
right hand right ¯nger tip
right lower arm right wrist joint
right upper arm right elbow joint

Table 6.1: The arrangements for the local coordinate systems.

and ¢is the dot (inner) product operator. The o®setsor translations between

neighbouring body segments are determined by the distancesof their origins.

We have assumedthat all the joints and extremapoints are located in the same

plane, it follows that o®setsin z-direction are always zero.

6.5 Texture mapping

Texture mapping is useful to get a more realistic colourful model. This section

presents an approach of texture mapping using the surfacepatch of the head

as an example. This is becausethe surface patch of the head carries more

information than other patches.

The main idea of texture mapping is to get an imageby combining two orthog-

onal viewsin a proper way to get the highest resolution for most detailed parts.

We ¯rst map two viewsonto the model. Sincethe stereosystemis calibrated, it

is possibleto project the 3D points onto the corresponding viewsand get their
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texture coordinates. In the next step, we °atten the textured 3D models and

generatetwo texture images.As each surfacepatch is de¯ned in grid structure,

°attening grid points onto a 2D imageat any resolution is straightforward. For

example,to °atten an n £ m surfacepatch onto an image,we divide this image

into an n £ m grid as well. Each grid of the imageis associated with a grid on

the 3D model. It can thereforebe assignedwith the sametexture coordinates.

This producestwo texture imagesfor both the front view and side view (see

Figure 6.16). One of the advantagesof this approach is that the two generated

imagesare matched pixel by pixel. This enablesus to gain a fused texture

image with the highest resolution. Burt et al. [7] proposeda multi-resolution

method for removing boundariesbetweendi®erent imagesources(seethe ¯rst

of Figure 6.17). [7] usesa weighted averagesplining technique. For the sake of

simplicity, we adapt it to a linear weighted function in our work.PSfrag replacements
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Figure 6.16: Texture maps of two views of a head, from top to bottom: front
view and sideview.
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Supposethat one image, F l(i ), is on the left and the other, F r (i ) is on the

right, and that the images are to be combined at point i . Let H l(i ) be a

weighting function which decreasesmonotonically from left to right, and let

H r (i ) = 1 ¡ H l(i ). Then the combined imageF (i ) is given by

F (i ) = H l(i )F l(i ) + H r (i )F r (i ): (6.5.1)

This function is appliedto a predeterminedtransition zoneover which H l ranges

from 1 to 0. There are two transition zonesde¯ned in the upper part of Fig-

ure 6.17. When it is applied with the multi-resolution method, the edgesin

transition zonesare no longer visible (the lower part of Figure 6.17).PSfrag replacements
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Figure 6.17: Two views are connectedbefore (top) and after (bottom) the
multi-resolution method is applied.
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Chapter 7

Exp erimen tal results

This chapter demonstratessomeexperimental results for our system. The ex-

periments are implemented on a machine that has a 2.8GHzPentium IV CPU

and 1GB RAM running under a Linux Redhat 9.0 environment. We usedEVI-

D31 CCD cameras.The ¯rst experiment demonstratesdi®erent test casesand

evaluates the performanceof our system. The secondexperiment proposesan

application to track the joint movements in 3D space. It usesthe knowledge

of body parametersgained in the model generationsystem. The 3D model is

overlaid on the imagesequencein order to visualizethe errors betweensubject

and genericmodel. This is also a ¯rst stage of human motion tracking. We

apply the notions of human motion modelling which have been introduced in

Chapter 2.

7.1 Exp erimen t I { Di®eren t test cases

We test our algorithm on di®erent test subjects. Figure 7.1 shows four test

subjects. The experiment showed that we are able to generatedi®erent models
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Figure 7.1: 3D models of di®erent test subjects. Left: grid models. Right:
texture-mapped models. From top to bottom, subject \Bo do", \Reinhard",
\An" and \Lei".
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with ¯ne-e±ciency. On the other hand, for our tests we asked the subjects to

perform a particular pose. In our practice, we found that not everyone will

follow a brie°y described posein the sameway. This is shown in Figure 7.2.

