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Abstract

The increasing availability of reliable three-dirsemal (3D) sensors and sensing
algorithms has boosted research in 3D face redognitvhich is expected to
overcome the difficulties encountered in 2D rectigni The key issue is efficient

surface matching where shape representation plpy@nainent role.

Shape representation is used to structure thergpudsita so that surfaces can be
compared efficiently. Shape can be representedanyndifferent ways. However,
finding an appropriate representation for a shapet is amenable to surface
matching is still an open research issue in commpuision. This is further
complicated by the demands of face recognitionctvinequire shape representations
to be: 1) precise enough to distinguish intra-cthfsrences, and 2) computationally

feasible for one-to-many matching against large fdetabases.

This thesis presents a parametric representati@Dafurfaces which is specifically
suited for 3D face recognition. A novel 3D modadlitechnique is proposed to
reconstruct single-patch B-Spline surfaces froormpaiouds in order to describe
complex surface shapes. One of the principal dmuions of this approach is
automatically establishing dense correspondenceseba objects via a common

parameter space.

In addition, this thesis develops a non-iteratiegistration method which can cope
with pose variations. The applicability of the tgation and shape representation in

3D face recognition is demonstrated by positiveegixpental results.

To demonstrate the generalization ability of outhnds, we extend the application
to other fields, including 3D metamorphosis, direoainipulation of free-form
deformation, level-of-detail control (multi-resalt rendering), complex object

modelling and synthesis of 3D faces.
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Chapter 1 Introduction

Chapter 1

Introduction

>{segmentation |—=(3D modelling —{texture mapping|

Figure 1.13D face recognition scheme based on our geonrepiesentations

1.1 Motivation

This work is motivated by face recognition whictshmany potential applications of
significance to our society. So far the vast majoof face recognition research and
commercial face recognition systems use intensigges of the face, i.e. 2D images.
It has been well known that such face-recognitigstesns are highly sensitive to the
environmental circumstances under which the imagesaptured. Another problem
Is associated with facial orientation. When stadd#D intensity images are used, in

order to achieve low error rates, it is necessaryn@intain a consistent facial



Chapter 1 Introduction

orientation (preferably a frontal parallel perspegt for both the query image and
gallery image. Even small changes in facial orientation can cedihe effectiveness

of the recognition system.

Thus we are patrticularly interested in 3D face gattion which is believed to have
greater potential than 2D recognition for incregsihe recognition accuracy. The
belief comes from two facts that 1) 3D face rectgniis a shape- or intrinsic
feature- based method which is insensitive to iightconditions, 2) facial
orientation can be compensated for, as the faaiafase can be rotated in
three-dimensional space, such that the orientatidhe query model matches that of
the gallery model. In a nutshell, limitations daeviewpoint and lighting variations
could be overcome in a 3D context. Moreover, recgatvth in the availability of
reliable three-dimensional (3D) sensors and senaliggrithms make digitized 3D
surface data much more common in computer visiseareh, which allows for the

development of true 3D face recognition.

1.2 Difficulties in 3D Face Recognition and Problenstatement

1.2.1 Difficulties in 3D Face Recognition

Generally, the task of face recognition includes parts. First, face data of known
persons are initially entered into the system a&sdgallery. Later the face data of
these or other persons are used as probes to mgéohst every individual in the
gallery. In the other words, the matching is oneaEny which is very technically

challenging.

Other difficulties are raised in data collectiorddwo data types are commonly used

in 3D face recognition. One is structured data orenprecisely, range image or 2.5D

" Face images of known persons are initially entémeaithe system. This set of persons is refered t
as the “gallery image”. Later, images of thesetbeppersons are used to match against images in th
gallery and are referred to as “probe” or “quenylages.

2



Chapter 1 Introduction

data in which pixel values encode depth informatibme other is unstructured data,
which is often referred as “real” 3D data. Thisdiseexamines a general approach

dealing with real 3D data. An example raw 3D datasshown in Figure 1.2.

Figure 1.2 Examples of 3D data collection

» Connectivity

There is no other information attached to the 3Eadecept their spatial position.
The lack of connectivity information hints that rineighbors” can be inferred
directly from the raw data. However, by applyintziangulation algorithm, a surface
mesh could be established, thus providing adjacenfymation. However, for
arbitrary triangular meshes, the connectivities agnite vertices are arbitrary. Even
if two surfaces have the same number of vertidesy tmay still have different
connectivities among vertices. This is in conttastange image which has a regular
mxn matrix structure. The connectivities are the sdaneall the pixels, including
pixels on the boundary. When conducting templatéchiag, the correspondences
between two images can be naturally establishedlioD$ly, this is not the case for

3D unstructured data.

* Resolution

Generally speaking, the resolutions of differenfeots are different. This makes it

difficult to establish correspondences betweendwen objects and consequently, it
is difficult to compare them. Even if the resolusoof two sampled surfaces are the
same, in general, sampling vertices on one objechat exactly the same as those

on the other.
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* Pose

The examples in Figure 1.2 clearly show that there@o prior knowledge about
object orientation in 3D space. Although an exhaastearch strategy could be used
to find the transformation in the six-dimensionalsp space, it is computationally

prohibitive without a good initial estimate of ttransformation.

 Data redundancy

The examples in Figure 1.2 also show that the rat& daptured varies significantly
across subjects and often includes neck or shauldesr face recognition, it is

critical to be able to separate a consistent ftquaet of frontal face from the rest of

the raw dataset. Another issue to be consideriteitarge data size which can vary
from 10,000 to 30,000 vertices. Not only does fhuse a problem of storage, but

also it is computationally infeasible at run-tinoe fnatching.

1.2.2 Problem Statement

From the discussion so far it can be concludedftradn ideal recognition system, a
proper data representation should have the follgwnoperties:
No additional constraints or conditions are reglingth every addition of a new
gallery face;
The representation is discriminable enough to miisish the differences
between intra-class objects (faces), in the conttas inter-class object
recognition;
The representation is computationally feasible fore-to-many matching
purposes. Basically, a representation is computally feasible if it is 1)
unambiguous (no two objects have the same repaggen)t 2) unique (there is a
single description for each object using the regm&tion scheme), 3) insensitive
(with respect to missing data points and diffem@sblutions), and 4) convenient

to use, in the matching stage, and to store.
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Special requirements for a 3D face recognitionesyisare:
The computation of transformation in the six-dimenal pose space should not
be sensitive to the object size (e.qg. child faad a@dult face), scale, and the initial
position;

The frontal part of the face can be consistentiyrented from the rest.

Note that the 3D data used in this thesis is sartiata (point clouds) and 3D face
recognition actually falls into the category offsge matching problems. It requires
that a surface representation be created for eaan goint cloud so that the
problem of matching point clouds can be reduceph&bching their representations.
One of the advantages of using the surface reps®amis reducing the impact of

the resolution, connectivity or missing data onregching result.

In the field of computer graphics, the processndérring 3D representation of an
existing physical object is often referred as regegngineering. There are various
properties of a 3D object that one may be intedegterecovering, including its

shape, color, and material properties. This thedisesses the problem of recovering

3D shape, also called 3D object modelling, or 3Bage reconstruction.

Devices such as contact probes, laser range finddeseo vision systems,
Computerised Tomography systems and Magnetic Resenanaging systems can
all provide digitized 3D surface data in differesgpplication domains. The wide
range of applications is another motivation for eesearch on surface matching

using 3D surface data.

1.3 Methodology

Generally speaking, surface matching is the prooésdetermining whether two
surfaces are equivalent in terms of shape. Tharesdopic of this thesis focuses on

how to effectively represent free-form surfaceshree-dimensional space and how

5
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to use that representation to perform surface nragcfihe main contribution of the
work described in this thesis is the developmerd abvel geometric representation
for 3D free-form surfaces by applying a single-patB-Spline surface-fitting

technique. One of its applications is 3D face redtan.

1.3.1 Problem of Previous Surface Representations

There has been a major increase in the researatiseffiade in 3D face recognition
in recent years. The approaches can be classiitedthree categories according to
their representation schemes:
Creating some form of representation for the inputface data and then
transforming the problem of comparing the inpufate data into the simplified
problem of comparing their representations. The@ggh in this thesis falls into
this category.
Working on the input surface data directly withooreating any kind of
representation. One dataset is aligned to the dithdooking for the best rigid
transformation, using optimization techniques tarsle the six-dimensional pose
space. An iterative closest points method (ICPa isypical approach and is
mainly used for surface registration.
Learning the valid shape and intensity variatior@mf their training set. An
individual object is encoded as a point in one arermultidimensional spaces,
which is constituted by the basis vectors obtaifteth a statistical analysis of
the ensemble of training images. Therefore, theessmtation is statistical
model-based, in contrast to the physical modelhm first category. Principal

component analysis (PCA) is the one of the mostifao@pproaches.

The object representation is critical to a facegaition system since it dictates the
matching strategy, its robustness, and the systgorency. It is the key to whether
the one-to-many matching scheme can be performedread-time (i.e. is

computationally feasible).
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For the approach of using raw data directly for parson, an exhaustive search
strategy must be applied to find correspondencesdan the probe face and every
gallery entry (face) to and the transformationhia six-dimensional pose space. That
is, for a gallery oh entries, the exhaustive search strategy needs petformech
times, which could jeopardize the feasibility ohlrime applications. Also such a

representation is not capable of coping with migsiata, varying scale, etc.

For the statistical model-based approaches, shmeeepresentations are learnt from
their training set, every addition to the trainse will cause all gallery entries to be

recomputed.

1.3.2 Our Surface Representation

In our representation, the face surface is desdrimeng a single B-Spline patch
reconstructed from dense collections of 3D poiBisparameterizing all objects in a
common parameter space, dense correspondenceshbeturdaces can be naturally
established for surface matching. Altogether, tegfi®n and segmentation, followed
by surface modelling, and matching, makes up ourf@t® recognition scheme,

which is shown in Figure 1.1.

Using this representation, the problem of findiny Grrespondences is simplified
as sampling a 2D common parameter space. FigurdlisB8ates this idea. Given
two surfaces § and S, previous approaches, e.g. ICP, establish direct
object-to-object correspondences as shown in Fifjlg@). As a result, any change
in the pair requires re-establishment of correspands. In contrast, the approach
proposed in this thesis has correspondences estalllivia the common parameter
space, Figure 1.3(b). Correspondences betweenvanplijects can be established
immediately without any extra cost once the objecesmodelled. Also each surface
representation is built independently. In other dgpradding new entries to the

gallery has no influence on the existing objects.

7
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(a) (b)
Figure 1.3 Theory of establishing correspondences. (a) oligeobject. (b) object to

common parameter space.

1.4 Contributions

The contributions of this thesis are:
A non-iterative registration and segmentation temqpi is presented in chapter 3,
which can deal with pose variations. Instead ajratig one object to a template,
it registers every object to a canonical position donducting orientation
estimation simultaneously with facial features deta. In contrast to the ICP
algorithm, which is scale and shape sensitive, &pisroach is free from these

influences.

A novel shape representation is proposed in chaptey developing a single
B-Spline patch surface fitting technique. Firstistpproach can deal with
unstructured point clouds directly without priordwledge of their topology and
geometry. No pre-processing such as filling had@soothing of noise or finding

8
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the connectivity is required. The ability to copghasuch issues comes from the
fact that this approach does not require the tealaf the surface (walking from
a polygon to a neighboring polygon) at any stageo8d, the parameterization
of complex shapes over a common parameter spaegessible most challenging
problem in 3D, i.e. the establishment of automdénse correspondences, which
is the principal contribution in this thesis. THydthe reconstructed shape

representation is convenient to use in the matcstage and for storage as well.

The 3D modelling technique presented in chapters dapplied to 3D face
recognition in chapter 5. Experimental results desti@te that this parametric
representation is computationally feasible for tme@any matching purposes.
So far, little work has been pursued in the fiefdparametric model-based 3D

face recognition.

In chapter 6, the 3D modelling technique is extende other applications.
Unlike previous methods, which have usually beemfted to exploit
characteristics of specific problem instances, approach is a more generalized

solution.

1.5 Thesis Overview

This thesis presents a new parametric representaiid8D free-form surfaces which
is computationally feasible for 3D face recognitidine emphasis of this thesis is on
the single-patch B-Spline surface reconstructi@mflunstructured point clouds. Its
application in 3D face recognition is examined, athis one of the most difficult
problems in computer vision. This thesis is orgadim the same order as the face
recognition scheme itself. The extended applicatioh the techniques are also

exploited.

Chapter 2: a survey of existing 3D surface repragems is one of the emphases in

9
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this chapter. Then recent work done on 3D faceg®ition is investigated. Since
only 3D shape information is used to identify peol our face recognition system,

this review puts special emphasis on those efforts.

Chapter 3: an efficient non-iterative registrategpproach is developed to explicitly
cope with pose variations. A two-step approach teppsed to recover the
transformation parameters (head pose) and to disteiel features simultaneously.
After a face scan with an arbitrary view is takertte frontal view, the frontal part
of the face is segmented. The performance is etemluand compared with the

popular ICP method.

Chapter 4: a novel approach is presented of rearisty a single-patch B-Spline
surface in order to describe a complex object sh@pes is the core work of this
thesis. After the necessary introduction to theidb@encepts and properties of
B-Spline curves and surfaces, the 3D modelling hes thoroughly explained.
Since the operations on knot vectors are critioaht approach (especially a new
knot vector standardization algorithm), they arescdssed next. Then the
implementation and the properties of the represientare discussed. Finally the

performance is evaluated and factors impactingrtbedelling results are examined.

Chapter 5: The surface representation proposedhapter 4 is applied to 3D face
recognition. Several experiments are designedudysie factors which may affect

the final recognition rate.

Chapter 6: The application of the 3D modelling teghe is extended to other fields,
including 3D metamorphosis, direct manipulatiorfrek-form deformation, level of
detail control (multi-resolution rendering), comyplebject modelling and synthesis

of 3D faces.

Chapter 7: Conclusion and future work are discussed

10
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Chapter 2

Literature Review

The goal of 3D face recognition systems is to arelgata collected from 3D
acquisition devices and to match it against a @gasmbThe task of designing a 3D
face recognition system can be divided into datju&dion, data representation and

matching subtasks.

This chapter reviews previous publications in theddf of each subtask. It lays
emphasis on the data representation and recent a@aor& on 3D face recognition.
Although recognition can be performed either by bonmg results from 3D and 2D
information or by using a morphable 3D face modak review focuses on those

based on 3D geometry information.

11
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2.1 Introduction

In chapter 1, the issues involved in the desigmamfefficient 3D face recognition

system have been outlined. To summarize, theifsste is data acquisition, i.e. the
type of input data to the system. The second ismigressed is the means of
describing the collected 3D data. Once the appaitgpdescriptions are derived from
the data, a suitable matching algorithm is seleciéase last two issues must be
solved with consideration of the following: 1) theatching is one-to-many, i.e. a
probe is matched against all of the entities in fadlery at run-time; 2) the

descriptions are used in the calculations of variptoperties of the objects. It is
concluded that the representations of a 3D shagtatdithe matching strategy, its

robustness, and the system’s efficiency.

This chapter reviews previous work following theps of designing a 3D face
recognition system. Although data collection is nohsidered by this thesis, since
the type of 3D data is directly related to dataiptetation, a brief review is given of

recent 3D acquisition techniques and the type gfudata they generate.

As discussed before, 3D shape representation issthéssue in recognition systems,
which must be feasible representations for matchiimgan early survey on object
representation [AA93], the properties of object resgntation for recognition
purpose are listed as: 1) unambiguous (no two tbfeve the same representation),
2) unique (there is a single description for eabtifiect using the representation
scheme), 3) not sensitive (with respect to missiat points), and 4) convenient to
use in the matching stage, and also to store. Ppeoach of deriving such a
representation from the acquired 3D data is nogmaiferred to as 3D modelling,
which is given more attention later in this chaptenerally, there are two classes:
surface-based and volumetric-based representafisrnthe work in this thesis is

based on the surface model, we focus on analyhmgurface-based representations.

12
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Previous researches on 3D face recognition bagitallinto one of three categories:
recognition based solely on 3D shape, recognitased on combining results from
3D shape information and 2D appearance informatiggognition using a

morphable 3D face model. Since the morphable 3@ faodel is used only as an
intermediate step in matching two 2D images forefaecognition, this type of

approach does not involve the matching of 3D shdpscriptions but rather
matching a synthetic 2D image to a 2D probe imade review in this chapter
specially focuses on the recognition based on 3pehnformation, which is also

the main concern of our work.

To summarize, this chapter reviews representativiely used to describe 3D
shapes and recent work done on 3D face recognltistarts from an explanation of
recent 3D acquisition techniques, followed by thedirdtions of various types of
collected data (section 2.2). In section 2.3, thethods used to represent the
geometry of the collected 3D data are investigaléwn the surveys of previous
publications on face recognition based on 3D shamespresented in section 2.4.

Finally, a summary and discussion are given inige@.5.

2.2 Three-Dimensional Data Acquisition

This section includes two parts. Recent 3D acqaisitechniques are introduced in
section 2.2.1. Two types of commonly used 3D rate @aquired from 3D scanners

are presented in section 2.2.2.

2.2.1 3D Data Acquisition Techniques

Currently, there are three techniques available3f@ surface capture, i.e. laser,

structured light and stereo photogrammetry. Theybaiefly described as follows.

13
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1. Laser

This technique utilizes a laser beam that eithevaa@ spot or paints a stripe across
the 3-D object. This type of technology is suitafile static objects when its long
acquisition time is not a drawback. Note that laseanning creates an overall

distortion of the model, even though the modekisusate on a band-by-band basis.

2. Structured Light

This technique projects a calibrated, structuneght pattern, such as a grid, onto the
subject, while an offset camera analyzes the imtidght. By measuring the
distortion of the known pattern, the shape of tbgect can be derived. Since this
technique relies on projecting a structured patteom each given viewpoint,
simultaneous image acquisition from multiple viewp® is not possible, which
could cause the structured light patterns to operleherefore, single viewpoint

images must be captured at different times and shitahed together.

3. Stereo Photogrammetry

This technique involves projecting a random liglattern onto the subject and
capturing him or her with precisely synchronized@itdl cameras set at various
angles in an optimum configuration. Since the 3tfaxe geometry and surface
texture are acquired within 2-milliseconds, it has advantage over laser-based
technologies in real time application. Moreover, dapturing multiple viewpoints
simultaneously, more surface areas can be acquhlad via structured light

technology.

2.2.2 Three-Dimensional Data

1. Range Image
This is a special case of real 3D data. In factait be more precisely regarded as

2.5D data. A range image is an image in which flxelpalue reflects the distance

14
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from the sensor to the imaged surface. Thus ilsis ealled a “depth image”. Range
images are structured data where the connectivithe points is already known.

Figure 2.1 shows an example of a range image.

(@) (b) ()

Figure 2.1 Examples of range images. (a) 2D intensity imalgeRange image. (c)

3D shape rendered as wireframe.

2. Unstructured Points Cloud

This is “real” three-dimensional data, in contréstthe depth image. There is no
other information attached to the data points eixdépir spatial position. No
assumption on the object geometry is made. Thia isiore general case and
commonly it is further triangulated as a polygormash which can be rendered in
various computer graphics environments. Figure 2@aonstrates an example of
unstructured data which is collected from a 3D seamising stereo photogrammetry

techniques. Figure 2.2b shows its triangulationlteendered as a wireframe.

A polygon mesh is stored in a form of a sharedexetist. That is, an object is

defined by a pair ordered lists:
S=(V,E) (2.1)

where V={v1,vy,...,Vn} IS a list of 3D vertices/=(x,y;,Z), and E =g1,&,...,.en} IS a

list of polygons, each specified as a list of veitelices.
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Z'L\S T Hehis

() (b)

Figure 2.2 Example of a 3D unstructured points cloud and ibéygon model

rendered as wireframe.

2.3 Three-Dimensional Shape Representations

This section focuses on the surface-based schenener@ly, 3D shape
representations can be classified in three categorrirstly, the 3D object is
described in a mathematical form. Second, the senf@operties are used to describe
the 3D object, e.g. the surface normal and Gaussiarature etc. Most of them are
based on statistical results. Some of them are knasvfeature vectors. The third
class is the appearance-based representationypiwaltapproach here is principal

component analysis (PCA). More detailed discussaagyiven below.

2.3.1 Surface Representation in a Mathematical Form

2.3.1.1 Algebraic implicit surface

An implicit surface is a surface defined by a palymal of three variables:

f(x,y,2)=0 (2.2)
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Figure 2.3 depicts a degree-3 algebraic surfacesevimplicit equation 2.3 is.