Poseshave di®erences.Bodo (upper left), presents a posewith bendedwrist;

whereasReinhard the (upper right) presents a non-°exible wrist con¯guration.

However, our systemproved to be very robust in joint localization and can be

usedunder such di®eringsituations.

PSfrag replacements

µ
!

®E i

®1

®2

®3

¼0

¼1

¼2

PSfrag replacements

µ
!

®E i

®1

®2

®3

¼0

¼1

¼2PSfrag replacements

µ
!

®E i

®1

®2

®3

¼0

¼1

¼2

PSfrag replacements

µ
!

®E i

®1

®2

®3

¼0

¼1

¼2

Figure 7.2: Joint posesfor di®erent subjects.

The data in Table 7.1 show di®erencesin lengths of body parts betweensub-

jects and our genericmodel. For a subject, we manually measurethe lengthsof

body parts and comparethesedata with the geometricdata calculatedfrom the
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3D model. It shows that the errors vary by about 1-2cm,which is satisfactory

for our purpose. It is suspected that the potential sourceof errors are from

the following aspects. (1) Segmentation. Although our background subtraction

algorithm is robust, we cannot completelyremove all the shadows. This partic-

ularly e®ects̄nding the wrist joint. As we regardthe narrowest position on the

silhouetteof arm asthe wrist joint, the shadow of hand always enlargethe shape

of the hand. This is the reasonwhy the lengths of the handsare always bigger

than expected. Furthermore, due to the restriction of our lab facilities, we do

not have a monochromatic blue background. Thereforea global threshold does

not guarantee that every pixel can be accuratelydistinguishedinto background

and object. (2) Cameracalibration. Errors of calibration normally comefrom

thesepoints, the precisionof the calibration planes;the measurement accuracy

of the calibration patches. In practice, we also considerthat the error may be

due to the shape of the calibration object. We designedsuch an object having

a long shape sothat it can cover a subject in height sincethe systemis usedfor

a standing person. However it cannot cover the subject in width as the subject

is stretching the arms. Therefore the calibration error will propagatetowards

the edgeof the imagehorizontally. (3) The manually measurement of subjects.

Having the human models, it is capableof simulating the motions of a subject

in a virtual environment. The image sequenceon the top of Figure 7.3 shows

the motions of a subject. The poseresults from the sequenceare modelledby a
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Subject Measurement Genericmodel Error
head 25.6 25.7 0.1

lower arm 25.0 27.0 2.0
hand 20.0 19.0 1.0

Bodo lower arm 25.0 27.0 2.0
upper arm 25.0 27.0 2.0

width 185.2 187.3 2.1
head 23.5 23.7 0.2
hand 18.0 19.0 1.0

Reinhard lower arm 27.0 27.0 0.0
upper arm 27.8 27.0 0.8

width 179.0 181.0 2.0
head 24.2 24.1 0.1
hand 18.0 19.0 1.0

lower arm 21.0 20.2 0.8
An upper arm 21.1 22.0 0.9

width 166.1 168.0 1.9
head 22.6 22.7 0.1
hand 17.0 18.0 1.0

lower arm 20.2 19.1 1.1
Lei upper arm 21.3 21.0 0.3

width 151.1 152 0.8

Table 7.1: Comparison of body parts in lengths between measurement and
genericmodel (unit:cm).

5DOF kinematic chain for each arm. There are three joints on the shoulder(up-

and-down, backward-and-forward, twist) onejoint on elbow (up-and-down) and

one joint on the wrist (up-and-down). The estimated joint anglesare provided

by the human motion analysis project [32, 33]. We impose this data to the

genericmodels and drive them to perform the samemovements. The bottom

four rows in Figure 7.3shows three posesof the subjects simulating the motions

of a real person.
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Figure 7.3: The captured motions (top row) and di®erent subjects perform the
samemotions (bottom four rows).
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7.2 Exp erimen t I I{Join t movement estimation