8X*- xy*+xZ+y*+7°-8=0 (2.3)

Algebraic surfaces are useful for point classifaat Point classifications determine
if a given point lies inside, on or outside a sogfaSuppose the given point &k{,Q
and the implicit surface is given Ibfx,y,2=0. Then, iff(a,b,q is greater than, equal
to or less than zeroab,9 lies outside, on or inside the surface. Moreowvee can
easily compute the normal vector of an algebraidase, which is simply the
gradient of the surface. Once one has the nornwbwrat a point, the tangent plane
can be easily computed. However, displaying anbaije surface is relatively
difficult. The commonly adopted method, but the tnio®e consuming one, is ray

tracing. An alternative way is polygonization, whis still the subject of research.

Figure 2.3 Example of an algebraic implicit surface

The method for estimating the polynomial coeffiteemwas presented in [Tau91l].
These coefficients are not generally invariant tise transformations, although
mathematical invariants can be obtained from soonmg [SCK96]. Surface fitting

techniques have been used to segment image scEae8l] and have also been

used as a preprocessing step in the recognitiobjetts [SCK96].
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The class of objects that can be described byglesaigebraic surface is limited by
the stability of the fitting process. In practideting a surface to an order greater
than 4 can produce surfaces whose shape matchdyg pothe object from which

the data were obtained. In order to model more dexngbjects, patches of implicit

surfaces must often be used [BCX95] [SSP94].

2.3.1.2 Generalised Cylinders

A generalized cylinder is defindxy the shape generated when a 2D con@{sig)

is moved or swept along a space cul(s). C(s,g) defines the cross section of the
object while A(s) represents the axis of the primitive [Kaj83] [84] [BF85].
Figure2.4 shows an example of a free-form objepregented by a generalized
cylinder. To construct more complex objects, midtigeneralized cylinders are used.
Generalized cylinders are suitable for represerginggated shapes where an axis is

easy to define.

A(s)

Figure 2.4Example of an object described in the form of galezd cylinder.

2.3.1.3 Parametric Surface

A parametric surface is defined by a set of threetions, one for each coordinate,

as follows:
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x=f(u,v)
s(u,v) = y=g(u,v) (2.4)

z=h(u,v)
where the parametetsandv are in certain domain. Without loss of generalitg
domain of (,V) can be restricted to be the unit square [Q@]L]. Parametric
surfaces are widely used in computer-aided desghnaanufacturing (CADM) and

other object modelling systems.

The most common parametric form is the spline famathich is defined by the

specialized parametric form

suv=  BWB (W, (2.5)

i=0 j=0

whereB' (u) andB; (v) are polynomial basis functions of degieandr, and ¢, ;are

the homogeneous coordinates of the control poretpectively [KC02]. Figure 2.5
shows a parametric patch as a shaded surfacedinglthe positions of vertices in
its control point mesh. Since the B-Spline surfee@nstruction is the main topic in

this thesis, the reviews in this section focus e8@ine approaches.

Figure 2.5A parametric patch rendered as a shaded surface.

The difficulty of making a surface defined on agraetric rectangle fit an arbitrary

region on the surface of an object has been ddrifiy Besl [Bes90]. According to
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the solutions, previous work can be generally diass into two categories:
reconstructing a surface either as a single B-8pbatch or many patches stitched

together.

Previous Single-patch B-Spline Approach
The early work mainly deals with grid data represgnan object of simple shape,
e.g. a deformed quadrilateral region [HSW89] [RF§SM91] or a deformed
cylinder [SBD86]. In other words, the fitting B-3p patch has a similar shape to
the parametric rectangle. Forsey and Bartels [FBRBB8] augmented the approach
with the technique of hierarchical representatidmciv successively improves the
approximation at a coarse level with a correctienmt from the next finer level, i.e.
adaptively reducing the fitting process into subkpems involving only a portion of
the data. Moreover, they decompose the surfacegfifiroblem into a sequence of

curve-fitting processes, thereby adding further potational efficiency.

Previous Multiple B-Spline Approach
Recent advances in three-dimensional acquisitiehnigues offer the ability to
acquire a dense point cloud from objects havingraptex shape. This has inspired
researches into reconstructing complex surface® fao unstructured point cloud.
Most are focused on constructing and interconngatihultiple surface patches to
represent the underlying surfadéhe work described in [KL96] and [EH96] is a
typical example of 3D modelling using many patchwere a single-patch B-Spline
surface-fitting algorithm is employed for each pateparately, assuming that each

patch can be rectangular parameterized (griddigorghm).
However, two nontrivial problems need to be addrds&irst, one needs to partition

the original data into patches. Each patch shoualde the shape of a deformed

quadrilateral and can be re-sampled as grid datpplying the gridding algorithm.
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Second, the &continuity between adjacent patches must be guaranteed am obt

the smooth surface.

Many approaches deal with the region partition mwbby manually delineating
patch boundaries [KL96] [MBV*95], which proves te la tedious and hard task.
Eck and Hoppe [EH96] introduced an automatic sotutvhere neither interactively
labelling boundary points nor drawing boundary esrnon a surface is required.
Although their approach produces high quality stef it includes a number of
expensive optimization steps [EDD*95]. Krishnamyrthnd Levoy [KL96] have

developed a hierarchical relaxation approach touced the need for user

intervention on the parameterization process.

In addition to the high labour requirement, by huseor computers, another
drawback is the unpredictable partition result, ihe uncertainty of patch numbers
or the uncertainty of the patch distribution. Themples examined in Figure 2.6
and 2.7 show the partition results when fitting nplé B-Spline patches into two

scans of the same person. Figure 2.6 illustraesiticertainty of the patch numbers.
While the £'scan is composed of 140 patches, tHes@an is of 214 patches. Figure
2.7 shows the uncertainty of the patch distribytialthough the same number of
patches is applied on two scans. Obviously givesséhuncertainties, it is difficult to

establish correspondences between objects.

140 patches ' 214 pathes

Figure 2.6 Uncertainty of region partition — number of patches

" G' continuity is also called tangential continuityhish requires the end vectors of the curves or
surfaces to be parallel, ruling out sharp edges.
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179 patches 179 patches

Figure 2.7 Uncertainty on region partition — distribution adtphes

Enforcing G continuity between adjacent patches is another iksye to be
considered. Without constraints, the independetthpaeconstruction could leave a
crack between two adjacent patches. Basically, taiaing G continuity requires
the number of control points to be the same foches sharing a boundary! G
continuity is more difficult to achieve since itvisives non-linear constraints on the
control points of adjacent patches. Patch cornesg an even harder problem. This
problem is usually addressed by iterative scherhas incrementally reduce the
difference between the surface and the sample uihile maintaining the desired
continuity conditions. It is a very time consumipigpcess that must be repeated for
every patch. There are a few papers [WW®RL96] [EH96] which give a detailed

account of this problem.

New Single-patch B-Spline Approach
Inspired by the shortcomings of previous work, Sang Bai [SB06? propose a
novel approach which uses a single-patch B-Spbneepresent objects of complex
shape. Unlike the previous single-patch B-Splin@raach, they can deal with
unstructured data directly. With this single-patetodelling technique, the two
nontrivial problems met in the multiple-patch apgrb can be avoided. Neither the
region partition nor the consideration of Gontinuity between adjacent patches is

needed. Moreover, by parameterizing objects to rancon parameter space, they
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demonstrate that automatically establishing derseespondences across objects
becomes an easy task. In their extended work [SBWdhough they also use
multiple patches to model a 3D object with very ptem shape or topology, they
claim that their approach is different, in the goékegion partition, from previous
multiple-patch approaches. Instead of aiming teample data in the grid form, it
tries to keep the sharp edges or to simplify theolmgy. Therefore, their approach

can significantly reduce the number of patches eeéed

2.3.2 Features Based Descriptions of 3D Surface

The commonly used surface features in previous viackude surface curvatures
and normals. Accordingly, this section is dividedtot 1) curvature-based
representation in section 2.3.3.1, 2) normal-baspdesentation in section 2.3.3.2,
and 3) spherical representations. Although spheriepresentations use the
orientation of the surface normal to describe ajeaip this matter is discussed

separately in section 2.3.3, since a rich liteexists.

2.3.2.1 Curvature Based Features

Typically the principal curvatureK; andK, are used to characterize and encode
discriminatory information about an obje&t; andK; are defined as the maximum
and minimum of the normal curvature at a given poim a surface. In other word,
they encode the rate of change of surface oriemain the two directions, as

illustrated in Figure 2.8.
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(@) (b)

Figure 2.8Principal curvatures. (a) Saddle surface definedzsy f (x,y) = x* - y°.

(b) Maximum normal curvaturk; in red curve. (c) Minimum normal curvatuke

in blue curve.

Thirion [Thi96] used the principal curvatures tadicritical points and contours,
which then constituted a graph of a surface. Inwoek [BJ85] [DJ97], Gaussian
curvatureK and mean curvaturd have been used to classify local surface shapes

into eight basic categories, which are computed as:

K=K, K, (2.6)

2.7)

Dorai and Jain [DJ97] extended this earlier workd&fining two new curvature

measures, i.e. the shape ind&and curvednesk:

+
S= L. larctaM (2.8)
2 p Ki- K,

R=./(K2+K2)/2 (2.9)

where the shape inde classifies the local shape into nine shape tymekthe
curvedness measures the magnitude of the curveliarege. By applying these new

measures along with a spectral extension of theesinaeasure, a view-dependent
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representation of free-form objects is built. Th&eystem uses a histogram of shape
index values to characterize the surface curvatbigeview. The histogram bins store

the amount of area on a view that lies within ageaaf shape index values.

2.3.2.2 Surface Normal Based Features

Stein and Medioni [SM92] proposed a novel methadr@asuring the difference
between objects by using surface normal distrilmstid=or a given poinP on a
surface, the normals () of points in a distance away fromP contain structural
information about the surface arouRd(Figure 2.9). The distribution of R is
called a “splash”. The orientation of the normalNis defined by spherical
coordinated (g) andy (g), with respect td®’s normal N and the Xj) axis (Figure
2.10). Asq is varied from 0O to R, the values of (g) andy (g) form a 3D curve
(equation 2.10). Then the polygonal curve is endad® a representation called the

3D supersegment (Figure 2.10c).

f
wg)= '@ (2.10)

¥ (@)

Figure 2.9 The splash representation. The angular differebeéseen the normals
Nr near the central point and the normal N at thetrabmoint are encoded

(Campbell, R. and Flynn, P., 2001).
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(@) (b) (€)

Figure 2.100rientation coordinates for splash features (CamhpReand Flynn, P.,

2001).

Chua and Jarvis [CJ97] explored a new surface septation, i.e. the point
signature, which follows along the same lines &nSand Medioni’s work [SM92].
The point signature is different in that it does eocode information about the
normals around the points of interest (Figure 290). Instead, it encodes the
minimum distances of points on a 3D contour fromnefarence plane (Figure 2.11a).
The contour is constructed by intersecting theasmgrfwith a sphere centred ot
with a fixed radius r. A principal component anady$PCA) of the 3D contour
defines a plane where the distance from pointshencontour to the plane is at a
minimum. The normal of the plane can be thoughasfipproximating the surface
normal around the point of interest. The planehenttranslated until it contains P.
the signed distance from the 3D contour forms gp&Eametric curve dff as shown
in Figure 2.11b. This provides a compact way ofistp information about the

structure of the surface around a point that i€posgariant.
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() (b)

Figure 2.11Point signature (Campbell, R. and Flynn, P., 2001).

Johnson and Hebert [JH97 JH98? also employed point features for object
recognition. Their “spin images” are 2D histogramhshe surface locations around a
point. The spin image is generated using the nommahe point and rotating a
cutting plane around the point using the normath&saxis of rotation (see Figure
2.12). As the plane spins around the point thesetions between the plane and the
surface are used to index a 2D histogram. The ibirtke histogram represent the
amount of surface (or the number of times) a paldicpatch of the cutting plane
intersects the object. Spin images are generated fnodels using a polygonal

approximation to the surface.

Object Surface

Figure 2.12Spin image (Johnson, A. 1997)
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2.3.2.3 Spherical Representations (Gaussian Sphere)

In this representation, the orientation of the a&cef normal at each point of the
surface is mapped onto the corresponding poinherunit sphere. A rich literature
is available [HID95] [DHI93] [Del94] [LW94]. Ikeudhand Hebert [IH95] provide
an overview of previous approaches, from the ed880s to the present. In a
nutshell, the mapping is not local in planar regiopartially local in parabolic
regions, and strictly local at elliptic and hypdiboregions, allowing for
unambiguous representation of convex objects oFtlys representation is rotation
invariant. However, translation and the informat@nthe dimensions of the objects
are not preserved. Several modifications of thesSian sphere have been developed

to overcome its limitations.

In the extended Gaussian sphere, each point orsghere is assigned a weight
equivalent to the corresponding surface patch afetihe object [Hor84]. Nalwa
[Nal88] defines a support function for a surfacebthe signed distance from the
origin of the sphere to the tangent plane at thifase. Similarly, Kang and lkeuchi
[KI91] associate with each surface normal a complemnber where the magnitude
of the number is the corresponding surface areandrate the phase is the distance
of the surface from a predefined origin of the clate system. This is essential in
determining the translation component of any geometransformation (pose

determination).

To expand the ability to handle non-convex objeatsl the ability to handle
occlusion, Delingette et al. developed the spheatibute image (SAI) [DHI93]
[HID95]. The SAI representation maps points on aject surface to vertices on a
quasi-regular tessellated sphere. By “regulars iitmplied that the triangle faces are
similar in surface area and are equilateral. Lacaface characteristics are stored at
the vertices of the tessellated sphere that casrespvith the surface point. The

surface point to vertex mapping is determined dypmieing an ellipsoidal version of
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the same tessellated sphere to the object’'s surfidee deformation is guided by

forces of preserving the regularity, while shrinkime mesh to the surface.

In the work summarized above, objects must haves#ime topology as a sphere.
Delingette [Del94] uses a representation similarthie SAI to represent more
complex topologies. Instead of maintaining thetreteship with a sphere, parts of an
object can be fitted using a deformable surfacehna@sl can be connected to another
mesh. The use of this representation for objeatgeition and localization of pose

has not yet been explored.

2.3.3 Statistical Model

In contrast to the shape descriptions using th@nsit characteristics of an object,
the statistical model learns the valid shape atehsity variations from their training
set. Principal component analysis (PCA) is the ohthe most popular approaches
and there is a rich literature available. Thisisecteviews previous work employing

the PCA method.

Early work based on PCA was developed in ordernterpret intensity images
[TP91*9 [CTO1] [CET98] [CTC*95]. The appearance-basedtistie model has
been successfully applied to performing segmematad recognition tasks in
two-dimensions. The key idea of the PCA approaskds encode the individual
object views as points in one or more multidimenalspaces, which is constituted
by the basis vectors obtained from a statisticalyais of the ensemble of training
images. These basis vectors were tergigdnpicturesin [MN95] [TP9ZF], they are
sometimes given the equivalent terragjenface®or eigenimagesdepending on the
application. The termneigenfacess used when the training set is limited to faceada

because certain basis vectors, when viewed, héagedike appearance.
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Recent advances in 2.5D acquisition techniquesgéaensor) have led to great
interest in applying PCA to encoding 3D shape [QFP#HW*05] [HSEO3]. Since a
range image is a special image, in which the pvedlie reflects the distance from
the sensor to the imaged surface, it actually captthe shape appearance of a view.
Thus principal component analysis of this data Itesin a set of characteristic
shapes, referred &sgenshapesTheseeigenshapeare used in much the same way

aseigenpicture®r eigenfaceso form a low-dimensional subspace.

To build the statistical models, correspondingdarark’ points must be obtained on
every training image in advance. Determining pamtrespondences could either be
done manually [CTO1] or automatically, e.g. by #tagegistration [FRS*01] [FL98]
[FL99] [BT00"4. Denote a set of training imagks

X :{Xv ’XM} (2.11)

Each training imagex. can be considered as a column vector consistiregsait of

labeled landmark points. That is:

=[xy ] (2.12)

where N is the number of landmarks in a trainingger Each image is typically

normalized to unit energl| =1.

Principal component analysis is used to determisetaof orthogonal basis vectors

for the space spanned by the training datdo do this the average

M

1
c=—
M g

X (2.13)

is subtracted from every image in X, i.e. (X - c), yielding a centered st.. X

" The norm or magnitude of a vecis denoted pr(| .wher{x| =1, it is called the vectofis in unit
energy.
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is then used to form an"M covariance matrix:
Q=X_X] (2.14)

Then the eigenvectors and corresponding eigenvaﬂ(&;s/i),i =1 N}for Q are

determined. The set of N eigenvectors is an orthalgbasis for the space spanned
by X. This principal component representation can bedu® approximate the

training data in a low-dimensional subspace thptwras the gross appearance of the
objects. This enables appearance-based approackbaracterize the objects using

the eigenvectors that correspond to the largesneajues.

Let {q, ek} be the set of eigenvectors corresponding with khdargest
eigenvalues. The centered vectdps - ¢ in)the training data are projected along
{q, ,ek} to form k-dimensional prototypesy;. An approximation tox; can be

constructed using the basis vectags and the projected poing, in the eigenspace.

The reconstructed image is given by

9
X, =[e e l* +c (2.15)
Ok

2.4 Thee-Dimensional Face Recognition

There is a family of approaches in which a geneniatphable 3D face model is used
as an intermediate step in matching two 2D imagesfdce recognition. This
approach was popularized by Blanz and Vetter [BV(3pwever, this type of
approach does not involve the matching of 3D shdgecriptions. Rather, a 2D
image is mapped onto a deformable 3D model, andBthenodel with texture is
used to produce a set of synthetic 2D images ®mnihtching process. Similar work

is also presented in [ZC02].
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This section specially focuses on recognition basad3D shape information.

Basically, the work done on 3D face recognition barclassified in three categories,
according to their 3D shape descriptions. Thatdaspgnition based on point sets,
statistic models and surface features. More detangestigations are given in the

following.

2.4.1 Recognition Using a Point Set

Despite various 3D shape representations having heposed so far, their
applications have not widely been seen in the fiefdcomputer vision. The

fundamental reason is that these descriptions timatarally support the automatic
establishment of correspondences between objeb&sefore, much previous work
in the field of 3D face recognition is still baselrectly on the point set. By

registering one point set to another, dense coorelgnces between them are
obtained. In the following, the widely accepteddtese Closest Point (ICP) method
and its variations are firstly discussed. Then W2Bed 3D face recognition is

reviewed.

2.4.1.1 Registration

Many efforts have been made in registering 3D paiouds. One of the most
popular methods is the iterative closest point jl@ligorithm developed by Besl and
McKay [BM92]. The ICP is based on the search ofgaf nearest points in the two
sets, and estimating the rigid transformation, Wwhadigns them. Then, the rigid
transformation is applied to the points of the seg and the procedure is iterated
until convergence. Several variations of the ICRhoé@ have been proposed. Chen
and Medioni [CM92] evaluated the registration fumet using point-to-plane

distance instead of previous point-to-point diseankm Zhang [Zha94], a robust
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statistic threshold was introduced to determinertteéching distance dynamically.
Iterative methods such as this are obviously timesaming. When the assumption
of one dataset being a subset of the other is @al,\false matches can be created
[FCR*02]. Moreover, they rely on a good estimatetioé initial transformation.
Another shortcoming of the ICP method is that iséale sensitive. There are other
alternative approaches. For example, the iteratiseest compatible point (ICCP)
algorithm has been proposed in order to reduceehech space of the ICP algorithm
[GRB94] [GB95] [GLBO1]. In [SLWO02], a conceptuallgimilar method called
iterative closest points using invariant featul€P(F) was introduced. This method
chooses nearest neighbour correspondences accoodindistance metric, which is
a scaled sum of the positional and feature distanbe [SL03], a feature-based
registration is adopted, which searches the limne @ane pairs in 3D point-cloud
space instead of 2D intensity image space. Mnyrddeture-based ICP approaches
can be found in [CJ96] [FA96] [HHI95] [SF97] [Thig6[WVK99] [YA98]. Some
work has focused on the issue of pre-alignmenttiress the need of a good initial
approximate alignment for ICP methods [MRC*01] [LDZ} [WVO02]. More
detailed reviews on registration can be found IAQ&6] [CFO01] [FZ03].

2.4.1.2 ICP-Based 3D Face Recognition

Lu et al. [LCJ04] report on results of an ICP-baapgdroach to 3D face recognition.
Their gallery entries are complete face models,redeethe probes are frontal views.
In experiments with images from 18 persons, withtiple probe images per person
(113 probe images in total), incorporating someaati&n in pose and expression, a
recognition rate of 97% was achieved. They extémir twork in [LJO3] to deal

explicitly with variation in facial expression. Theoblem is approached as a rigid
transformation of probe to gallery, done with ICRlong with a non-rigid

deformation by applying thin-plate spline (TPS)hieicques. The work is evaluated
using a 100-person dataset, with neutral-expresamhsmiling probes, matched to

neutral-expression gallery images. After the rigrdnsformation, most of the
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wrongly recognized cases are from smiling probekses€é errors are reduced
substantially after the non-rigid deformation stagkey also propose an approach
where multiple models are used for recognition, aeombination of results from
3D and 2D data [LIG% For the total of 196 probes (98 neutral and 88lisg),
performance reaches 89% for shape-based matchth§1# for multi-modal 3D +

2D matching.

Russ et al. [RKLO5] applied an iterative registatiprocedure to align probe to
gallery faces and then performed recognition bypgigiausdorff distance matching.
Various means of reducing space and time complefityhe matching process are
explored. Experimental results are presented cartagp the FRGC version 1 dataset
(200 gallery images and 398 probe images) and%®®8-cognition rate is achieved.
In the related work of Koudelka et al. [KKRO5], andar approach is used to

pre-screening a large dataset to select the mksly limatches, from which the

recognition is then conducted based on more cacefndiderations.

Instead of registering the whole face, Chang €iGBFO05] divide it into several sub
regions to which the ICP algorithm is applied inelegently. The results of the
multiple 3D matches are fused. The experimentaluawan in this work uses
essentially the FRGC version 2 dataset, repreggmmver 4000 images from over
400 persons. In an experiment in which one neeixplession image is enrolled as
the gallery for each person, and all subsequengéméof varied facial expressions)

are used as probes, performance of 92% rank-opgm#ion is reported.

Whereas most researchers have based their worlaraye rimages, Medioni and
Waupotitsch [MWO03] use unstructured point cloudpéoform 3D face recognition.
Experiments are conducted with 700 scans from Hd8gms and a 98% recognition

rate is reported.
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2.4.2 Recognition Using a Parametric Model

As discussed in the preceding section, previouarpeairic models do not support
automatic establishment of correspondences betoigjests. So there has been little

work done on recognition using the parametric model

Song and Bai [SBU8] present a 3D face recognition system based caranpetric
model. To deal with pose variations, a non-iteeiwvocess is developed to register
and segment the frontal part of the face from #@st of the body. By parameterizing
frontal faces to a common parameter space, demsgspondences across objects are
established and the Euclidean distance is apptiechatching. A total of 187 scans
of 65 persons was used for test. In an experimenthich one neutral-expression
face was enrolled as the gallery for each persad, al subsequences faces (of
varied facial expressions) were used as probesyfarmance of 91.8% recognition

rate was reported.

2.4.3 Recognition Using the Statistical Model

Xu et al. [XWT*04] use principal component analygBCA) to reduce the
dimension of the feature space, which is computah the local regions, e.g. mouth,
nose, left eye and right eye. Matching is basednimmum distance using both
global and local shape components. The performahfaee recognition is evaluated
on the database from Beumier and Acheroy [BAONeRmages each from a set of
120 persons were enrolled in the gallery and 72b@images were tested. A 96%

recognition rate was reported.

Hesher et al. [HSEOQ3] apply PCA on range images exyore the approach by
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using different numbers of eigenvectors and imagess The dataset has six
different facial expressions for each of 37 sulgett total 222 probe images have

been tested in their experiments and a 97% redogmite was achieved.

It should be mentioned that the reported perforreamc the work [XWT*04]
[HSEO3] was obtained by using multiple images pdbrject in the gallery. This
effectively gives the probe image more chances &axema correct match, and is
known to raise the recognition rate relative toihg\a single sample per subject in

the gallery [MBFO3].

In [PWPO03], Pan et al. compare 3D face recognitesults from both a Hausdorff
distance approach and a PCA-based approach. ThelBl2dtabase [MMK*99] is
used in the experiment, totalling 360 images for &¥sons. They report an
equal-error rate (EER) in the range of 3-5% forltaisdorff distance approach and
an EER in the range of 5-7% for the PCA-based amrolIn their later work
[PHW*05], a novel mapping of the 3D face data taiecular range image is
proposed. Then PCA is applied to the mapping. Td®af region used in the
mapping contains approximately 12,500 — 110,000ntgoi Experiments are
conducted on the FRGC version 1 dataset, whicluded 943 images from 276
persons. Performance is reported as 95% recogrotiéh8% EER in a verification

scenario.

2.4.4 Recognition Using Surface Feature Based Repentation

Generally, the surface features, e.g. the prin@palatures and Gaussian curvatures
etc. are often used to segment the facial regiore riange image [LM90] [TIC98]
[Gor92] [MSV*03]. For example, Lee and Milios [LMP@egment convex regions
in a range image based on the sign of the mearGandsian curvatures, and create

an extended Gaussian image (EGI) for each convgiomre They claim that the
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convex regions change shape less than other regioasponse to changes in facial
expression. This gives some ability to cope witlargdes in facial expression. A
similar approach is presented in [TIC98], where BE&Gémployed to represent the
face instead of the convex regions. Basically, gadmn is performed using a
spherical correlation of the EGIs. For the casenaftiple-region matching [LM90],

a graph incorporating relational constraints isdugeestablish an overall match of a
probe image to gallery image. The shortcoming o Gl approach is its

insensitivity to change in object size, and so sivoilar shapes but of different sizes

will not be distinguishable in this representation.

A small dataset is tested in [LM90], including @alaf 6 images from 6 persons. No
recognition result is reported. Experiments in [98were conducted on a National
Research Council of Canada range image datasetgJREBr a set of 37 images

from 37 persons, 100% recognition was reported.

Several variations have been proposed [Gor92] [MBY{LS04] [LSY*05], where
the curvature-based segmentation of the face vsaseahployed. However, instead
of using EGI to describe the face, they extraattao$ facial features for the purpose
of 3D face recognition. Thus each face becomes iat po feature space. A
nearest-neighbour matching algorithm is used inr§@p[MSV*03]. Gordon [Gor92]
reported a recognition rate as high as 100%, basealsmall test set of three views
each of eight faces. Moreno and co-workers [MSV*@gjort results on a dataset of
420 face meshes representing 60 different persaitis,some sampling of different
expressions and poses for each person. Rank-oognigon of 78% is achieved on
the subset of frontal views. An alternative, usitggpth-weighted Hausdorff distance
combined with surface curvature information for ahétg, is considered in [LS04].
In experiments with a dataset representing 42 psrsand two images for each
person, a 98% recognition rate is reported. Led.¢L.SY*05] propose an approach
based on the curvature values at eight featuretpain the face. Using a support

vector machine for classification, they report akr@ne recognition rate of 96% for
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a dataset of 100 persons, each with two image thetfeature points are manually

located in their experiment.

Different from the work discussed above, Chua ef@GHHOO] use point signatures
in 3D face recognition. To deal with facial expiess change, only the

approximately rigid portion of the face, from justlow the nose up through the
forehead, is used in matching. Point signaturesuaesl to locate reference points
that are used to standardize the pose. Experinaeatslone with four images each
for 6 persons, with facial expressions presentatierdataset, and 100% recognition

is reported.

2.5 Summary and Discussion

Having divided the task of designing a 3D face gmition system into data
acquisition, data representation and matching skbtathe reviews of previous
research efforts were addressed, according to sabtask, with emphasis being

given to the 3D shape representation.

Although recognition can be performed either bamedombining results from 3D +
2D information or by using a morphable 3D face mpotiee efforts made solely
based on 3D shape attract the most attentionsrctiapter. Recent work done on 3D

face recognition was investigated according tonieans of 3D representation.

It is clear from this review that 3D face recogmitistill faces a number of challenges.
Despite the fact that research on 3D face recagmi8 blooming, inspired by the
recent advances in 3D acquisition techniques, #mek lof simple geometric

representations that are amenable to surface matshill poses the biggest problem.

The recognition performances examined in this mevibave shown some
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deficiencies that exist in current work. For exampkecognition based on the PCA
approach requires the labour-intensive processarkimg corresponding ‘landmark’
points on every training image in advance. Andtfad work is basically limited to
the range images. For the research efforts madeg usurface features, the
recognition performance is only tested on a reddyivsmall gallery. Although
Moreno and co-workers [MSV*03] conduct their expegnts on a bigger dataset of
420 face meshes representing 60 different persbagecognition result is not very
optimistic. On the other hand, although the ICRebagpproaches are tested on much
bigger datasets and very promising results hava bbegorted, their feasibility of

dealing with real-time application is still questable.

Inspired by those shortcomings of existing appreachve are trying to develop a
novel recognition system based on a parametric medech has the properties of
being unambiguous, unique, non-sensitive to noigk faasible for matching and

storing. The approach and its applications aregmtesl in the following chapters.
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Chapter 3

Registration and Segmentation

Raw data Registered data }———a(Segmented data

Figure 3.1 Registering raw data to a canonical position agheenting the frontal

part of the face

Registration is the first step for constructing éage recognition system. In contrast
to most face recognition schemes based on struttat (e.g. range images), we
deal with unstructured data that explicitly incorgtes pose variations. The example
scans in Figure 1.2 show that raw data: 1) areired orientations and sizes, 2) vary
significantly across subjects and often include knex shoulders. For face
recognition, it is critical to have the frontal éaseparated from the raw dataset.
However, varied head orientation is the main obstam automatic face
segmentation. Thus the goals of our non-iterategistration approach are 1) to
recover the transformation matrix between the poks@cquired dataset and the
frontal view, 2) to segment the frontal part of dafrom the unwanted data
automatically. The procedures are demonstratedigar& 3.1, with a dataset of
25,903 points in an arbitrary position. This pragedfirst takes the face to the
canonical position and then separates the froratgl gontaining 9,532 points from

the original data.
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3.1 Introduction

Problem statement:

Input raw data:
No pre- processing step required, e.qg. filling bpfdtering noises;
No topological information is provided for any pim contrast to a range
image which has a regular matrix structure;

Only 3D coordinatesx(y,z) of data points are required.

Assumptions:

Nose peak point (M) has been located.

Goals:
Registering face scan in varied orientation toreoogcal position (defined in
section 3.2), i.e. frontal view;
Detecting facial features;

Segmenting frontal part of face from the origirerdata.

Contributions:

A non-iterative registration and segmentation témia is proposed, which can deal
with pose variations. Instead of directly alignioge object to another, it registers
every object to a canonical position by conductingentation estimation
simultaneously with facial feature detection. Imtast to the ICP algorithm which

is scale and shape sensitive, this approach idrseethese influences.

This chapter is organised as follows. In sectiod, 3he definitions used in this
chapter are first clarified. Then a two-step apphot recovering the transformation
parameters (head pose) and simultaneously detdettra) features is represented in
section 3.3. The initial head pose estimation isedaon symmetric analyses. After

the residual errors are compensated in the poseneént process, a face scan with
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an arbitrary pose is taken to the frontal view. t\é&xe face scan is translated to the
origin of the world coordinate system and the fabrgart is segmented from the
redundant dataset (section 3.4). The performancevaduated in section 3.5, by
comparing the registration results obtained fromn approach and from the ICP

method. Conclusions for this chapter are givereitien 3.6.

3.2 Definitions

3.2.1 Facial Features

Four facial features are to be precisely detectbey are the inner eye corners (E
Er), nose top (W) and nose bottom @), indicated by red dots in Figure 3.2. As the
human face is roughly a symmetric object, a fasjghmetry plane exists, denoted
by P, which includes the nose peak poinpdNThe facial symmetry curv€ is
obtained by dividing the face with the plane P. Tiose top is then the intersection
of the curveC and the XZ plane including the two inner eye cesndhe nose
bottom is defined as a point located both in ttenelP and on the lower border of

the nose septum.

Figure 3.2 Face in the canonical position after the registnat

Nose saddle point @)l detection is needed for the initial pose-estiorgtibut face
orientation affects N detection. Figure 3.3 demonstrates the relatignbleitween
face orientation and Ndetection. Therefore, we defings om the practical view
instead of the anatomic. First, we vertically davithe face by using the YZ plane
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including the nose peak pointpflto obtain a face-dividing curve. Thenr; I8 seen

to be the point located on the face-dividing cumi the maximum curvature value.

(al) (b1) (c1)

(@2) (b2) (c2)
Figure 3.3 The relationship between head orientation apdéection. (al) and (a2)

Raw point clouds in world coordinate system. (g &2) Side view. (c1) and (c2)

Frontal view where the nose saddle is marked ax.a d

3.2.2 Canonical Position

The line linking E and & is perpendicular to the YZ plane, Figure 3.2 jleft
Npp, Ng and N- are on the facial symmetry plane P which is paradl the YZ
plane, Figure 3.2 (left).

The line linking N- and N; is perpendicular to the XZ plane, Figure 3.2(rjght

Denoting the coordinates of feature points at carabnposition as N«(X,Y,?,

EL(x,Y,2), ErR(XRYRZR), Nt(XT,¥r.zr), Ns(Xs,Ys,Z8), Which satisfy the following

relational constraints:
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— XL + XR
= 3.1
5 (3.1)
yT = yL = yR (32)
z, =z, (3.3)
z. =z, (3.4)
X=X =Xg (3.5)

3.3 Registration

This section presents a two-step non-iterative 8Bepestimation. The first step is to
estimate an initial rotation matrix (roughly reprring the head pose) using the
symmetry property of a face. Since the human faceot a perfectly symmetric
object, there are errors which remained to be coisgted in the second step, i.e.
head pose refinement. This step unifies the twdkstasf estimating the
transformation parameters and identifying faciatfiees. The refined transformation
parameters are decided by the set of candidatel fie@tures having the maximum
probability, which is computed by using the relaabconstraints (section 3.2). This
interleaved procedure could significantly minimidee impact of noise on facial
feature detection. In a nutshell, we are lookingadransformation matriR, which
takes a face scan of an arbitrary pose to a caalomisition (in the world

coordinates system). The transformation can bdemras:

D'=R*D=R,*R *D (3.6)

whereD andD ¢are the point clouds before and after the transition, respectively.
D dis in the canonical positioRR is a 3 3 rotation matrix which is the composite of a

rotation matrixR; obtained from initial pose estimation and a rotatinatrixR, from
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the refining procedureR; and R, consist of rotation matrices for the y, z axes

respectively (equations 3.7 and 3.8):
Ri = RZl* R(l* RX:L (37)

R2 = RXZ* RYZ* RZZ (38)

3.3.1 Initial Pose Estimation
3.3.1.1 Estimation of the rotation about the axis g1

The rotation about the axis is estimated by using the nose saddle pbigtgnd the
nose bottom point (B). To locate N and Ns, we vertically divide the face with the
YZ plane, which includes the nose peak poinggNaind they axis, and obtain the
face dividing curvdy, indicated by the red colour in Figure 3.4 &hd N; are the
points having the maximum curvature value on thevetd at each side of ph
Assume their coordinates arg(kk,ys,zs) and Ns(Xs,ys,2s). Their new positions after
rotating gk, about thex axis centred at § denoted as §xs,Ys,Zs) and Ns&xs ¢ys¢2:9),

are computed by equations 3.9 and 3.10:

[Xs' Xg  Ys- YBI Zg - ZB']T = Rx1*[xs' Xz ¥Ys- Y Zs- ZB]T (3-9)

where the rotation matriRy; is

1 0 0
R, = 0 cosg,, - sing,, (3.10)
0 Sianl COSGy,

Since Ny and Ns¢should be roughly in alignment with tlyeaxis, referring to the
relational constrains in section 3.2, the post-damts can be described by equations

3.11 and 3.12;
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=2y (3.11)

Xg = Xg = Xg' (3.12)

Thusgx; is calculated as:

Gy, = - arctan{-> "% ) (3.13)

Ys- ¥s

Figure 3.4 shows the result of applying the rotatitatrixRy; to the raw datas@.

D, =R,*D (3.14)

Figure 3.4 Initial pose estimation about tkeaxis

3.3.1.2 Estimation of the rotation about they axis g1

The rotation about thg axis by is estimated by using the face dividingveuy,
shown in Figure 3.5. The cur¥gis obtained by horizontally dividing the fade,j
with the XZ plane, which includespgN Because the face is approximately symmetric,
there exists a symmetric lined)Lof curvefy. Ls is described by the nose peak point
Npp (X,¥,2 and the point pxg,y1,z) on Ls. Thus the kCrotation about thg axis

centred at IN- can be represented by equation 3.15 and 3.16 gwwthemew positions

of Nppand p are denoted agg{k,y,2 and pAx, ¢y1 ¢z &).

[x-x v~y z-7 =R, *[x-x y,-y z-2] (3.15)
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cosq, O sing,
R,= 0 1 0 (3.16)

- sing,, 0 cosq,

As Ls is expected to be parallel to tleaxis after it rotatesy: (Figure 3.5), its

post-conditions can be expressed by:
Y=Y1=Y' (3.17)

X=x' (3.18)

Thereforegy; is computed as:

Gy = arctan%) (3.19)

Figure 3.5 shows the result of applying the rotatiatrixRy; on the datasdd;.

D,=R,*D,=R,;*R,*D (3.20)

Figure 3.5 Initial pose estimation about tgeaxis

3.3.1.3 Estimation of the rotation about the axis g1

Similarly, the face-symmetric property is also eoyeld to estimate the rotatiapg;
about thez axis. The face-dividing curvig, indicated by the red colour in Figure 3.6,
is obtained by intersecting the face with the XYand, which includes the nose

saddle point (). The symmetric line (§) of curvef; is described by the nose peak
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point Nee(X,y,2 and the point pg,y1,z) on Ls. The Ls¢rotation about the axis
centred at Np can be represented by equations 3.21 and 3.22rewthe new

positions of Is are denoted asgh(x,y,2 and [%x, ¢y1 ¢z &).
-x vy 27 =Ru*[x-x yi-y z- 7 (3.21)

C0sq,; - sing; 0
R,,= sing,, cosg,, O (3.22)
0 0 1

The post-conditions ofd should satisfy equations 3.23 and 3.24:
z=z2=2' (3.23)

X=x' (3.24)

Thengy is computed as:

g,, = arctan{2~ %) (3.25)
Y-V

Figure 3.6 shows the result of applying the rotatitatrixRz; to the datasdd,.

D;=R,*D, =R, * R, * R, * D (3.26)

Figure 3.6 Initial pose estimation about taexis
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3.3.2 Refined Registration

The human face is not a perfect symmetric objemtid expressions also affect the
symmetry. Thus there are errors remaining afteriniteal pose estimations. This
section aims at compensating these residual erfaraninimise the influence of
noise and pose variations on the coordinate valuespropose an approach which
refines pose estimations and detects facial femtammultaneously. The detailed

implementation is discussed below.

3.3.2.1 Theory

So far the transformation matrix representati®) (has been recovered, which
brings the raw points clou®] to a nearly frontal viewl¥s). A refinement procedure

Is then proposed to get a transformation maty Wwhich minimises the differences
betweenD3; and the canonical position. Most approaches usaalfdeatures to
compute the transformation parameters. Howevercdbedinates of the data points
are very sensitive to noise and to pose variatisageasonable bounds on the pose
are necessary before precise facial features cdeteeted. Nevertheless, this pose is
the ultimate goal of computation. When put this waye see a classic
chicken-and-egg problem. Our solution is to altegndetween estimating

transformation parameters and refining the fa@atures detection.

Now given that the datas® is nearly a frontal view and that two facial faat
points, i.e. the nose peak pointdX,y,2, Ns(Xs,Ys,zs) are detected, let us consider the
following: 1) the coordinates of the nose top &fe affected by rotation about the
axis and the location of the inner eye cornersa Bjtation about the axis has the
least influence on the detection of inner eye canand 3) the rotation about the
axis is critical to the precise detection of inege corners. Therefore, we start with
estimating the rotation about tlzeaxis accompanied with by the detection of the

inner eye corners.
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Two vectors of candidate inner eye corners, E@.:[eLO’eLl, eLn] and
E;= [eRO’eRl, eRn], are firstly constructed. These are paired upcamstitute a new
vectorPE, (e, &y ), i,jT [0,n], K [0,n]]. From each pair of candidates, one can
estimate a possible transformation parametg?).(Assume the coordinates of the
feature points, after the rotation about thaxis with angle", arePE®e’,el’),

N (x99, y®,z9) . The probability of the transformation parametemsnputed
from the K pair of inner eye corners is:

1
(9 _ eﬂ() (X) + egj)(x)
2

k) —
p® =

(3.27)

The pair giving the maximum probability is takenths “real” inner eye corners,
denoted by Ex_,y,2) and R(XrYr.Zr). Next the error compensations in thaxis
andy axis directions are computed usingdhd E&. The remaining error in theaxis

is the last to be corrected by using nose tog) é¥d nose bottom @).