7.2.1 Framew ork of the exp erimen tal application

The application takesa video sequenceas input. The human motions captured

have six DOFs, one DOF on each wrist, elbow, shoulder. This implies that

the arms are moving up and down within the mid-plane. It assumesthat the

right arm movesonly on the right sideof the body, and the left arm movesonly

on the left. The samesegmentation and skeleton extraction algorithms stated

in Chapter 4 and Chapter 5 are applied on the image frames. At this stage,

human body parameters(i.e., the lengths of the body segments) are already

computed during the model reconstruction. It allows ¯nding the joints with

theseparameters.The next step is to calculate the joint anglesfrom the image

data.

Join t recovery

For the sake of simplicity, we assumethat the human subject is standing at

the sameplaceas in the model reconstruction experiment. The position of the

shoulder joints are consideredthe sameas the front view. As the length of

the upper arm L up and length of the lower arm L low have already beengiven

from model reconstruction, joints are expected to be recovered by measuring

the lengthsfrom the skeletonof the arms. However, asmentioned in Chapter 5,

the skeletonization algorithm doesnot preserve the connectivity and the poses

of the armsare arbitrary. The modi¯ed chain code algorithm cannot be applied

here. Alternativ ely, the elbow joint canbereachedby a rasterscanfor a skeleton
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point starting from the shoulderjoint with distanceL up in arm space,while the

wrist joint can be reached by a similar scanstarting from the elbow joint with

distanceL low. Note that in searching for the wrist joint and starting from the

elbow, it probably reaches two candidate positions. One is at the upper arm

and the other is at the lower arm. They are easyto identify by comparing the

distancesto the shoulderjoint. The wrist is located in the position with longer

distance.

Calculation of join t angles

S0 1(S )E0
W0F0

E1

W1F1
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Figure 7.4: Joint angles

The angleof the shoulder joint is calculated from the comparisonbetweenthe

initial poseand the current poseof the upper arm. As shown in Figure 7.4,

the initial elbow joint position E0 and shoulderjoint position S0 are given from

the front view pose(initial view), the elbow joint position E1 and wrist joint

position W1 are given from the current pose.The shoulderjoint angle is

µS = \ (
¡¡ ¡!
E0S0;

¡¡ ¡!
S1E1):

There, \ (
¡¡ ¡!
E0S0;

¡¡ ¡!
S1E1) denotesthe anglebetweenthe vectors

¡¡ ¡!
E0S0 and

¡¡ ¡!
S1E1.
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Similarly, the angle of the elbow joint is estimated by the angle between the

vectors
¡¡ ¡!
S1E1 and

¡¡ ¡ !
E1W1:

µE = \ (
¡¡ ¡!
S1E1;

¡ ¡ ¡ !
E1W1):

The angle of the wrist joint is estimated by the position of the ¯ngertip F1

together with the position of the wrist joint W1 and the elbow joint E1:

µW = \ (
¡ ¡ ¡ !
E1W1;

¡¡ ¡!
W1F1):

However, normally the skeletondoesnot reach the ¯nger tip. A ¯ngertip ¯nding

algorithm is performed in two steps. First of all, the hand is segmented by

classifyingthe object into hand pixels and non-handpixels. We then regardthe

¯ngertip as a hand pixel having the longestdistanceto wrist joint W1.

Step 1: Hand segmentation. Given the position of the wrist joint W1 and

elbow joint E1, hand pixels can be segmented by drawing a cutting line

l through W1 and orthogonal to the line W1E1. SinceE1 is known, it is

easyto determinethat the hand pixels are locatedon the sideopposite to

E1 of l . However, in a caseas similar to that shown in Figure 7.5, some

non-handpixels may alsobe included. A veri¯cation function is therefore

introduced. For each candidate pixel located on the hand side of line l

draw a line from that point to the wrist joint. If the line goesthrough the

background space,it is not a hand pixel, and vice versa. In the example,

as line PW1 passesthrough the background, P is not a hand pixel.