Since the detection of{Ns closely related to the rotation about ¥haxis, as shown
in Figure 3.7, we now facilitate feedback betwess two procedures of estimating
the transformation parametegyf) and detecting N and Ns. The key idea is
detecting N and N; in the current pose, which then are used to egtinaa
corresponding transformation parameter. The featatection is then updated based
on the latest pose configuration. This interleapextedure is stopped when the error
of the transformation parameter is below a preeéefithreshold. This procedure is
summarised in a mathematical way as follows. Moetaited implementation is

presented in the next section.

Nt is defined as the intersection of the facial sytnimeurvef and the XZ plane

which includes E and E. So far the orientation errors in th@andy axes have been
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compensated and the error in tkeaxis has little influence on the symmetry
properties. Thus the YZ plane, which includasg,Ns the virtual symmetry plane P.
Dividing the face by the plane P (YZ), we obtaie flacial symmetric curvé The
nose bottom B(xs,Ys,Zs) is decided by measuring curvature values aloegthvef.

Nt(xT,yr,2r) is calculated by equations 3.28 and 3.29.

The transformation parametd®™ is estimated fronN{” andN{” , where the

superscriptn indicates that the parameter is taken from tfeitaration of our

algorithm, see equation 3.28. The new positiontheffeature points after applying
the transformation paramet&"”, are denoted a¢™”andN{"™and are given in

equation 3.29. We keep measuriR until its value is smaller than a predefined

threshold.
R =y (N, N{) (3.28)
(Nénﬂ), N|(3n+1)) = R(n)(NT(n), NI(Bn)) (3.29)

Figure 3.7 The relationship between the pose and the detectinose top (N.
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3.3.2.2 Implementation

1. Estimation of the rotation about thez axis (g2) and the detection of the inner
eye corners

A nearly frontal view D3) has been transferred from an arbitrary vi®y &fter the
initial pose estimation, as demonstrated in Figdig Additionally, with the nose
saddle (N) detected in the preceding procedure, searchinthéinner eye corner is
constrained to a small area, as indicated by thareg in Figure 3.8. The anatomical
definition of the inner eye corners suggests thatytare the points having the
smallestz coordinate value in our searching area. Howevtreenoise or tiny head
pose variations could lead to incorrect featureedeins, as clarified in Figure 3.8

and Figure 3.9.

(@ (b) ()

Figure 3.8 Searching the area of the inner eye corners. Tose-mp views of the

searching areas indicated in (b) are shown inr{d)(e).

Figure 3.9 Incorrectly detected inner eye corners. Left: paloud view. Right:

textured view (although no appearance informatsorequired).
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Therefore, instead of using a single standard,tlkez coordinate value (or the depth
value for a range image), the correctness of tiected features is measured by the
relational constraints (section 3.2.2). For eadr@deng area shown in Figure 3.8,
then points having the biggegtaxis values are taken as candidates for the eyeer

corner. Generallyn=8 is sufficient to exclude the influences of nomed pose

variation.E, =[eLO,eL1, eLn] denotes a candidates vector for the left-inner eye

corner and; = [eRO,eRl, eRn] is a candidates vector for the right-inner eyenear

They are paired up and constitute the veBty, ki [0,n]. For a pair of candidates

PE (e, .€x) i,jl [0,n], its new position of applying the transformatiparameter

(¢z2) induced fronPE,, denoted asef (x,y{?,z* gnd e (x3’,ys’,z{’), should

satisfy the constraint (equation 3.30):

() 4 (k)
0 = XU H %R

; (3.30)

Where (x®,y® z ) is the post-position of applying the transformatimn Nop

The superscripk indicates that the parameters are taken from thealir of feature
candidates. Figure 3.10 illustrates the idea withi pair of feature candidate8, g

is the centre point o andeg;. By measuring the difference in thedirection
between Mp and Gg, one can calculate the probability of th2 fair candidate of
the inner eye being the real feature corners bwatou 3.27. The implementation is

shown in Figure 3.11.

Figure 3.10 A figurative example demonstrated with tH8 fair candidate of the
inner eye corners
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Input: E, (eL1.er2, -...€Ln), Eg(ER1.ER2s -..,€RN), Npp

Output:
1) The transformation parameter gz, compensating the orientation error;
2) The pair of the inner eye corners with the maximum probability.
Algorithm:

RefineRotationAboutZaxis (  E, , E;,Npp) {

Loopi:=0ton{
Loopj:=0ton{
/ICalculate a possible transformation parameter from a pair of candidates; and
//measure the post- positions of the features points against the relational
/[constraints.
g := ComputeRotationAngle (e, eg;)
k :=i*n+j

featureset [K] := { ey, egj,Npp }

(ew, er,Npp) = Rotate(q, featureset [K])

(k) 4 %
X+ X
L R _ X(k)

Dlk] ==

}

//[Find a pair of inner eye corners with the maximum probability.
ID := FindMinimum(D,nz)
i := Mod (ID,n)
j := IntDiv(ID,n)
g := ComputeRotationAngle(ey;, eg;)
return (g, ey, egj)
}
ComputeRotationAngle ( p1, p2) {

g = arctanY) = P2(Y),

P(X) - Po(X)

return g
}
Rotate (g, v) {
cosg -sing O
R, = sing cosg O
0 0 1
V=R, *v
returnve
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FindMinimum ( D, size) {
min = D [0]
ID=0
Loopi:=1to size{
If D [i]<min then {
min = D [i]
ID=i
}endif
}

return ID

Figure 3.11Implementation of the detection of the inner egmers and estimating

the rotation of the axis

The pair with the maximum probability is taken e teal pair of inner eye corners,
denoted as Hx.,y.,z) and &(XrYrZz), from which the compensation angie

about thez axis, centred at,Hequation 3.31) is computed as.

g,, = arctanf® ) (3.31)
Y- Yr

Then we have the rotation matig, below:

c0sq;, -sing;, O
R,, = sing,, cosg,, O (3.32)
0 0 1

Figure 3.12(c) shows the result of applying thatioh matrixRz, on the datasdd;
(equation 3.33). We denote the feature points aftex transformation as
EVx 2" and BO0&"yr",zx"), Nes"(x",y",2") for left and right inner

eye corner, and the nose peak point respectively.

D4 = RZZ* D3 = RZZ* RZl* R{l* RXl* D (333)
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(a) (b) (c)
Figure 3.12 Example result of detecting inner eye corners and estimating the
rotation about the axis. (a) Area of interest. (b) Candidates of meye corners. (c)

Real inner eye corners marked as square dots.

2. Estimation on the rotation about they axis (gv2)

After the residue error in the axis direction has been compensated and facial
features, i.e. nose peak poinid, E.", Ex", has been detected, the remaining error
in they axis direction {y) is easily computed. The post-position of the deat
points, denoted asLi*:”(xL(”),yL(”),ZL(”)) and Ez(”)(XR(”),yR(”),ZR(”)), Npp(”)(x(”),y(”),z(”)),

are calculated by equation 3.34:

I I I I I DY L. I | I I | T
W A =R W -0 (3:39)

here the rotation matrix is:

cosq,, 0 sing,,
R,= 0 1 0 (3.35)

- sing,, 0 cosqy,

The relational constraint to be satisfied is:

8 =2 (3.36)

" For reasons of legibility, results are illustrateding texture mapping, although appearance
information makes no contribution to feature detecin our algorithm.
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Thengy, is computed as:

) _ 50
qy, = arctanP) (3.37)

0.z
x§) - x

Applying the transformation matriky, to the datasdd,, we have:

D: =R,*D, =R * R * Ry * Ry * Ry, * D (3.38)

3. Estimation of the rotation about thex axis (gk2) and the detection of the nose
top (Nr)

Now only the remaining error about thexis is left to be compensated. According
to the definition of canonical position, the rotatiabout thex axis is decided by the
geometric information of Nand N;. As discussed in the theory part, the recovery of
the transformation parameter and the detectioh®fNr are interleaved. In other
words, the processes alternate between estimdtyansformation parameters and

refining the detection of N

Facial features £y ™ 2 and B0 ye™. M), NedD(x i )
have been obtained from the preceding processr Tipeiated positions at thé'n
iteration are denoted as (Bx“y®z™ and B x"y",z"),
Npe" (X v 2V respectively. N is determined by the facial symmetric curve and
the XZ plane which includes f and &". So far, the orientation errors in thand

y axes have been compensated; thus the YZ planéiidtides N&" is the virtual

symmetry plane P. Dividing the face by the planeri® obtains the facial symmetry

()
curvef ™ at the ' iteration (Figure 3.7) and its inverse functigri™ = f*. By
applying relational constraints (equations 3.1 &), the coordinates of the nose
top Ni0™, v+, z") at the f' iteration can be computed as:

) 4 (0
m = X T Xg

( ; (3.39)
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yim =y =y (3.40)

z" = O V(") (3.41)

The nose bottom ' (xs™,ys™,z"™) is decided by measuring curvature values along
curvef ™ and R,™ is the transformation matrix recovered from™and N.
Their new positions after applying the transformatparameteRy,", denoted as
N (o6 Dy 2Dy - and N D™D ye™D ™) are  calculated by

equation 3.42.

(n+1) n+l) n+l) n+l)
[

Z|(3n+l) ) Zén+1] n)*[XB Xr yén) . y_(r”) Zé”) - z%”)]T (3.42)

- X$ B y#
1 0 0
R =0 coxg™ - sing™ (3.43)

0 sing™ cosg™

Moreover, equation 3.42 is subject to the relatieoastraint:
Z{M™) = Z(mD (3.44)

Then the transformation parametgf of the i iteration is computed as:
M _ S
g = arctanH) (3.45)

The implementation of this is given in Figure 3.13.

Input: E_, Er, Npp

Output: Ng, Nt and the transformation parameter gx, compensating the orientation error in the
X- axis.
Algorithm:
RefineRotationAboutZaxis ( E_,Eg,Npp) {
Let Threshold = 0.2
f := FindFacialSymmetricCurve (Npp)
repeat {
/ldetect Nt and Ng at the current orientation;
/lestimate a transformation parameter;
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/lupdate the features correspondingly.
(Ng, Ny) := LocateNosePoints(f, E,, Eg)

g =- arctan—22)
Yr- ¥s

(EL, Er,Npp,f) =Update (q,EL, Er,Nepp,f)
angle :=angle + q

} until g < Threshold

return (angle, Ng, Nt)

}
LocateNosePoints ( *f, E,, Eg) {
—_ XL + XR
X =_ =R
P(X) >
P(Y) =Y. =Yg

p(2)=f(f(y.)

g := SearchNoseBottom(f)
return (p,q)

}
SearchNoseBottom( *f) {

(vec, size) := CalculateCurvatureAlongCurve(f)
g := FindMaximum(vec, size)
return q

}
Update (0, Er, Er,Npp,f) {

1 0 0
R,= 0 cosg - sing
0 sing coxgy

E.'=R.*E,
Er'= R *Ex
Npp'= Ry * Npp

fr=R *f

return (EL(]; ER(];NPP(“Q

Figure 3.13 Implementation of detecting{NNg and compensating the orientation

error in thex axis
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After the remaining error in the axis is compensated, the datade€is then in the
canonical position. Correspondingly, the detectextial features are £
(XL(HI),yL(”I),Z_(”I)) and EQ(IH)(XR(HI),yR(”I),ZR(HI)), NPP(III)(X(III)y(III) Z(III)) NT(XTYTZT) and

Ng(Xs,Ys,Z8).

DI: D6 =RX2*D5:RZZ*R{2*RZZ*R21*R{l*RXl*D (346)

3.3.2.3. Example Results

Figure 3.14 Example results of pose estimation. First row: i@atasets acquired
from scanner in arbitrary poses. Second row: faeas in canonical position with
detected facial features marked by blue dots. Thowd textured face scans of the

second row.
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Figure 3.15Example results of pose estimatioff.réw: raw datasets acquired from
scanner in arbitrary poses’®Zow: face scans in canonical position with detgcte

facial features marked by blue dot¥.@w: textured face scans of th& eow.

The typical examples are shown in Figure 3.14 af8,3ncluding both genders of
various ethic backgrounds, ages and facial expmessiThe textured face scans
illustrate that the appearance variations (e.dntilngy conditions, skin colour, etc.)
have little effect on the registration results,csirour registration method is based
solely on geometric information. The examples igufé 3.14 and 3.15 also show
that the face scans acquired from the scannersignyficantly across subjects and
often include the neck or shoulders. Consequetitly,size of raw data varies from
20,000 to 33,000 vertices. The second row showsrdéselts of applying the
transformation matriceR on the raw datasets (first row). Facial featuresdetected

and marked as blue dots.

3.4 Translation and Intersection of redundant data

In this section, the dataset is translated to tigiroof the world coordinate system

and the frontal part of the face is segmented aaticailly. So far the face scan of an
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arbitrary pose has been taken to the frontal vieangnical position), where the
facial symmetry plane P must pass through the taysélr, nose peak point i and
nose bottom Bl The face scan is then translated to the origth@fvorld coordinate
system by following the method below:

a) The position of Mpis moved fromx™") " A"y to0 (0,0,2).

b) The z value is determined as the distance betweep aid N (Dnn), i.€.

z=1.5*Dyy (Figure 3.17).

(a) can be expressed as a matrix operation (equUaHY):

o 0 Z =[xm ym 0] 47 (3.47)

Then the translation T is computed as:

T :[_ X y(m) 7- Z(m)]T (3.48)

2=15%(x - X"+ (yr - Y) 2 (7, - 2 (3.49)

Figure 3.16 displays the face scan at the origith@fworld coordinate system.

Figure 3.16Translating face scan to the origin of world cooate system

Next, the frontal part of face is determined uding detected facial features and it is

then segmented from the original dataset. This agur is scale invariant. The
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distance betweengdand N is denoted as . As shown in Figure 3.17, the upper

boundary, i.e. the M plane, of the frontal factsated at:

=15* Dy, =15%/(x - X)) +(y, - y")24(z - M) (3.50)

yupper

The depth constraint is bounded by the system Xa¥igl having=0.

Figure 3.17Definition of the frontal part of face.

Figure 3.18 depicts frontal face segmentation. t3ogutside the boundaries, i.e.
Y>YupperOF z<0, are taken as redundant data. Same face exaogadsn Figure 3.14

and 3.15 are examined in Figure 3.19.

Figure 3.18Frontal face segmentation.
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Figure 3.19Examples of frontal face segmentation.

3.5 Performance Evaluation

This section evaluates the performance of the tragisn and segmentation.
Comparisons between our approach and the commaobpted ICP algorithm are
made based on timing and subjective appearancksiediore objective evaluations
are conducted in chapter 5, where the registragirooess is embedded into the face

recognition system.

The ICP method requires a well initialised raw dataln addition, the experimental
results in chapter 5.5.2 indicate that the selaactibthe template face model is also
critical to the ICP method. If the shape of the péate face is too far from the probe
face, more time is needed to achieve convergenteeateration. In the worst case,
it can lead to failure of the registration. The mypdes in Figure 3.20 clarify the

shape influence on the registration results. Opr@xrh needs neither pre-alignment

nor a template face. In my thesis, | manually ntaeknose peak point.
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Figure 3.20Comparison between the ICP method and our metaddl.First pair of

point clouds to be registered. (bl) A positive legom the ICP method. (c1l) The
registration result using our approach. (a2) Sequeid of input point clouds. (b2)
Negative result from ICP method. (c2) Our regisbratresult using the same input

datasets in (a2).

The evaluations are carried on a personal comgBentium 4/512M RAM). The
performance of our approach is measured on an @geeatataset of 20,288 points.
The performance of the ICP method is given by ayiagp 10 datasets and each
dataset has the similar shape to the templatel in an average dataset size. Results

are given in Table 3.1and Figure 3.21.

Table 3.1Comparison of the speed of the registration proces

Locate nose peak poink Initialisation Registration

ICP No 94 sec. 23 sec.

Our approach Yes 0.88 sec.

" As it will be discussed in Chapter 5 (section Z5the ICP method is sensitive to the shape
difference between the registered object and tmplge. If the registered object has a very difiere
shape from the template, more time is needed t@eeltonvergence of the iteration. This can also
lead to the failure of the registration.

65



Chapter 3 Registration and Segmentation

Figure 3.21Comparison of registration results

More experimental results from the ICP method drews in Figure 3.22. For
comparison, the same datasets demonstrated ineFiguQ are examined. To

minimise the shape influence on the ICP methodersg¥emplate models in various

shapes are used.

Figure 3.22Example results of ICP method.
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3.6 Conclusion

Pose estimation plays an important role in 3D femgnition. However, a robust
pose estimation algorithm is still an open reseassue. Previous approaches
generally can be classified in three categoriesaldeature based pose estimation,
iterative closest points method (ICP), morphabledehdased pose estimation. For
the facial-feature based approaches, most of ttemange image (2.5D data) where
pose variations are limited in the projection plahkbus the detection of the facial
features is relatively simple and reliable. Alsce thppearance information can
facilitate feature detection. Morphable model-baspgdroaches project a generic 3D
face model onto the image plane, with a guesseptise, and estimate the residue
errors between the query image and the synthetgemnThis procedure is iterated
until the residue errors fall below a predefinegtimold. Strictly speaking, this is not
a true 3D pose estimation algorithm since the 3Ddehds only used as an
intermediate. The ICP algorithm is a more genemgpra@ach, without feature
detection, which registers a query object to a tatepobject by an iterative process
of difference measurement and poses estimation. shtegtcomings include the
sensitivity to the template shape and scale. A gestimation of the initial
transformation is also necessary. Instead of usingmplate face, our approach
registers the object to a canonical position. Cqusetly, it is free from the
influences of scale and object shape. The nontiveracharacter makes it
computationally efficient and thus feasible forl#t#me applications such as face
recognition. On the other hand, unlike previousrapphes using range images, we

explicitly deal with pose variations in a six-dinséonal pose space

" Rotations in 3 axes and translations in 3 axes.
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Chapter 4

3D Surface Modelling

Figure 4.1 3D surface fitting onto an unstructured points cloud

In chapter 3, we automatically registered the ravintpclouds to the canonical
position and removed unwanted data. This chapesenmts an efficient single-patch
B-Spline surface-fitting technique. Three goalsehbeen achieved. First, in contrast
to previous work, our approach reconstructs the s2face directly from the
unstructured point clouds representing complex ahafSecond, dense
correspondences between objects can be automatieathblished. Third, an
efficient 3D object representation is obtaineda Inutshell, the key aim is to fit a 3D
surface using a single B-Spline patch over a compawameter space. Each object is
then described by a set of shape descriptors. Witbmatically-established dense
correspondences between reconstructed objectsapuoach allows efficient 3D

object comparison and metamorphosis.

An example result of fitting a single B-Spline gatsurface onto an unstructured
point cloud is demonstrated in Figure 4.1. Fronetacd 9,532 unstructured points,
the reconstructed surface is represented usingadrlyshape descriptors. Like other
examples used later on in this chapter, the suriadde frontal part of a face

obtained using the registration and segmentaticmigues discussed in chapter 3.
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4.1 Introduction

Problem statement:

Input data:
No pre- processing step is required, e.qg. filliodels, filtering noise;
No topological information is provided for any pin

Only 3D coordinatesx( y, 2 of data points are required;

Assumptions:

None.

Goals:
Fitting a single B-Spline patch onto the unstruetlpoints cloud directly;
Establishing dense correspondences between okjéictently;

Obtaining an accurate and efficient 3D object repngation.

Contributions:

Unlike previous approaches, focusing on the grith,dthe single-patch B-Spline
surface-fitting technique presented in this chaptea general approach aimed at
unstructured data. By proposing a novel knot-vestandardization algorithm, we
decompose the B-Spline surface-fitting problem iosequence of B-Spline
curve-fitting problems. The global parameterisatofrihe common parameter space
can also be achieved, which is critical to establig dense correspondences.
Furthermore, an accurate and efficient 3D shapeeseptation is obtained. The

whole process presented in this chapter is fultpraatic.