Step2: Searching for ¯nger tips. A straightforward way to ¯nd a ¯nger tip
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Figure 7.5: Hand segmented by cutting line l.

is to calculate the distance to the wrist joint W1 from each hand pixel.

The pixel having the longestdistancevalue is regardedas the ¯nger tip.

7.2.2 Join t transformed mo del

The human model generalizedby the system has three DOFs at each joint.

However, the human anatomy allows for much moreDOFs than that. A human

being is not only able to move the arms backwards/forwards or up/down, but

also able to move the shoulder simultaneously. An exampleduring an image

sequenceis shown in Figure 7.6. A person is moving the arms down, and, as

shown in the left image, the shouldersare moving downwards as well. This

additional DOF can be modelled by a linear joint transformation. The amount

of joint transformation is steeredthrough the angleof the shoulder joint. The

poseresult for the non-transformedmodel is shown in the right imageand the

joint-transformed model is shown in the middle image. This shows that the

matching result of the joint transformed model is much better. It is observed

that, if the shoulderis moving, musclesare tenseand the skin is morphed. The
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amount of surfacedeformation is also dependent on the joint angle. Research

related to this topic is reported in [32]. Due to time constraints, we did not

implement the surfacemorphing but concentrated on the joint transformation

which is su±cient to extend the experiment in this way.
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Figure 7.6: Comparison of pose results for a joint transformed model and a
non-transformedmodel in the arms, from left to right: the original model, the
non-transformedmodel and the transformed-model.

7.2.3 Tracking the join ts

This sectionpresents experiments is to study the performanceof the joint track-

ing system. The algorithm is tested on a monocular view (front view) video

sequenceat a resolution of 384£ 286pixels. In the ¯rst experiment, a tracked

sequencecontained 85 frames is captured. Figure 7.7 shows six frames of a

tracked sequence.In this sequencewe use just three joints on each arm. All

joints are up-and-down joints. The ¯rst of the pair is the original image. The

91



secondis the 3D model overlaid to the image. As can be seen,the poseoverlaid

with imagedata appearsto be good. The diagram in Figure 7.8 shows the esti-

mated anglesof the joints during the imagesequence.Though we do not have

any ground truth, the anglesmatch with the real motion and the curves are

relatively smooth indicating a reasonablestable algorithm. Another sequence

shown in Figure 7.10 indicates that we are able to track the movement of head

as well. In this experiment, the subject's headmovesas the arms are moving.

Extracting the skeletonsfor each frame allows us to evaluate the displacement

of the neck joint. We are thereforeable to approximate the angleof neck joint

that de¯nes the con¯guration of the head.

7.3 Exp erimen t I I I{A special test

In this experiment, we rebuild a model usingthe parametersfrom other subject.

We would like to visualize the errors caused. In the example, Lei's data are

imposedonto Bodo's model. Thereforea new model is generatedby a body cut

di®erent to the oneshown in the previoussection. We perform the tracking by

overlaying the new3D model usingthe joint anglesextracted from Section7.1to

the image. The newsequencegainedis shown in Figure 7.10. It canbeseenthat

tracking in this casehaspoor results in comparisonto the experiment shown in

Figure 7.7. Our algorithm for estimating joint positions and 3D reconstruction

can be usedto producereasonablyaccuratehuman body models.
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Figure 7.7: Resultswith 3DOF kinematic chains.
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Figure 7.8: Joint anglesof arms.
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Figure 7.9: A tracking sequencefor the movements of headand arms.

95



PSfrag replacements

µ
!

®E i

®1

®2

®3

¼0

¼1

¼2

µS

µE

µW

PSfrag replacements

µ
!

®E i

®1

®2

®3

¼0

¼1

¼2

µS

µE

µW

PSfrag replacements

µ
!

®E i

®1

®2

®3

¼0

¼1

¼2

µS

µE

µW

PSfrag replacements

µ
!

®E i

®1

®2

®3

¼0

¼1

¼2

µS

µE

µW

PSfrag replacements

µ
!

®E i

®1

®2

®3

¼0

¼1

¼2

µS

µE

µW

PSfrag replacements

µ
!

®E i

®1

®2

®3

¼0

¼1

¼2

µS

µE

µW

PSfrag replacements

µ
!

®E i

®1

®2

®3

¼0

¼1

¼2

µS

µE

µW

PSfrag replacements

µ
!

®E i

®1

®2

®3

¼0

¼1

¼2

µS

µE

µW

PSfrag replacements

µ
!

®E i

®1

®2

®3

¼0

¼1

¼2

µS

µE

µW

PSfrag replacements

µ
!

®E i

®1

®2

®3

¼0

¼1

¼2

µS

µE

µW

PSfrag replacements

µ
!

®E i

®1

®2

®3

¼0

¼1

¼2

µS

µE

µW

PSfrag replacements

µ
!

®E i

®1

®2

®3

¼0

¼1

¼2

µS

µE

µW

Figure 7.10: Tracking sequencewith di®erent object model.
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Chapter 8

Conclusions and possible
extensions

This thesispresents a systemfor the automatic generationof a 3D surfacemodel

for a human being using two calibrated views. We summarizethe work in this

thesis:

Firstly, this work utilizes many fundamental techniques in the ¯elds of im-

ageprocessingand computer graphics. We exploited the basicsof background

subtraction (Section 4.2), morphologic operations (Section 4.3), skeletoniza-

tion (Section 5.1), chain coding (Section 5.2), corner detection (Section 5.3),

B-spline curves (Section 6.1.3), epipolar geometry (Section 6.1.2) and texture

fusion (Section6.5).

Secondly, we adapted fundamentals to suit our task. This thesis proposesa

reconstruction algorithm for the human body. One core of the reconstruction

algorithm is joint extraction. Another is the reconstructionalgorithm which uses
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a \shape-from-silhouettes" technique. Joints are recovered from the occluded

silhouette by making useof a particular posture. This work also involved the

development of a GUI for friendly interaction of threshold parameters.

Thirdly , weinvestigatethe humanmotion modelscoupledwith kinematic chains.

We performedseveral experiments with di®erent subjects. In one experiment,

we drive the genericmodel to simulate the motions of a real person. In another

experiment, the genericmodel is capableof tracking the movements of joints.

The results demonstratefeasibility of the reconstruction. However, further im-

provement will provide potentials for the rapid generationof morerealistic mod-

els. First of all, for joint localization, it will be desirableto ¯nd a method that

canprovide optimal skeletonsin a reasonabletime. The desiredskeletonshould

be centred, connectedand without unexpectedartifacts.

For 3D reconstruction, the current systemusesB-spline curves obtained from

two views to approximate the shape of the subject. It appearssuitable for the

reconstruction of a torso and arms, but it is not well enough for the recon-

struction of a more complex shape such as a head. A necessaryand possible

solution is to use multiple cameras. This will signi¯cantly improve the accu-

racy. In terms of accuracy, accordingto what wehaveanalyzedfor the potential

sourceof errors in Chapter 7, employing a monochromatic blue background and

a concise,bigger calibration object is suggestedfor further improvement.
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As mentioned previously, the purposeof this work is to provide a genericmodel

for a wider human motion analysisproject at the University of Auckland. This

project deals with the human poseestimation problem and aims for natural

looking human motion. Consequently an interesting extension of our study

goestowards building \more realistic" human models. Namely, deformationsof

a humanduring its motionscanberealistically modelled. The hypothesisis that

the moreaccuratethe human being is modelled, the moreaccurateposeresults

will be. The rigid body assumptionfor body segments in this work currently

is not consistent with the rules of human motions. Actually, human motions

are causedby the movement of musclestogether with the bones. Apparently,

the musclesare tenseand the skin is morphed. In Chapter 7, the investigation

of joint movements is performed for a very simple situation, and this is just a

¯rst step towards this topic. Further study is desirablefor producing physically

realistic forms of motions.
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