The structure of this chapter:
The problem of reconstructing smooth surfaces fdisorete scattered data arises in
many fields of science and engineering and has beerh studied during the past

decades. A brief review of previous methods is givesection 4.2. Since the basic
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concepts and properties of B-Spline curves andasasf are repeatedly used in our
approach, they are introduced in section 4.3. oty a B-Spline surface is an
extension of the B-Spline curve from 2-dimensions3tdimensions. Thus, for
reasons of simplicity, in the following section$et discussions start from the
B-Spline curve and then extend to B-Spline surfdde theory of the single-patch
B-Spline surface-fitting approach is presentedectisn 4.4. Although it is a general
approach, for both grid data and unstructured dai,aim to deal with the
unstructured data efficiently. A new technique ofok vector standardization is
specially developed for this purpose. Since tha garameterisation and knot vector
generation are closely related and have criticglaich on the shape of reconstructed
curve and surface, detailed discussions of botmaoessary. Therefore, in section
4.5, various methods of data parameterisation hait impact are examined. Two
general methods of generating knot vector for Brepturve-fitting are discussed
firstly in section 4.6. However, a simple extensajrdata parameterisation and knot
vector generation from one-dimension to two-dimensionly works well in the
case of grid data (section 4.6.3.1). An alternafipproach is proposed to deal with
unstructured data, i.e. our knot vector standatidizaalgorithm, in section 4.6.3.2.
The operations involved in the implementation o #not-vector standardization
algorithm are presented in section 4.7. Once therthof the single-patch B-Spline
surface fitting technique has been thoroughly dised, its implementation and
important properties are then examined in secti@ &ection 4.9 evaluates its

performance. A final conclusion is given in sectibmO.

4.2 Previous Work

The problem of reconstructing smooth surfaces fdiserete scattered data attracts
great interests in many fields of science and egging. The data sources include
measured values (meteorology, oceanography, ogicdogy, laser range scanning,
etc.) as well as experimental results (from physichemical or engineering

experiments) and computational values (evaluatiomathematical functions, finite
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element solutions, or results of other numericalusations). Due to the vast variety
of data sources many different methods have beweala®ed, each of them being

more or less suited to a specific problem.

In the fields of geology, meteorology and cartogsggdor example, the problem can

typically be stated as follows: given the data iR, ¥, z) 1 R® (R® stands for a
three-dimensional space), find a scalar funcolv R, W1 R? (R® stands for a

two-dimensional space) that approximates or intetpe the valug at &, y), F(x;,

yi) » z. This problem is generally known 8sattered Datdnterpolation(see Figure
4.2) and there exist many solutions to that probhdrch include Shepard’s method
[She68], radial basis functions [Har71] and firetement methods. Good surveys of

these methods and further references can be foufgth76] [FN91] [Nie93].

Figure 4.2 Scalar interpolation

Shepard’s method defines & €ontinuous interpolation function as the weighted
average of the data, with the weights being inygrgmportional to distance. It is a
global method requiring all the weights to be repatad if any data point is added,
removed, or modified. Radial basis functions cduoti another well-known
approach for scattered data interpolation. Herentexpolation function is defined
as a linear combination of radial symmetric basiscfions. Popular choices for the
basis functions include Gaussian, multiquadratie ahift log [Dyn89] [CFB97].
Thin plate splines are usually cast as a sepaxdtgian in the field of image
warping and morphing where they are widely used wuéheir visually pleasing
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results and relative stability for large datasé&tgeoretically, a thin plate spline is just
a variant of radial basis functions [Duc75] whichnimizes the integral of the
curvatures over the domain. Similarly to Shepangethod, radial basis functions are
also a global method. Centred at a data point, esdihl basis function is calculated
under the influence of all other points in the dataThe unknown coefficients for
the basis functions are determined by solving ealirsystem of equations. For large
datasets, the computation time increases significadlthough the numerical
solution of thin-plate splines can be acceleratgd thie multi-grid relaxation
technique [Bra97] [Bri87] [Ter83] and an alternatiof using gradient descent
[GC95] [Sze90], nevertheless it still remains cotapionally expensive when the
interpolation function is computed on a large grdother class of solutions to
scalar problems is finite element methods. Thisr@ggh involves creating some
type of optimal triangulation on the set of the adgioints to delimit local
neighborhoods over which surface patches are dkfifEhese patches are
constrained in order to interpolate the originatadaHowever, triangulation is

sensitive to data distribution, i.e., long thiratrgles cannot always be avoided.

Scalar interpolation can be used to reconstruatnals, special surface, which is a
function over a known plane. Several shortcomings Ithis technique as a general
solution for the surface reconstruction problenrst-ithe plane over which the
surface is reconstructed does not exist explieiigept in the case where the dataset
is given as a depth map (range image). On the dthed, not every surface
homeomorphic to a plane is a function over the glé&econd, many solutions are
restricted to interpolating grid data. Althoughoadf methods have been proposed to
deal with scattered data, the basic ideas arengerbscattered data into a regular
grid. For example, Carr [CFB97] solved the scattettata interpolation by scaling
and shifting the data uniformly in tixeandy directions so that the new data lie in the
unit square, while some algorithms project spars# iregular samples onto the
hierarchical, or multilevel, increased control it [LWS97]. Obviously, these

approaches are not affine invariant. Since datatpare projected to underlying
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lattices of varying resolution, the relative pasiti between the data points and
lattices affects the approximation function. Thaalar interpolation cannot satisfy
the general purpose of free-form surface reconstruc By contrast, parametric

presentation is a more general approach.

In contrast to thiscalar problenthere is thgparametric problemwhere the task is
to find a parameterized surfaBeW R that approximates or interpolates the data

points. This is usually done by specifying additibparameter valuesi( v) T W

and determinindr with F(u;, v) » (X, ¥, Z) (see Figure 4.3).

Figure 4.3 An example of a parameterized surface (Shene,)1997

The parameterized surfaces commonly supported Ibsertu modelling systems
include Bezier patches, tensor product B-splinesplines, and their rational
counterparts NURBS etc. In comparison with the ngplifamily, Bezier
representations have several shortcomings. For @eamto overcome the
high-degree problem, we need to join several logrele Bezier patches to represent
the surface, which can be described by a singlpliBessurface to same degree. The
join operations require that a significant numbérconstraints be imposed on the
control points in order to piece patches togethes continuous composite surface.

Moreover, a B-spline has the advantage of compeetepntation and offers great
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economies in manipulation and storage. Withoutnigsgenerality, we will use

B-spline surface fitting as our solution. There bagn considerable work on fitting
B-spline surfaces to 3D points, which has beerexged in Chapter 2. More detailed
information about the theoretical and practicalea$p of B-Splines and NURBS can

be found in [Boo87] [SS89] [Far93] [Die95].

4.3 Basic Concepts

4.3.1 B-Spline Basis Function

This section briefly reviews the definition and pesties of tensor product B-Spline
surfaces. LeU be a set ofm+1 non-decreasing numbetg£ £ W£...£ Uy Theuy’s
are callecknots the setU the knot vector and the half-open intervali[ui.) the I"
knot spanIf the knots are equally spaced, ugs-U; is a constant forfi£ m-1, the

knot vector or the knot sequence is said tafiérny otherwise, it isqon-uniform

The knots can be considered as division pointsdiadlivide the intervalp,un] into
knot spans. All B-Spline basis functions have tlagimain on {io,uy]. In this thesis,
Uup=0 andu,=1. So the domain is the closed interval [0,1]. #eo parameter is the
degree of the B-Spline basis functioksThe [" B-Spline basis function of degr&e

is written asB¥(t) and is defined recursively as follows:

1 if ué£f£tfu
B|O (t) = i . i+1

0 otherwise 4.1)
BA(t)=— i)+t L gl

ik~ Ui Uiar = Uiy

The functionsB® are the starting point for a recursive definitiohall the higher

degree B-Splines. By introducing some special lifieactions
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t-UI

Vi) = (4.2)
i+k ~ Ui
the recurrence relation can be expressed in a elegant form:
B =V/'B"+ (- Vi) B, (4.3)

This set of basis functions has the following prtips:

1. Continuity:B(t) is C** continuous.

2. Positivity: B(t) is non-negative for all k, t.

3. Local supportB(t) = 0 whenti [u;,Uik+1).

4. Partition of unityithe sum of all non-zero degr&ebasis functions on the span

[Ui,Ui+1) is 1.

4.3.2 B-Spline Curve

The B-Spline curve of degréas defined as the set of points that can be obthiy

evaluating the following equation for the parametuet:

0= Bo @4

i=0

wherec is a set of control points, i.e. Cef C1, ..., G}, 0 £ £ n. BXt) is a

polynomial B-Spline basis function of degrieedefined over a knot vector Ug,

U, ..., Un}. The evaluation of the basis function is giversaction 4.3.1.

Two examples of a B-Spline curve in Figure 4.4sitate the relationship between

the parameter space and the object space.
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The most important features of B-spline curves are:

1. Local control:changing the position of the control pottonly affects the curve
f(t) on interval[u;,Ui+k+1)-

2. Continuity:f(t) is C** continuous at a knot of multiplicity of 1.

3. Affine invarianceif the control polygon of a B-spline curve is tréorsned, the
curve itself is transformed by the same affinegfarmation.

4. Local convex hull propertyfor tI [u;,Ui+1) the curvef(t) is contained in the
convex hull of the control pointgy, . . .,C.

Proof: if tis in knot span [y u+1), there are only k+1 basis functions, i.e‘f(B),
Bix+1(U), B(u), non-zero on this knot span. Sing&B is the coefficient of control
point g, only k+1 control pointsicG.1, G-, ..., Gk have non-zero coefficients. As on
this knot span the basis functions are non-zero suntd to 1,f(t) must lie in the

convex hull defined by control points &, G-2, ..., Gk.

Other properties can be derived directly from thepprties of the basis functions.
The proofs of these propositions and many moreldethout the theory of B-splines

can be found in [Sch81] [BBB87] [Boo87] [Far93] [BI8] [Die95].

(@) (b)

Figure 4.4 Two examples of a B-Spline curve
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4.3.3 B-Spline Surface

With the following information:

1) the degre& in theu-direction; and

2) the degree in thev-direction;

3) a set ofm+1 rows and+1 control pointsij, where @ if mand & j£ n;
4) a knot vector omt+k+2 knots in thes-direction, U={Up, U ..., Um+ks1}-

5) a knot vector ofi+r+2 knots in thev-direction,V={ vo, V1...., Vhsr+1}-

The B-Spline surfaceG W R®, W = [ug UmiX[V, Vne1] defined by this

information is described by equation 4.5:

&st=  BY(9B (G, (4.5)

i=0 =0

where the control points; 1 R®. Similar properties as for curves can be stated fo
B-spline surfaces:

1. Local controlchanging the control poim; does not change the surfa@g, ) for

(S, D1 [Uh, U)X [V, Vier +1)

2. Local convex hull propertyor (s, § T [ui,Ui+1)x[V;,Vi+1) the surfaces(s, 9 lies in
the convex hull of the control points; withi-k Ep £ andj-r £q £ j;

3. Affine invarianceif the control polygon of a B-spline surface isnséormed, the

curve itself is transformed by the same affinegfarmation.

The products of two one-dimensional B-Spline basistions, one in the-direction,
Bi“(s), and the other in thedirection,Bj'(t), are two-dimensional B-Spline functions.
Figure 4.5 demonstrates the product that resudts two one-dimensional B-Spline
basis functions, wher@X(s) is a degree-2 (i.&=2) andB|'(t) is a degree-3 (i.e=3)
basis function. Displayed as wireframe surfaces,pitoducts are calculatediat 2
andj =0, 1, ..., 5 respectively from (a) to (f). In otheords, the basis function in

theu-direction is fixed while the basis functions irethdirection change.
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Figure 4.5 The products of two one-dimensional a B-Splineidbdsinctions
(courtesy Shene [She97]).

Figure 4.6 gives an example of B-Spline surfacewshthe relationship between

three-dimensional object space and the two-dimeasiarameter space.

Figure 4.6 An example of B-Spline surface
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4.4 Theory of A Single-patch B-Spline Surface Fittig Approach

The problem of fitting a B-Spline surfac@ to a given set of data poin@3 is
discussed in this section. The B-Spline surface lmanmeconstructed by means of
either interpolation or approximation (Figure 4.Generally, the interpolation
approach offers an accurate solution if data pooagy little noise, while an
approximating surface is adequate under circumetanehere considerable data

acquisition errors are involved. In this thesis,wse the interpolation approach.

Figure 4.7 Interpolation and approximation. The configurattorthe left is suitable
for interpolation, while approximation should beedgor the noisy data points to the

right.

For reason of simplicity, the principle is first@ained with a B-Spline curve fitting

algorithm. This can then be extended to the cag $pline surface fitting.

4.4.1 B-Spline Curve Fitting

The B-Spline curve fitting problem can be statedadiews: givenn+1 data points
D={D; |i=0,1,...n}, we seek a B-spline curie: W  R? of degreek (k £ n) and

WE[0,1], for which

D, =)= BA(t)C (4.6)

i=0

Equation 4.6 can be rewritten as a matrix operation
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By (t,) B(t,) B (t,) d, Co
g= B() BI(t) Bit) .4 .G 4.8)
By(t,) Br(t,) Bx(t,) d, c,

With the technique discussed in section 4.5 (daearpeterisation), a set of
parameters, I Wis firstly associated with data poiridg (0 £ u £ n). Then a knot

vector U is generated, based on the parameter sane the given degree of the
curve. Subsequently each element of maike. B(t,), is computed from equation
4.1. Then, what remains to do is to find the desicentrol points, which are

calculated by solving systems of linear equaticetguétion 4.7 and 4.8). Note that
the linear system has a unique solution, i.e. &rpolating B-spline curve can be
found, if and only if theSchoenberg-Whitnegsonditions (Appendix A) are fulfilled

[Boo87] [Far93] [Die95]. That is, the matrE in equation 4.8 must be nonsingular.
Our parameterisation approach can satisfy thisireapent. More detailed discussion

is given in section 4.5 and 4.6.

To summarize, the goal of B-Spline curve fittingtasfind a set of control points
{ci}gwith the required degrele a set of parameter values and a knot vector U to

interpolate a set of data points. The influencedegfree and parameterisation on the

shape of the fitting curve are discussed in sectidn

4.4.2 B-Spline Surface Fitting

The task is to find a parameterized surfage W R® (W=[0,1] [0,1]) that

interpolates the given data points. This is usudiiyie by specifying additional
parameter values t) I W and determining with G(s,, t,) » (X, i, z), where &;

Yi, Z) are the coordinate values of the data points.
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From a definitional point of view, a B-Spline suréais simply an extension of a
B-Spline curve. In fact, B-Spline surface recondinn is a much more complicated
problem than curve fitting. Generally, the appragclan be put into either of two
categories: grid data fitting or unstructured dftiéng. Despite the fact that the
former is only a special case of the latter, thiel glata structure makes a much
simpler approach possible. So we consider grid fiitag as a separate case in
section 4.4.2.1. Then our approach is presentsddtion 4.4.2.2, which is a general

approach but specially targeted to deal efficientiyh unstructured data.

4.4.2.1 Grid Data

The theory of B-Spline curve fitting can be exteshakrectly to B-Spline surface
fitting, if the data points for interpolation arastlibuted as a grid. With the
techniques presented in section 4.5 and 4.6.3d dgta is firstly parameterized and
a pair of knot vectors in the- andv-directions is generated correspondingly. Two
sets of one-dimensional basis functions are thenpated using equation 4.1. By
multiplying the basis functions of the first curvath the basis functions of the
second and using the results of the two-dimensibasis functions as the coefficient
of a set of control points, the tensor product Birfepsurface can be reconstructed,

i.e. one finds the control points by solving linegstems (equation 4.12).

For example, suppose one masl rows anch+1 columns of data pointh (O£ i£ m
and & j£ n) and wishes to find a B-spline surface of degkep {hat contains the
data pointgdj. Similarly to the curve case, one has data p@ntsdegreek andr as
input. First a pair of parameters,,{,) is associated with the data potat. Second,
two knot vectors U and V, one for each directiar, ereated. Then the products of

two one-dimensional B-Spline functioW(su)Njk(tv) can be calculated. Finally the
set of control points{{ c;},} -, is found by solving the following equation:
d, =G(s,t,)= B (sU)N}‘(tv)ci‘j (4.9
i=0 j=0
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The explanations above can also be looked at frenview point of tensor products.

The control points and the data points can be gedmto matrices af+1 rows and

n+1 columns:
Coo  Cos Con doo d01 dOn
C= Co Cp G D = le d11 dln ( 4'10)
CmO le Cmn dmO dm:l. dmn

Similarly, the basis functions can be expressed as:

By (s) Bi(s) B.(s) No(to) Ny (t) N, (t,)
ae BE BE B N NG NG
BO (Sm) Bl (Sm) Bm (Sm) NO (tn) Nl (tn) Nn (tn)
Then the equation 4.9 can be rewritten as a mptaguct:
dOO dOl dOn
le dll dln —
dmO dm:l. dmn
By (%) Bi(s) B () Coo  Cox Con
By(s) Bi(s)  ByS) . G G G 4.12)
BO (Sm) Bl (Sm) Bm(sm) CmO le Cmn
No(to) No(t) N, (t,)
Ny () Ny (t) N, ()
Nn(to) Nn (tl) Nn (tn)
Briefly,
BCN' =D (4.13)

Then control points can be computed by:
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C=B'DN" (4.14)

4.4.2.2 Unstructured Data

Motivated by two facts: 1) grid data can only bediso represent object with simple
topology, e.g. a deformed quadrilateral or a detmraylinder, as shown in Figure
4.8, 2) unstructured dense point clouds are a camutata format acquired from real
3D data capture techniques (e.g. laser, stereooglahmetry), we aim to

reconstruct a 3D surface from unstructured datanaatically and efficiently.

Figure 4.8 Surface fitting on grid data (courtesy Forsey Badels [FB95]).

Many efforts have been made on 3D surface recastgirufrom unstructured dense
point clouds. A common approach is to partition dhiginal data into patches. With
the shape of a deformed quadrilateral, each patar$ampled as grid data (gridding
algorithm) and then reconstructed independenthh wiite technique presented in
section 4.4.2.1. By stitching the reconstructecipad together, the whole surface is
obtained. Basically, the key idea behind these aaapres is still the fitting of 3D
surfaces (or patches) on grid data by convertirgjruotured data to grid data, e.g.
[KL96] [MBV*95]. However, besides the nontrivial gblems of the surface
partition and the continuity between adjacent padclas discussed in chapter 2, the
biggest disadvantage of such approaches is theyomlse a collection of local
solutions, i.e. an atlas of parameterisations tsiobd instead of a required global
parameterisation, which is essential for estabighiorrespondences across objects

automatically.
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This thesis proposes to reconstruct a 3D surfasetty by a single B-Spline patch
from unstructured data. This approach decomposesutiface-fitting problem into a

sequence of curve-fitting problems. Although a famidea has been developed in
the work of Forsey and Bartels [FB95], their altfums are still limited to dealing

with grid data.

We observe that in the definition of B-Spline sudsa (equation 4.5), the basis
function Bi*(s) only depends on the indéxand can be taken out of the summation

overj. Thus, the equation 4.5 has the following form:

ash= B9 B (4.15)

i=0 j=0

The expression in the parenthesis involves thesbfasictionsBj'(t) and control
pointsc;. Note that the basis functions do not depend bt the control points do.
Therefore, a new functiog(t) can be defined to reflect this fact:

a®= B (4.16)

j=0

Consequently, the surface equation 4.15 becomes

&sh= B 9AW 4.17)

i=0

So far, the definition of a B-Spline surface isa®posed into the form of a union of
B-Spline curves. In equation 4.16, eagft) is a B-Spline curve defined by the
control pointscig, Ci1, ..., Cin, I.€. the i-th row of control points. As a resulere are
m+1 new pointe(t), qu(t), ..., gn(t). Since the value of pointg(t), qi(t), ..., gm(t)
will not change ass changes, equation 4.17 can be considered as ariatle
function which is actually the definition of the $pline curve. In other words,

equation 4.17 is a B-Spline curve defined by cdmiomntsqo(t), au(t), ..., gm(t).

84



Chapter 4 3D Surface Modelling

Now we are ready to discuss the problem of findingarameterized surfacgthat
interpolates the given unstructured data pobts.e. (s, t,) » Di(X, ¥, z), where
(su, t) are parameter values specified for the data pof@ur approach consists of

the following steps:

xd
1) D = B(s)q"” (4.18)

i=0

Decompose the data poirlsinto h+1 subsets, having®: {D,?, D, D, ...,
DL} .. @ (D@ DO DO p®  O.p®p®pH ooy
as shown in Figure 4.9. Then data pd® is the point, evaluated at, of a
B-Spline curve of degree defined by control points on th& dubset of g's, i.e30?,
0w, ..., 0d?. Repeating this for every(0 £ ¢ £ xd), the d" subset of g's is obtained
from the ¢ subset of data points (i.0:9, D:@, D9, ..., D«d?) by solving the

linear equations (equation 4.18).

Obviously, this is a sequence of curve interpotajwoblems. The B-Spline curve
fitting technique presented in section 4.4.1 isliappon each subset. Thus, for the

subset @: {Dy@, D,¥, D9, ..., D{¥}, we have:

DY “B(s) “BNs)  “Bi(s) o
(d) (dpk (dpk (dpk (d)
D _ “Bi(s) “Bi(S) B (s) o @19)
D “Bi(sa) “Bi(se)  “Bi(sa) O

Whereso, 1, ..., Sq are parameters associated with A&, D19, D9, ..., D@
and basis function®By(s.) are defined on the knot vectoFU{us®, u, @, u,?, ...,
Uxaskir D). As a result,xd+1 control pointsge®, cu'?, ..., gd® are calculated by
solving the linear equations (a set of equationsm @18 or integrated into a matrix

form, i.e. as in equation 4.19).
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(a) (b) (c)
Figure 4.9 Decomposing data points inte-1 subsets. (a) Original unstructured data
D. (b) Group data points intb+1 subsets (9, ..., ™). (c) Example result of
re-gridded data Bafter applying the gridding algorithm on the onigji data D (using

previous approaches).

2) Knot vectors are determined by the parametérisaesults of the corresponding
subsets @ O£ d £ h, as will be discussed in section 4.6. As each etubas
arbitrary data size and distribution, there is achto standardize its knot vector of
arbitrary size and distribution to the knot vedtrwhich defines thei-direction in
the parameter space. For example, suppose thestibstet has data size xf+1.
Following the discussions in step #1+1 control pointsge™, .Y, ..., g™ are
calculated, which define the first interpolatingSptine curve with its knot vector
U®: fue®, ™, w®, .. a1 ™). After applying the knot vector standardization

algorithm presented in section 4.6.3.2Y4U:{ug, Uy, Uy, ..., Umsea}, @nd the control

points g™, g, ..., gu", are updated a®, Q.Y, ..., OnY. Repeating this
process on each subset, we hafd=U®= ..., =U9 ... =U"=U:{uo, uy, Uy, ...,
Um-+ke+1}-

Now the control points of all the subsets can bargyed as anft+1)x(h+1) matrix:

(0) @ (h)
0 0 0
(0) @ (h)
Q= % ! (4.20)
0 1 h
oV QF  Qp
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_ h
9 Q= Bt (4.21)

j=0

Analogous to the first step, for each subsét,fixed at the same value. Thext? is
the point, evaluated §t on the B-Spline curve of degreelefined by control points
on the 1" row of thecs, i.e.cp, Ci1, ..., Gh. Repeating this for eveliy(O £ j £ h), the
i subset of's is obtained from thé"isubset of data points (i.6/?, Q®, ..., ™)

by solving the linear equations (a set of equadi@1).

When i varies from 0 tom, it is a sequence of curve interpolation problems.
Similarly, the B-Spline curve-fitting technique pented in section 4.4.1 is applied

on each subseét Thus, for the subs&@©, ¥, @@, ..., @™, we have:

QY UB(t,) VB (t,) OBy (t,) Y
Q¥ _ “Bit) “Bl(t) “B(t) cf (4.22)
Q™ OByt VB(t,) OBy (t,) ¢l

Wherety, t1, ..., tn are parameters associated with d@af¥, ™, @@, ..., ™ and
basis functions®B; (t, are defined on the knot vector™V {v"), v, ", ...,

Vhsrs1'}. As a resulth+1 control pointssio®, ., ..., cn® are calculated by solving

the linear equations (equation 4.22).

4) Similar to the process in step 2, knot vectof® V..V{™ are standardized to the
knot vector V, which defines thedirection in the parameter space. For example,
control pointsco, %, ..., cn are firstly calculated, which defines th8 i
interpolating B-Spline curve with its knot vectof {vo®, i, v, ..., Virea™}.
After applying the knot vector standardization aidon presented in section 4.6,
VO=Vi{vg, Vi, Vo, ..., Vnarsa} and the control pointsio”, ci, ..., cin”, are updated as
Cio, Ci1, ..., Gin. This process is repeated onra#l subsets, having®-=, ..., =\, ...,
=VM=V:{ Vo, V1, Va, ..., Vnsrs1}
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Now the control points of all subsetesan be arranged asrat1)x(n+1) matrix:

COO COl COn
C - ClO Cll Cln (423)
CmO le Cmn

4 5 Data Parameterisation

This section aims to associate a data pbipto a parametety in the parameter
domainWe [0,1]. More precisely, if the data points to bé&erpolated ar®,, ..., Dy,
thenn+1 parametersy, ..., t, in the parameter domalWww must be found so that the
data pointDy corresponds to the parametiefor k between 0 and. This means that
if f(u) is a curve that passes through all data pointeengiven order, then there is
Di=f(tx) for all 0£ k £ n. Figure 4.10 shows a figurative example of thatrehship
between the data point and its parameters. Thedata points are marked in red

colour (i.e.n=3) and their corresponding parameters are indidayeyellow dots.

Figure 4.10A figurative example of data parameterisation.

The sequence of the parameters affects the intrpolresult. Figure 4.11 illustrates
three reconstructed B-Spline curves interpolatirgdame set of data, each of which

Is parameterized in a different sequence.
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(a) (b) (©) (d)
Figure 4.11 Three different interpolation results for the sawh@taset (a) but

parameterized in different sequences.

There are infinite possibilities for selecting tagsrameters. For example, they can
be obtained by evenly dividing the domain, or rantjopickingn+1 values from the
domain. However, poorly chosen parameters causeedigpable results. The
following Figure illustrates three reconstructedSBline curves interpolating the
same set of points (the crosses in Figure 4.12) e& which is obtained using a
different set of parameters (the dots in Figure&}.Curve (a) bends outwards too
much and creates an unnecessary bulge. Curve $ca lpgeak and a small bulge.
Only curve (b) follows the trend of data points sgty. Thus, the choice of
parameters affects the shape of the curve, andeqoently, affects the construction
of the knot vector as they are closely related. tkviector construction is to be
discussed in section 4.6. This section will nowcdss the commonly used parameter
selection methods, including the uniformly spacesthad, the chord length method

and the centripetal method.
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(a) (b) (c)
Figure 4.12The influences of selecting parameters on theesbéphe interpolating

curve.

4.5.1. Uniform Parameterisation

Uniform parameterisation is the simplest way toigaeparameters to data points.
Suppose th@+1 uniformly spaced parameters are required indtraain\W=[0,1],
corresponding to the+1 data points. In the case of the interpolatingrepassing
through the first and last data points, the firstl dast parameters are 0 and 1
respectively, i.eto=0 andt,=1. In other words, becausel points evenly divide the

interval [0,1] inton subintervals, the length of each interval is. That is:

t=— for OE£if£n (4.24)

This method is sometimes unsatisfactory becausdigtiebution of the data points
iIs not taken into account. When data points are umoformly spaced, using
uniformly spaced parameters could generate ersaapes such as big bulges, peaks
and even loops. In Figure 4.12 (c), the curve foanpeak between data points 1 and

2 since evenly spaced parameters are appliedsrcése.
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4.5.2. The Chord Length Method

When the measured points are unevenly spacedhtivd tength method is a better
choice than the uniform method, since it takes extoount of the geometry of the
data points. In Figure 4.13, each curve segmeranointerpolating polynomial is
very close to the length of its supporting chortj ¢he length of the curve is close to
the length of the data polygon. Therefore, if tloendin is subdivided according to
the distribution of the chord lengths, the paramsetall be an approximation of the

arc-length parameterisation.

Figure 4.13 An example of an interpolating B-Spline curve elgsfollowing the

data polygon, by applying the chord length method.

Suppose the data points &g Dy, ..., D,. The length betwee;.; andD; is D;-D;.4|,

and the length of the data polygon is the sum @fe¢hgths of these chords:

L= D - D4 (4.25)

i=1

The ratio of the chord length from data pdxtto data poinDy, denoted aky, over

the length of the data polygon is:

k
|Di - Di—1|
i=1
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When data points are parameterized by the chordgtHemethod, the domain is
divided according to the ratib,. More precisely, if the domain is [0,1], then the

parametety should be located at the valuelgf

k
t == |D - Dy (4.27)

i
i=1

By regarding the parametéras being analogous to time and imagining a car
travelling along a curve, Farin [Far93] gives ayamtuitive explanation on the
differences between the chord length method antbumimethod. For a uniform
parameterisation the car spends the same amotintefravelling between any two
data points regardless of their distance apattielfdistance of a segment is large, the
car will move at a high speed, compared to thedpeevhich it moves over a small
segment. Since the car cannot abruptly change sjteeitl tend to overshoot. A car
that adjusts the time spent between data pointsraiog to their distribution will
offer a smoother ride and one way of achieving thi® have the time spacing be
proportional to the distances between the datatpoifhe comparison result is
shown in Figure 4.14, illustrating that the diffieces between the interpolating
curves are more pronounced when the distance betdata points varies more

widely.

Figure 4.14 Interpolation using chord length parameterisatifoold white)

compared with a uniform parameterisation (dashad)bl
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4.5.3. The Centripetal Method

The centripetal method proposed by Lee [Lee89] mesethe changing nature of
point distribution. To interpolate the data poildg, D;, ..., D, we first select a
positive “power” valuea. Usually, it isa=1/2 corresponding to taking the square root.
Then the distance between two adjacent data psintseasured byDk-Dy.+[* rather
than the conventionaD|-Dy4|. The length of the data polygon under this new
measure is

L= ” |Di - Dy

i=1

|a

(4.28)

The ratio of the distance froBy to D¢ on the data polygon over the total length is:

K a
|Di - Di-1|
i

L, Z% (4.29)

Therefore, the parametér divides [0,1], according to the length of dataygoin

under the new distance measure.

k
t:% D, - D" (4.30)

i=1

If a=1, the centripetal method reduces to the chordtlemethod, and, hence, the
former can be considered as an extension to ttes. lfta<1, e.g.a=1/2, Px-Dyaf’ is
less thanD«-Dk.1]. Consequently, the impact of a longer chord @nlémgth of the
data polygon is reduced, and the impact of a shoherd on the length of the data
polygon is increased. Whem=0.0, equation 4.28 reduces to the uniform
parameterisation. Figure 4.15 shows three B-Splimees interpolating the same set
of data points, i.e. four red dots in Figure 4.by, using the uniformly spaced
method, chord length method and centripetal metieparately. While the uniformly

spaced method has a peak, the curve using thapmtatrmethod follows the data
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polygon more closely than the one using the cherdjth method, although both
interpolate the data points nicely. However, sirea@ data points are generally not as
unevenly distributed as in the example does, asd @bnsidering the efficiency of
computing, it is sufficient for most applicatiores adopt the chord length method to

parameterize the data points.

Figure 4.15 Three interpolating B-Spline curves using the dhdength

parameterisation, the centripetal method and tliferam parameterisation.

4.6 Knot Vector Construction

Once a set of parameters correspondingitd data points, i.ety, ta, ..., tn, IS
obtained, we are ready to compute a knot vectamRhe definition of the B-Spline
basis function (equation 4.1), it is known that #oB-Spline curve of degree
n+k+1 knots are needed. In the case of an interpglatinve passing through the
first and last data points, these knots aigsu;=...=u=0, Ux+1, ..., Un,
Un+1=Un+2=...Un+k+1=1. While the firstk+1 and last+1 knots are O's and 1's, the
internaln-k knots can be either uniformly spaced or choseperiyp to achieve some

desired conditions. More detailed discussion fodow

4.6.1. Uniformly Spaced Knot Vector

Supposen-k internal knots are uniformly spaced. Thea0, U1, ..., Un, Upe=1
divide [0,1] inton-k+1 subintervals. Therefore, the knots are
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u=u= =u,=0
_ ] -
= for =12, ,n-k 4.31
- k+1 =1 (4.31)
un+1 = n+2 = = n+k+1 =1

A uniformly spaced knot vector does not require khewledge of the parameters,
and is very simple to generate. However, an intatpg B-Spline curve can be
found if and only if theSchoenberg-Whitnegonditions (Appendix A) are fulfilled.
In this thesis, this means that matrix B in equado/ must not be singular. This is
satisfied if and only if the data parameters sgatigf t£ Ui.k+1, where & i£ n. If the
uniform knot vector pairs up with data parameteiosausing the chord length
method, the system of linear equations (equati@hebuld be singular. An example

is shown in Figure 4.16.

(a) (b)
Figure 4.16 The relationship between the knot vector and &ta @garameterisation.
(a) Data parameterisation using the chord lengththate pairs with the
non-uniformly spaced knot vector. (b) Data param&déon using the chord length
method pairs with the uniformly spaced knot vecldre matrix B in equation 4.7 is

singular.

As discussed in section 4.5, the chord length niktt@s an advantage over the
uniformed spaced method on unevenly distributed garameterisation. Applying
the chord length method is a general approach ristructured data points, as this

thesis shows. Thus, to fulfil th&choenberg-Whitnegonditions, an alternative
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method to generate the interior knots, i.e. anayemethod, is introduced. It is a

non-uniformly spaced knot vector.

4.6.2. Non-uniformly Spaced Knot Vector

The alternative method for generating a knot veiddp average the parametéys

t1, ..., tn as follows:

u=u= =u,=0
1j+k—l
U :E t for j=12, ,n-k (4.32)
i=j
u,=u.= =uU =1

This method can have th&choenberg-Whitneyonditions fulfilled, i.e. the
parameters satisty £ ti£ U.k+1, whereO£ i £ n. In other words, maxtrix B in equation

4.7 is nonsingular. The proof is given below.

Corollary: for O£i£n, t/ [uj,Uisks1].

Proof: from equation 4.32, it can be deduced thadjtc<tj:«-1. That is, for K+¥i£
n, we havet<ui<ti; and f.<Ui+1<tix. Subsequently, ift, t+1] 7 [Ui,Uike].
Since the parameter is non-decreasing; ¥ [ti.1, t+1] exists. So there is no doubt
that t / [ui,Usks1]. FOr 0£i£K, as =0, 0=to£ ti £ty and ti1<Uisks1, G 7 [Ui, Usks]
must be true. Similarly, for n+i£ n+k+1, the conclusion of f [u;, Uss1] can be

drawn as well. That is, the Schoenberg-Whitney itiomg are fulfilled.

Figure 4.17 illustrates the influence of the knadctor on the shape of the
interpolating curve. Two B-Spline curves interpelaame set of data points (red
dots in Figure 4.17), where the dashed-blue cusvghe result of applying a
uniformly spaced knot vector, and the white-boldveuis applied a non-uniformly

spaced knot vector.
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Figure 4.17 Interpolation using non-uniformly spaced knot wecf{bold white)

compared with a uniformly spaced knot vector (dddbiae).

Figure 4.18 illustrates the positions of the paramseand the generated knot vector.

Figure 4.18 The relationship between the positions of the &rawid the parameters.
The blue dots indicate the position of the knotse Ted dots indicate the position of

the parameters (courtesy Shene [She97]).

4.6.3 Parameters and Knot Vectors for B-Spline Sudce

The main concern of B-Spline surface reconstruasomow to calculate parameters
and how to generate a pair of knot vectors. BdyicHie approaches fall into two
categories according to the given data structueegrid data and unstructured data.
In fact, the former is only a special case of tagel. However, since a simple
solution specialized to grid data exists, it issidared separately in section 4.6.3.1.
Then our approach is presented in section 4.6This is a general approach but

specially targeted at unstructured data.
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4.6.3.1. Grid Data Interpolation

Figure 4.19 shows a simplified figurative exampfegod data. Suppose one has a
dataseD:{ D;| CE i£ m, OE J£ n} consisting ofm+1 rows and+1 columns and we
wish to find the underlying B-Spline surface of d=gk,r). In other words, having
data pointd; and degreek andr as input, one computes a pair of knot vectors (U,
V) and a set of control points. As in the curvee;dw/o sets of parameters are first
computed. Then knot vectors U and V for tlreand v-direction respectively are
generated. Next, control points are computed, uiagnethod discussed in section

4.4.2.1.

Figure 4.19A simplified figurative example of grid data

The explanation starts from data parameterisatidwo dimensions. More precisely,
how to compute two sets of parameters fnoml rows andn+1 columns of data
pointsDj;, i.e.mt+1 parameters, ..., Sn in theu-direction (one for each row of data
points), anch+1 parameterty, ..., t, in thev-direction (one for each column of data
points). Such that the poing,ft,) in the parameter space corresponds to the point
G(su,ty) on the surface, which, in turn, corresponds ® dhata poinD,,. Equation
4.33 is the mathematical description.

d,=G(s,.t)=  B(s)B (), (4.33)

i=0 j=0

The u-direction corresponds to the indesn B(s,) and Cij. By using a parameter

computation method discussed in section 4.5 andlat@ points on colump m+1
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initial parameterg;, Py, ..., Pmj can be computed. The desired parameigs, ...,
Sn are simply the average of each row. More precjggdyametes is the average
values on row, s=(pig*+piit+ ...+pin)/(N+1). Figure 4.20 illustrates this process with

the example grid data of Figure 4.19.

Figure 4.20Data parameterisation in tliedirection. (a) Initial parameterisation. (b)

Average approach (courtesy Shene [She97]).

The computation of parameters for thedirection is similar. Thev-direction
corresponds to the indgxn Bj'(t,) andCj. Each row of data points has1 points
and hence requires+1 parameters. Thus, for data points on riow+1 initial
parameter valuesjo, g1, ..., Qn are computed. Since there arg-l rows, these
values can be organized intoraHl) (n+1) matrix, and the parametgrs simply the
average of the parameters of columf=(do+dsj+...+qm)/(M+1). In this way,n+1

parameters for the-direction are obtained, as shown in Figure 4.21.
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Figure 4.21Data parameterisation in thedirection. (a) Initial parameterisation. (b)

Average approach (courtesy Shene [She97]).

Having two set of parameters (i®, S, ..., Sn andty, ty, ..., ty), a pair of knot
vectors is then obtained with the technique disedis® section 4.6.2. That is,

parameter values, sy, ..., Sy and the degrek jointly define a knot vector U in the

u-direction:
u=u= =u,=0
1 j+k-1
U =E S for j=12, ,m-k (4.34)
i=j
um+1 = m+2 = - um+k+1 =1

Similarly, parameter$, ti, ..., t, and degree jointly define a knot vector V in the

v-direction:
Vo=v,= =V, =0
1 j+r-1
Vi == 4 for =12, ,n-r (4.35)
r i=j
Vn+1 :Vn+2 = = n+r+1 :1

However, this algorithm only works for grid datahieh is the premise needed to use
the averaged parameters without introducing efifbe initial parameters (i.@;) of
the grid data in Figure 4.19 are shown in Figug©@), which have been computed

by the chord length method:
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- D,
P =0 i (4.36)
0.0

For grid data, we have:

‘Di,o' Di—l,O‘ ‘Di,j - Di-Lj‘ ‘Di,j+1- Di-lj+l ‘Di,n_ Di—].n
m—» » m » m » m
‘Di,o' Di-LO‘ ‘Di,j - Di-l,j‘ ‘Di,j+1_ Di-Lj+1 ‘Di,n- Di-l,n (4_37)
i=1 i=1 i=1 i=1
(»i for evenly spaced casg
m
Thus the parameteps satisfy:
Po» »P;»Pju>» P, (4.38)
Consequently, the average vakuef pio, pi1, ..., Pin Satisfies:
‘3- pij‘<d»0 for O£ j£n (4.39)

A similar conclusion can be drawn in thélirection. Each parameter in colupn.e.
Joj» Qs ---,Omjy has a similar value, shown in Figure 4.21(a)ti®oaverage valug of

Joj» j, - - - .Omj Satisfies:

t;-q|<d»0 for OLifm (4.40)

Therefore, only a small error is introduced by as#tng the parametes ftj) with

grid dataDj;.

For unstructured data, the initial parameters @& thstructured data distribute
arbitrarily and cannot be arranged in a matrix fasgrid data can (as shown in
Figure 4.20 and 4.21). Simply averaging the vakasdd introduce big errors. Thus,

a new technique is developed to deal with unstredtdata.
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4.6.3.2. Unstructured Data

Much effort has been expended on the parametenmsati unstructured data. A
common approach is to partition the surface inseteof small rectangular areas and
then fit to surface patches separately beforehstigcthem into a whole surface.
However, as we mentioned in section 4.4.2.2, ordglkection of local solutions, i.e.
an atlas of parameterisations can be obtained adst&f the required global
parameterisation. A similar result is seen in therkwof Eck et al. in [EH96]
[EDD*95], where harmonic maps are used to paranzet&foronoi tiles grown from
previously chosen patches. There are some vaodpgameterisation methods. For
instance, Ma and Kruth [MK95] project the data p®iR onto a parametric base
surface SW ® R and the parameter values of the projected pointshe base
surface are taken as the parameters of the datesgor the surface fitting. However,
the base surface must be created from points edig@tized specifically for this
purpose or picked up dynamically from the set ah{sofor fitting the surface, which
is not available in most cases. Moreover, this wektivorks well only if the shape of

the base surface is close to that of the objetasaibeing modelled.

To overcome the problems discussed above, thissti@sposes a knot vector
standardization method for obtaining global paramsations. It has been clarified
in section 4.4.2.2 that the surface-fitting probleam be decomposed into a sequence
of curve-fitting problems. For each subset, thera knot vector generated using the
technigue discussed in section 4.6.2, and a sebwfrol points is computed by
applying the curve-fitting algorithm (in sectiond4l). Then every knot vector is
standardized to the U (V) knot vector defined ia tidirection {-direction) in the
parameter space. The detailed implementation ot kegtor standardization is

presented as follows.

Two B-Spline curves of degrde denoted a§ andG, are used to explain the knot
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vector standardisation algorithm. Suppdses defined by a set of control points
P:{po,p1, -..,A} and its knot vector XXo,x1, ..., X%+k+1}, S€€ equation 4.41 and 4.432,
is defined by the control points Qd, ....,q} and its knot vector
Y:{YoY1, ....\g+k+1}, S€e equation 4.43 and 4.44. The purpose isaodsirdize the
knot vectors X, Y to a standard knot vector Wg;{i, ...,l+1}, Where the subscripts

fL g* n, without changing the shape of curnfeandG.

The B-Spline curvé(t) is expressed as:

F(t) = _f Mik Op (4.41)

where its basis functioll;(t) is defined by:

1 if xE£tEx,

MI© = 0 otherwise
(4.42)
Mik(t): t- X Mik—l(t)+ X1 ™ t M|li11(t)
ik T X Xipke1 ™ K
The B-Spline curvé&s(t) is expressed as:
9
G(t) = Nik (t)a (4.43)
i=0
where its basis functioN/(t) is defined by:
1 if y EtEy,
Nio(t) = I y| . y|+l
0 otherwise
(4.44)

Nik (t) - t- yi Nik—l(t) + yi+k+1 -t Nili—ll(t)

ik~ Yi Yiesr ™ Yin

To have the B-Spline curvdsandG defined on the same knot vector U, the most
instinctive method is to create the knot vector yJnierging knot vectors X and Y

[WW927, i.e.
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X Y (4.45)

c
1

DenoteF ¢as the updated B-Spline curveFohfter standardizing the old knot vector
X to U. By applying the knot insertion algorithmegented in section 4.7.1, one adds
a knotu; of U into [x,%+1] if X < u < X+1. Meanwhile, the old control points P are

modified as R{podp. ¢ ...,p+g@. This idea is illustrated in Figure 4.22.

FO)= MO (4.46)

i=0

Similarly, denoteG¢as the updated B-Spline curve Gfafter standardizing the old
knot vector Y to U. By applying the knot insertialgorithm presented in section

4.7.1, one adds a knotof U into [y;,y;+1] if y; < ui <yj+1. Meanwhile, the old control

points Q are modified as@@qo¢th ¢ ...,q+g 4}

M= NOg (4.47)

i=0

(a) (b) (c)
Figure 4.22 Generating a common knot vector by knot vectorgimgy. (a) Original
knot vector X and Y. (b) Generating a common krextter U. (c) Modify X and Y

according to U.

Because U is the union of the knot vectors X andh¥, size of U id+g+k+1. If
there arem sets of knot vectors, with size of, n, ..., hy, respectively, to standardize,

the size of the standard knot vector U, denoted, &

n, = n - (m- 1)(2k +2) (4.48)
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where n; 3 3. Obviously, with the increasing number of knactors to be

standardizedy, will become too big to be acceptable.

Instead of simply merging all knot vectors togetloerr approach is to use a standard
knot vector U with a fixed size and then have albtkvectors be standardized to U.
Supposeug, Uy, ..., Uy are non-decreasing knots of the knot vector U.id\gtne
B-Spline curve$ andG are used for explanation. A simplified figuratexample is
given in Figure 4.23. Eacdh in U is inserted intoX,X+1] if X< ui < X+1, using the
technique in section 4.7.1; For eaghn X, after traversing all elements in U, if no
u=x; (O£ j £ n), x is deleted from X, with the technique proposedegtion 4.7.2.
Subsequently, the control points P are re-compase@{ po@1 ¢ ...,p+k+14}, 1.€.

P (4.49)

j=0

1o~

Now, the curved- is expressed as:

F= MAOP, (4.50)

i=0

Where the basis functidi(t) is redefined by the updated knot vector U:

_ 1 if uéf£tfu
M) = 0 otrller 'seI+1
wi
(4.51)
MK () =) + et L)
i+k ~ Y i+k+1 - Y+l

Figure 4.23 Knot vector standardization. (a) Original knot tegcX and Y. (b)

Common knot vector U with fixed size. (c) Modifyatd Y according to U.
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By analogy, the same process is applied to makkrtbevector Y standardized to U.

Similarly, the control points Q are modified a¢{Qo 4. ¢ ...,G+k+14, i.€.

g n
Q O (4.52)
i=0 i=0
The B-Spline curvé& is expressed as:
G't)= N'(aq’ (4.53)

i=0

where its basis functioN/(t) is redefined by the updated knot vector U:

1 if uf£tfu,

N°(t) = 0 .
otherwise

(4.54)

U

NE() = = N () e N

i+k i i+k+1 ~ Y+l

Comparing equations 4.51 and 4.54, we see thatb#éisés functionsM *(t) and

NX(t), which are now defined on the same knot vectoard,identical. Thus, we

denote the basis functions B&(t) after knot vector standardization, the equations

4 .51 and 4.54 can be rewritten as:

1 if uftfu,

B0 = 0 otherwise
wi

(4.55)

BE(1) = — Bl + g

itk Y i+k+1 © M+l
Then, equations 4.50 and 4.53 can be rewritten as:
F'(t) = Bik Op' (4.56)
i=0
G'(t)= Bik (e (4.57)

i=0
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which can be formulated in the form of matrix offienas.

F'(t) =B(t):P (4.58)
G'(t) =B(t)°Q' (4.59)
where
Bi(t) | Py’ 0
g= B p= P o= @ (4.60)
By (t) P, Q'

Equations 4.58 and 4.59 illustrate the fact ?@andQ¢@decide the shape differences
between the two B-Spline curvéfandG¢ From this point of view, we name the

modified control points after knot vector standaatiion as the shape descriptors.

The set of shape descriptors has the following gntogs.
1) Establish the one-to-one mapping from the objeatsyio the parameter space.
As shown in equation 4.58, for ahyn the parameter space, only one curve point

F ¢t) in the object space can be obtained.

2) B-Spline curves can be defined on the same parasetee.

Since the parameter space of a B-Spline curvandlyalefined by the domain [0,1]
and its knot vector, then by standardizing the kmemttor to a common knot vector U,
we can have every B-Spline curve defined on theesparameter space which is

defined by the domain [0,1] and the common knotared.

3) B-Spline curves can have the same set of basisidusc
This has been proved in equations 4.51 and 4.54uimmary, as the values of the

B-Spline basis functions are determined by theibigions of the knots in the knot
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vector, B-Spline curves have the same set of hasdions after they are re-defined

on a common knot vector U.

4) Establish a one-to-one mapping across objects.
This property can be deduced from the previous ent@s. Since a one-to-one

mapping from the object space to the parameterspssts, it has

t F'() (4.61)

t G(t) (4.62)

wheret is the parameter from the same parameter spagegiy 2). Then we have:

F't) G'(t) (4.63)

4.7 Knot Vector Modification

From the definitions of the B-Spline curve and aoef, it is known that either
moving control points, changing the degree or Bdithe knot vector can change the

shape of the B-Spline curve or surface, as shoviaigare 4.24.

(a) (b) (©)
Figure 4.24 Modifying the B-Spline curve or surface shape By Changing the

knots location. (b) Moving the position of contpmint. (c) Using a different degree.
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However, the desired effect here is to modify atkwector without changing the
shape of the curve or the surface. More precislieéymodifications include adding a
new knot or deleting a knot from the existing kneector. The detailed

implementations are presented in section 4.7.14ah@, separately, which constitute

the basic operations for our knot vector standatdin technique.

4.7.1 Knot Insertion

The goal of knot insertion is adding a new knothe existing knot vector without

changing the shape of the curve. Note that this krest may be equal to an existing
knot and, in this case, the multiplicity of thatokns increased by one. But this case
is not considered in this thesis. Once each new kiserted, the number of basic

functions increases by one. Consequently, a newalgoint is added.

Figure 4.25(a) shows a B-spline curve of degreatB uniform knots, while Figure
4.25(b) shows the result after a new koot 0.5 is inserted. Figure 4.25(a) also
shows the control polylines before and after theeition. It can be seen that the
shape of the curve does not change. However, tfiairde control polyline is
changed. In fact, three new control points in hleglace the original red control

pointscz andc,, and two line segments in blue cut the cornecs ahdc,.

Figure 4.25Knot insertion. (a) Before. (b) After.

The problem statement: given a B-Spline curve gféeek which is defined by a set
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of n+1 control pointxy, ¢y, ...,C, and a knot vector af+k+1 knots U = {uo, W, ...,
Un+k+1 }, ONE wants to insert a new knointo the knot vector without changing the

shape of the B-spline curvé).

Suppose the new knatlies in the knot sparuj, u.1). From the local convex hull
property (section 4.3.2%(x) lies in the convex hull defined by control poirgs
G.1, -.-,Cik and the basis functions of all other control poiate zero. In other words,
the knot insertion computation is restricted totoanpointsc;, ¢.1, ..., Ck. Thus, the
knot span (i, U+1) is split into i, X), [X, U+1) after inserting knox. Correspondingly,

k new control point;, Xi.1, ..., Xj«+1 are computed to replace the old control points
Gi-1, G-2, ..., Gik+1, SUCh that the old polyline between andc (in black colour in
Figure 4.26) is replaced with the new polyline deél byci.x Xi-«+1, ..., Xi and¢ (in

grey colour in Figure 4.26). All other control ptsrare unchanged.

Figure 4.26 Renewing control points

The position of new control poidd, i-k+1£j£ i, is computed as the following:

X; =(@- a))c;; +ac; (4.64)

where the rati@; is computed as below:

a=———  for i-k+1£jEi (4.65)
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The geometric interpolation @f is shown in Figure 4.27. From its definitica,1-g

is the ration of dividing intervall],u].

Figure 4.27The geometric meaning of ratio a.

Let us revisit the example used at the start of #action. The original B-Spline
curve is of degree-3 with the knot vector U:{0,0,0,2,0.4,0.6.0.8,1.0,1.0,1.0,1.0}

and its basis functions are shown in Figure 4.28.

Figure 4.28 The B-Spline curve and its basis functions befgrplyang the knot

vector standardization algorithm.

After adding a new knot=0.5 into the knot vector U, its new control pahds

define the following B-Spline and its basis funaspshown in Figure 4.29.
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Figure 4.29The B-Spline curve and its basis functions aftgdyapg the knot vector

standardization algorithm.

4.7.2 Knot Deletion

Knot deletion is the inverse operation to knot itiea. The goal of knot deletion is
deleting a knot from the existing knot vector withehanging the shape of the curve.
If a knot is deleted, the number of basic functidesreases by one. Consequently,

the number of control points is reduced.

Figure 4.30(a) shows a B-spline curve of degreatd mon-uniform knot vector U,
while Figure 4.30(b) shows the result after knot 0.5 is deleted. The left figure
also shows the control polylines before and afterdeletion. It can be seen that the
shape of the curve does not change. However, tfieirde control polyline is
changed. In fact, three new control points (in btoéour) replace the original four

control pointscs, Cs, Cg andcy.

Figure 4.30Knot deletion. (a) Before. (b) After.
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The problem is stated as follows: given a B-Splineve of degreek which is
defined by a set afi+1 control pointsy, ¢, ..., C, and a knot vector af+k+1 knots
U = {Up, W, ..., sk+1}, ONe wants to delete knat from the knot vector without

changing the shape of the B-spline cuifte

Since the knoty lies in the knot spanuj u.1), then, from the local convex hull
property,f(x) lies in the convex hull defined by control poigtsc., ..., Gk and the
basis functions of all other control points areozerhat is, the knot deletion
computation is restricted to control poietsc.s, ...,Cik. Thus, two knot spansifi, u)
and |, u+1) are combined into one knot spam.i u+;) after deleting knou.
Correspondinglyk-2 new control point¥Xi.,, Xi2, ..., Xi.kx+1 are computed to replace
the old control points;.1, G2, ..., Cik+1, SUCh that the old polyline between andc;
(in blue colour in Figure 4.31) is replaced witke thew polyline defined bgiy,

Xik+1, -+, Xi-2 @ndg; (in orange colour). All other control points arechanged.

Figure 4.31Renewing control points

The positions of the new control poiXs,, ..., Xix+1 are computed as follows:

- _C.-ag
i-2 (1_ aj)
< t-a.,) (4.66)

X. o= Cigsn - ai—k+3>(i—k+2
; d- & yus)
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where the rati@ is computed as below:

u - u'_]_ . . .
——r= for i-k+3£jEi (4.67)

4.8 Implementation and Important Properties

So far, the theory of the 3D surface reconstruchgra single B-Spline patch has
been thoroughly discussed. Section 4.8.1 describemplementation. Besides the
common properties of the B-Spline surface, thisrepgh has some special
properties which are important for applicationsg. eface recognition and 3D

metamorphosis, etc. Detailed explanations and praw given in section 4.8.2.

4.8.1 Implementation

Recall the B-Spline surface reconstruction algamithresented in section 4.4.2.2.
The B-Spline surface-fitting problem is reduced tewo sets of B-Spline
curve-interpolation problems, in the and v-direction respectively, making the

implementation very efficient.

Firstly, the original datd is divided intoh+1 subsets ©: {Dy?, D9, D, ...,
D@, ..., ™ {D®, D™, DN, ..., D™} The B-Spline curve-fitting algorithm

(section 4.4.1) is applied to each subset.

x0 xh
DY = ©BYs)a®  DP= “B(s)q" (4.68)

i=0 i=0

Next, the knot vector standardization algorithnc({es 4.6.3.2) is employed on each
of the h+1 B-Spline curves to have them all defined on #mot vector

U:{up,uy,...,u}. Consequently, theh+1 curves then have the same set of basis
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functions. The originah+1 curves (equation 4.68) can be redefined by tbdifred

control points and common knot vector U as:

f@= B(s9Q" f®=" BY(9Q" (4.69)

i=0 i=0

Similarly, m+1 B-Spline curves are interpolated separatelyhimwtdirection and
their knot vectors are standardized to the knotore?:{vo,v1,...,\n} which defines
the v- direction of the common parameter space. Thar@igH+1 B-Spline curves,
equation 4.70, are redefined by the modified comointsC’s and the knot vector V,
as equation 4.71.

P=ONRe Q= Nl (470)

j=0 j=0

Fo“)

N; (t;)Cy; R = Ni(t)C, (4.71)
" -

j= j=0

So far, we have reconstructed the B-Spline surfiefmed by a pair of knot vectors

U and V and control point, i.e.

G(s,t) = ‘m B*(s) ‘n N; (t)C, (4.72)

i=0 j=0

This can be rewritten in the form of matrix opevas:

G(s,t) = B(S) *xCxN(t)" (4.73)

Suppose there akeobjects reconstructed by applying the procedwseudised above.
If the same pair of knot vectors Wiguy,...,un} and V:{vo,vi,...,\} is used in the step
of knot vector standardization for &lobjects, then th& reconstructed B-Spline

surfaces are described as:
@ @ (k) (k)
G(s,t) =B(s)>CN(t)" G(s,t) =B(S)xCxN(t)’ (4.74)
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0
Obviously the control pointsC are the only factor in distinguishing the shape

(0)
differences across the objec. We thus name the control points computed from

our surface reconstruction algorithm as shape gscs.

4.8.2 Important Properties

The following properties can be derived from thecdssions above:
1) Establish a one-to-one mapping from the objectspathe parameter space.
As shown in equation 4.73, for any pair of paramge(g?) in the parameter space,

only one surface poirs,) in the object space can be obtained.

2) B-Spline surfaces can be defined on the same péeaspace.

Similar to the case of the B-Spline curve, the peai@r space of a B-Spline surface
is jointly defined by the domain [0,1]0,1] and its knot vectors. By using the same
pair of knot vectors for standardization, e.g. Wl an for the u- and v-directions
respectively, one has every B-Spline surface ddfime the same parameter space

formed by the domain [0,1]0,1] and the common knot vectors U and V.

3) B-Spline surfaces can have the same set of basitidns.

This is an extension of the property discussechen dection 4.6.3.2. In summary,
since the values of the B-Spline basis functiorsdatermined by the distributions
of the knots in the knot vector, then by applyimg tknot vector standardization
algorithm to re-define them on the common knot @edd and V, the B-Spline

surfaces will have the same set of basis functions.

4) Establish a one-to-one mapping across objects.
This property can be easily derived from the prasiproperty, i.e. the one-to-one

mapping from the object space to a common pararsptare, where there are
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(s,t) &s,t) (4.75)

(s G(st) (4.76)

Through the common parameter space as an interteg@diaone-to-one mapping

across objects is obtained (Figure 4.32):

(iC)S(s, t) (ng(s, t) 4.77)

Figure 4.32 A figurative example of one-to-one mapping acrobgect using the

common parameter space as an intermediate.

By simply subdividing the common parameter space, ean establish dense

correspondences across objects, as shown in Fgi@e

Figure 4.33Dense correspondence establishment.
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5) Compactness

A compression rate of over 90% can be achievedurynwodelling approach. For
example, the face shown in Figure 4.34(b) consiki6,247 polygons, while all the
information required to rendering the reconstrudeeze of the same person, shown
in Figure 4.34(a), is a set of shape descrip@nsith a size of 616 points. Their
textured results are compared in Figure 4.35. @miéndering quality can be
achieved. The storage required for the polygon faodel is 937k, compared to 20k

for our reconstructed model.

(a) (b)
Figure 4.34 Comparing un-textured rendering results betweanBa8pline model
and the polygon model. (a) Our reconstructed Brgptiurface model rendered by

616 shape descriptors. (b) Polygon model is contpot&6,247 triangles.

(a) (b)
Figure 4.35Comparing textured rendering results between o&pkne model and
the polygon model. (a) Our reconstructed B-Splindage model rendered by 616

shape descriptors. (b) Polygon model is composdd @47 triangles.
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4.9 Evaluation and Analysis

Performances is evaluated in this section. Fifst, factors affecting the surface
reconstruction result are examined. Basically, thetors can be categorised as
internal or external. The internal factors areteslao the intrinsic characters of the
B-Spline, including the selection of degree, par@mseand knots; whilst the external
factors are those introduced through the algoritimplementation, i.e. knot vector
standardization. The former has direct influencegh® shape of the reconstructed
surface and is analysed in section 4.9.1. Sincekti@ vector standardization
algorithm involves operations of knot insertion &mdt deletion, their influences are
evaluated separately in section 4.9.2. Comprehemagasurements on the accuracy
of the reconstructed surface are carried out i@ed.9.3. The comparison results
which are obtained by applying the multiple-patcSine surface-fitting technique
are also examined. Note the previous single-patctace reconstruction algorithm
can only deal with grid data representing objedtssimple topology; it is not

considered here.

4.9.1 The Impact of Data Parameterisation, Degreena Knot Distribution

The impact of data parameterisation and knot delechave been thoroughly
discussed in section 4.5 and 4.6. In summaryegifctiord length distribution is about
the same, all three data parameterisation methedsiniform parameterisation, the
chord length method and the centripetal method,lshperform similarly. However,
when the distribution of chord lengths changes MWyildapplying uniform
parameterisation could generate some exotic shapgshulges, loops and peaks,
etc.; the chord length may force the curve to waggb much through the data points;

while the centripetal method provides a tighteeipblation than the chord length
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method. In this thesis, as the data points we sirggudistribute unevenly but change

slowly, it is sufficient to use the chord lengththned for data parameterisation.

On the other hand, there are two alternatives ot kector generation, a uniformly
spaced knot vector, and non-uniformly spaced kremsttor (i.e. the average knot
parameterisation). It should be noted that therpaterisation of data points and the
generation of knot sequences, i.e. W{y,...,uy} for B-Spline curves and

U:{Uo,Us,...,.us} and V:{vo,vi,...,\} for B-Spline surfaces, are closely related. In
general, the knot parameterisation must be comsigtigh the data parameterisation.
In other words, reasonable results can always heaed by applying the average
knot parameterisation while uniformly spaced kramtsld lead to the failure of curve

or surface fitting. This is mainly because of tbkdwing reasons:

1) In most cases, the data points are sampled moreelyem areas where the
curvature is shaper. With average knots, more ka@sllocated to places where
the curve changes rapidly.

2) With average knots, as we have proved in secti6r2 AtheSchoenberg-Whitney
conditions are safely satisfied. This is not thesecafor chord length

parameterisation paired with uniform knots, assilated in Figure 4.36.

Figure 4.36 shows examples of degree-4 B-Splineesufitting the same data points
using different parameterisations. A distinction isade between data
parameterisation and the knot parameterisationreThee five alternatives for data
parameterisation, with the exponential valees0.0, 0.25, 0.5, 0.75, 1.0, whexés
the general exponential parameterisation modehddfin equation 4.30. There are
two alternatives for knot vector generation, a amfly spaced knot vector, and
non-uniformly spaced knot vector (i.e. the aver&get parameterisation). With
uniform knots, only some of the parameterisatiorihogs can achieve good results
(first row in Figure 4.36), while with the averagaots, all the parameterisation

methods can achieve reasonably good fitting regsétsond row in Figure 4.36).
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Figure 4.36 Impact of data parameterisation and knot vectanegsion. The
exponential values of (a)-(e) and (f)-(j) are Ouniform), 0.25, 0.5 (centripetal),
0.75, and 1.0 (chord length). The knot vectorsapf(€) are parameterised uniformly,
and the knot vectors of (f)—(j) are parameterised-aniformly (average approach).
In all the examples, the same degked is applied and number of control points
(n=11) are applied. The blue dots dedicate the lonatf the data points to be

interpolated. The yellow polylines are formed bg ttontrol points (yellow dots).

The impact of degree on the shape of the intenpgl&-Spline curve is not easy to
predict. But one can easily observe, from the foiltg images (Figure 4.37), that the
uniformly spaced method usually follows long chovesy well. On the other hand,
this method has problems with short chords. Becdluseparameters are equally
spaced, the interpolating curves have to stretldtiealonger for shorter chords. As a
result, peaks and loops appear. This situation yetse with higher degree curves

because higher degree curves provide more freedaviggle.
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Figure 4.37 The Impact of degree on the shape of interpolatinye (courtesy
Shene [She97]).

As for the chord length method, Figure 4.37 shdvwet it does not work very well
for longer chords, especially those followed orceed by a number of shorter
chords, for which big bulges may occur. There isigmificant impact of degree on

the shape of the interpolating curves shown above.

The centripetal method is an extension to the clhemgth method. They share the
same characteristics. However, since the centtips¢thod has a tendency to even
out the distance between two adjacent parametérglsdo shares the same
characteristics of the uniform method. For examphte generated interpolating
curves follow the longer chords closely and loos/maccur for shorter chords when

the degree increases.
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4.9.2 Evaluation of Knot Vector Standardization Algrithm

The knot vector standardization algorithm involtee knot modification operations,
i.e. knot insertion and knot deletion, which, ireany, would not change the curve
shape. Equally the knot vector standardizationralyn does not change the shape.
This section gives experimental proofs by applygagh operation separately, i.e.
knot insertion, knot deletion and knot vector staddzation, on a single given
B-Spline curve. However, in the case of surfacemstruction, the procedure of
standardizing the knot vectors requireb+X) (averagei)+m)+(m+1)(h+n+2)
operations (referencing the symbols used in secti8nl). The accumulated error
introduced by finite-precision computing is unaaite. Note that the nature of the
interpolating curve and surface is to smooth offisep and so some ‘true’
information might be lost. Therefore, when comparthe reconstructed B-Spline
surface with original data, we actually measuredbmprehensive influences on the
reconstructed surface raised by both the knot vestamdardisation algorithm and
the “loss” of information. The evaluation resulte @resented in the second part of

this section.

4.9.2.1 Evaluation of Knot Insertion and Deletion

First, the impact of knot insertion is evaluatedyufe 4.38 demonstrates the results
before and after the knot<0.42) is inserted into the knot vector. Figure8{c3 also
shows the difference between the control polylihéhe curve before the operation
(red) and the one after the operation (yellowhaigh the shape of curve does not
change before and after the operation. The standiarthtion of the shape change

after the knot insertion is 0.
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(a) (b) (©)
Figure 4.38Knot insertion operation. (a) Before. (b) Afterdaty new knotx=0.42.

(c) Overlap view of the curves in (a) and (b), wthieir control polylines displayed.

Next, the shape change before and after the knetia® operation is measured.
Figure 4.39 shows the results before and aftektio¢ x=0.57) is removed from its
knot vector. The difference between the controlylié of the curve before the
operation (red) and the one after the operationlofy® is illustrated in Figure
4.39(c). Similarly, we compute the standard deworaif the shape change after the

knot deletion, which is 0.00495 in this case.

(a) (b) (©)
Figure 4.39Knot deletion operation. (a) Before. (b) After ®rmg knotx=0.57. (c)

Overlap view of the curves in (a) and (b), withitre®ntrol polylines displayed.
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4.9.2.3 Evaluation of the Knot Vector Standardizatn Algorithm

This section evaluates the impact of the knot westandardization algorithm. The
simple case, i.e. its impact on the shape of theeguas shown in Figure 4.40, is
firstly examined. The knot vector before and aétpplying the algorithm is given in
Figure 4.40(a) and (b), respectively, while thetomrpolylines before (red) and after
(yellow) applying the algorithm are illustrated Figure 4.40(c). The standard

deviation of the shape change is 0.04.

(a) (b) (c)
Figure 4.40Knot vector standardization. (a) Before. (b) Aft@r) Overlap view of

the curves in (a) and (b), with their control poigs displayed.

Next, the correctness of the reconstructed B-SpBneface is evaluated. For
comparison, a multiple-patches model (reconstrubbiedsing the previous approach)

Is also measured against the original data.

Figure 4.41b shows example results of fitting nplétiB-Spline patches onto two
scans of the same person. For the first scangttenstructed surface consists of 140
patches, and, for the second scan 214 patcheso@ibyi the uncertainty of the
number and distributions of the patches resultshan difficulty of automatically
establishing dense correspondences across thetobfear single-patch approach

(Figure 4.41a) can easily achieve this goal, asudsed in section 4.8.1.
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(a) (b) (c)
Figure 4.41 Comparisons between a single B-Spline patch @tamd multiple
B-Spline patches fitting. (a) Original points clou®) Faces reconstructed by 140
B-Spline patches (first row) and 214 B-Spline pa&hsecond row). (c) Faces

reconstructed by one B-Spline patch.

In Figure 4.42, both the single B-Spline patch amdltiple B-Spline patch
representations are measured against the origatatet. The greyscales are used to
indicate the differences between the reconstruotedels and the original model.
The standard deviation of the reconstructed meHgatch surface from the original
data is 0.000002mm while the standard deviationreanstructed single-patch
surface (our approach) from the original data $99312mm. More comparison

results are given in Figure 4.43 (car seat).
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Figure 4.42 Evaluating the accuracy of the reconstructed sarféirst row: the
comparison between the multiple-patch B-Spline aef and original polygon
model. Second row: the comparison between theesipgich B-Spline surface and

the original polygon model.

Our single-patch B-Spline surface reconstructiopragch has been tested on a
personal computer (Pentium 4/512M RAM). To sumnegrinr an average data size
of 10,000 points, it takes 0.77 second for the whaiconstruction process (Table
4.1). The performance measured on a large datagetan in Table 4.2. In this case,
the process took 1.55 seconds to reconstruct tiglesB-Spline surface directly

from 75,232 points.
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Figure 4.43 Comparisons of single B-Spline patch fitting andltiple B-Spline

patch fitting. The original data includes 75,232tiwes and 149,044 polygons. First
row: reconstructed B-Spline surface, i.e. multipletches (129) vs. single patch.
Second row: the overlapping view of reconstructextieh and the original polygon
model. Third row: comparison between the reconstruenodel and the original
data. The standard deviation of the reconstructedtipte-patch surface to the
original data is 0.005 while the standard deviatbrthe reconstructed single-patch

surface (our approach) to the original data is @ /%i3n.
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Table 4.1Performance comparisons (measured on the aversmsida).

A single B-Spline

Multiple B-Spline

Mode
surface modelling| patch modelling
Vertices 10,490 10,490
Triangles 20,370
Modelling time 0.77 sec. 37.05 sec.

Table 4.2Performance comparisons (measured on the largesidala

A single B-Spline

Multiple B-Spline

Mode
surface modelling| patch modelling
Vertices 75, 232 75, 232
Triangles 149, 044
Modelling time 1.55 sec. 44.31 sec.

4.10 Conclusions

Recent theoretical and technical advance in thieefkional (3D) data capture has
led to great interest in 3D shape representatiore ®@ay of doing this is by 3D
B-Spline surface reconstruction. Most of the prasiavork in this area has dealt
with grid data only, or has split the region covkeby unstructured data points into a
set of small rectangular areas followed by sepbrditéing a patch onto each area
after re-gridding the data. However, the uncerjaimt patch partition makes it
difficult to establish correspondences across ¢bjefome approaches use iterative
surface fitting involving optimisation. For examplassigning parameters to data
points, they optimize a set of knots for a fixeg@d® and a number of control points;
or given the knot vectors, they look for an optirdata parameterisation to generate
optimal fitting. In general, the efficiency is nihie main concern of such approaches.

So it is not the objective of this thesis to praglsach an optimal procedure. Instead,
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this thesis proposes a new surface reconstructimtque that has some advantages
over other available methods. The advantages iecldt is a very general method
which can deal with unstructured data directly asfficiently; 2) dense
correspondences across objects can be establist@datically; 3) highly compact
3D shape representation can be obtained. The leayatiour approach is to reduce
the surface-fitting problem into a sequence of etftiting problems, with the knot
vector standardization algorithm presented in eacti.6.3. Then a single B-Spline
patch can be reconstructed over a common parammptare. With automatically
established dense correspondences between reatedtrabjects, this approach

allows efficient comparison and metamorphosis ofoBi2cts.
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Chapter 5

Application in Face Recognition

Chapter 4 describes how to effectively represernee-form surfaces in
three-dimensional space. In this chapter, thisesgntation is used to perform 3D

face recognition.

The face recognition scheme includes three sulstasle. registration and
segmentation, frontal face modelling and matchinghe theories and
implementations of the first two sub tasks havenb#mroughly discussed in the
Chapter 3 and Chapter 4 respectively. Howevery feiformance has not yet been
evaluated in the context of real applications. 8eegl experiments in this chapter
are designed to evaluate performance, using retogniate as the measure. The
factors affecting recognition rate, e.g. missingadpoints, facial expressions and
imprecisely located nose peak point, are analyssddon case studies. Experiments

are also conducted to quantitatively measure tlpaatnof facial expressions.

This chapter is organised according to the expetiatedesign. It starts from the
process of data collection (section 5.1). The fraor& of face recognition is
described in section 5.2, where an overview ofetkgerimental design is also given.
In section 5.3, the correctness of establishingespondences is examined. Then the
experiments are conducted to evaluate the influehdacial expressions in section
5.4. In section 5.5, the factors affecting the @emiance of registration and
segmentation are studied and more emphasis is tpvre issue of shape sensitivity.
Experiments are then conducted to compare the ppmaches, i.e. the ICP method
and our approach. The performance of the face réog system is evaluated in

section 5.6. A conclusion is given in section 5.7.
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5.1 3D Data Capture

We use a scanner based on a stereo photogrammatnique (Figure 5.1) to collect

data.

Figure 5.1Scanner based on stereo photogrammetry

Currently, 187 scans have been collected from 6Sops. Generally, each person
has 3 scans taken but there are several peoplehtun we have fewer than 3 scans.
Amongst the 65 people there were 14 females andnéles of various ethnic
background and ages. Additionally, there is on@ sdéh glasses on the face. Since
we were not strict on people’s expressions whenaa $s taken, there are various
facial expressions presented in the dataset. Bl#ast one neutral-expression scan
for each person was taken. No special lighting tawdwere demanded for data
acquisition. In order to capture facial surfaceslamthe chin, the subjects were
asked to lift up their chins, but no effort was mad enforce a precise angle of
orientation. The size of raw data output from tlcarmer varied from 20,000 to
33,000 vertices. After registration and segmentatibe data size was reduced to an
average of 10,000 vertices since unwanted parts, reeck, shoulder etc. were

trimmed automatically. Three example scans formarson are shown below.
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Figure 5.2 Three example-scans of one person

5.2 Experimental Design

Experiments were conducted on the dataset inclu@i8iyscans from 65 different
persons, with a sampling of facial expressions dome persons. One scan was
entered into the gallery for each person and &lseguent scans were used as probes.
In the other words, there are 65 entries in theegabnd 122 probes available in an

experiment.

Figure 5.3 illustrates the recognition scheme. @age recognition system is
model-based. So all scans are registered and reddelth techniques presented in
the preceding chapters. This is indicated as “3@ehconstruction” in Figure 5.3.
Once the objects are modelled, the correspondelnetgeen them are naturally
established, as discussed in section 4.8.2. Nexiptbbe face model is matched
against every entry in the gallery. The sum of Ehelidean distances between
correspondences is used as a matching metric. dllerygface having the smallest

Euclidean distance to the probe face is identifisdhe best match.
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Figure 5.3 Face recognition scheme

The procedure referred to as 3D model constructionFigure 5.3 includes

registration, segmentation and modelling subtashkss is illustrated in more detail

in Figure 5.4. Briefly, a scan in an unknown or&idn is registered to the canonical
position (in the world co-ordinates system) using method presented in chapter 3.
Facial features are detected simultaneously, warehintrinsic to each person and
are taken as criteria for defining the area of filoatal part of the face. Then the
frontal part of face is separated from the resthef point cloud, e.g. shoulder, hair
etc. The frontal part of the face is then modelath the technique discussed in

chapter 4.

Figure 5.4 3D model construction
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With the face recognition scheme presented abbeee tare five factors which could
affect the recognition rate:
Gallery setting up: there are some scans with fazipressions in the dataset.
The influences of their inclusion in the gallerg & be examined.
Registration error;
Modelling error: this is mainly introduced by thpavations on knot vectors,
which have been evaluated in section 4.9
Correspondence error: the theoretical proof orctreectness of establishing
correspondences is given in section 4.8. Experiai@vidence is still necessary.
Matching metric: The sum of Euclidean distancesvbeh correspondences

could disguise the shape differences, as illustraté-igure 5.8.

In the following sections, experiments are conddidie study these factors. The
correspondence error is first evaluated in sechicéh The experimental context is
carefully set up, so the influences of other faxtmm the evaluation are minimised. In
section 5.4, the influences of facial expressiaesmaeasured by setting up different
galleries. The factors leading to registration emee analysed based on the case

study in section 5.5.

5.3 Experiment on Establishing Correspondences

The method of automatically establishing denseespondences has been proved
theoretically in section 4.8. In this section, iterrectness is examined in the
recognition framework. The experimental contexse$ up as follows, where errors

introduced by other factors are minimised.

1) Gallery: ideally, the recognition rate should netdifected by gallery enrolment.
That is, any scan of a person can be enrolledgadlery entry. However, there

are some scans with facial expressions in our élatibe experimental results in
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section 5.4 illustrate that the gallery of neuteajpressions results in slightly
higher recognition rate than that obtained by idclg other facial expressions.
Therefore, the experiment in this section is cdroat on the neutral-expression

gallery.

2) Registration and segmentation: to minimise redistnaerror, this process is

done manually.

All 122 probes have been correctly recognised ftioengallery of 65 persons. 100%
recognition rate is achieved. This experiment psabe correctness of the modelling
approach by which dense correspondences are aitaltyaestablished. In other
words, the error introduced by the processes of etfing and establishing

correspondences can be ignored.

5.4 Experiment on Setting up the Gallery

In this section, three galleries are set up. Tinfwences on the face recognition rate
are studied. First a gallery with 65 neutral-expi@s entries is denoted as DB1 and
it has been used in the experiment in sectionAndther two galleries, denoted as
DB2 and DB3 respectively, are set up from the sgibset 122 scans, including
neutral and smiling expressions. Each has 65 famgels from different persons.
Similarly, by doing registration and segmentatiomnunally, errors introduced by this

process are minimised.

From the experimental result in section 5.3, knswn that a 100% recognition rate
is achieved based on DB1. When DB2 is employedhénface recognition system,
121 out of 122 probe faces have been correctlygmsed, i.e. a 99.18% recognition
rate. For DB3, the recognition rate is 97.54%. dL9 of the 122 probe faces were

recognised correctly. These results are listecainld 5.1.
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Table 5.1The influences of using different galleries in faee recognition system

DB1 DB2 DB3

Recognition rate 100% 99.18% 97.54%

The experimental results show that enrolling saaitis facial expressions as gallery
entries has a negative effect on the recognitida. rA mismatching example is

shown in Figure 5.5.

Figure 5.5 Example of mismatching where the genuine gallegefmodel has a

pronounced facial expression.

The differences between the pairs are shown inr€igL6. The probe face is taken as
a reference on which 15 colour segments are apfiditlistrate its distances from
the impostor and from its genuine gallery face uFégh.6a also demonstrates that the
biggest differences appear at the cheek and morghsawhich are the most
influenced areas by the facial expression. Theantjtative differences are listed in

Table 5.2 separately.
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Figure 5.6 Difference visualisation. (a) The differences betw the genuine pair. (b)

(@

(b)

The differences between the mismatched pair.

Table 5.2Differences among probe, impostor and genuine

Maximum Average Standard
Distance Distance Deviation
probe Positive 10 2.51
VS 3.02
genuine face Negat've '10 '255
Probe Positive 9.97 2.17
Vs 2.64
Impostor | Negative -8.6 2.7
face

5.5 Experiments on Registration

This section examines the registration error. Tlewgeeriments were conducted. The
first one was to test our registration method. Fommparison, another two
experiments were carried out using the ICP (lteea€losest Point) method. From
the previous experimental results, it is clear tbaty minor errors could be
introduced into the recognition system if 1) cop@sdences are established through
our modelling approach, 2) the gallery DB1 is us8d. the experiments in this
section are conducted in this context. A summanhefexperimental results is given

in Table 5.4.
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5.5.1 Our registration approach

A 91.8% recognition rate is achieved when our tegfi®n and segmentation method
is employed in the face recognition system. That1® out of 122 probe faces were
correctly recognised from the gallery DB1. By stindythe failed cases, it is clear
that the registration errors are mainly caused)byoise and missing points, 2) facial
expressions, 3) incorrectly locating the nose gaaikt. More detailed explanations

are given in the following sub-sections.

5.5.1.1 Noise and Holes in Point Clouds

The registration and segmentation process requaeml feature detection (as
described in chapter 3). However, when there alesho point clouds, especially on
the nose and eye areas, the “real” feature pomgsrassing, which could lead to
false feature detection and consequently to impee@gistration. An example case

is shown in Figure 5.7.

Figure 5.7 Registering a probe face with holes on nose ard akeas

The result shown in Figure 5.7 just “looks” cortdtd registration error in theaxis
leads to recognition failure, which is illustratéd Figure 5.8. Compared to its

genuine gallery face model as shown in Figure @B fow), the registered probe
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face tilts around the axis (in a clockwise direction). By contrast, regyistration

result is much closer to an impostor gallery facalet (bottom row in Figure 5.8).
Since the similarity is measured by the sum of Euelidean distances between
correspondence points, this cannot distinguish h&md how the differences
between objects are made. In this case, the ratystrerror clearly has greater
influence on the sum of the Euclidean distances that made by the intrinsic shape

differences.

Figure 5.8 Comparing the registration result of a probe faah its genuine and

impostor gallery models

5.5.1.2 Facial Expressions

Shape analysis plays an important role in our teggien process. Since facial
expressions change the face shape, it could leattdorect registration. Figure 5.9
demonstrates the influences of facial expressiongegistration. The top row is the
result of registering a scan with facial expresglangh) (top row). The comparative
result of registering another scan of the sameopelsit with a neutral expression is
given in the bottom row. The overlapped side viawigure 5.9 clarifies that there

Is a rotation about theaxis existing between the two registration results
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Figure 5.9 The impact of facial expressions on the regisimati

5.5.1.3 Incorrectly Locating the Nose Peak Point

Currently, we manually locate the nose peak pdiap)(on point clouds. A wrongly
located Np could result in incorrect registration. Its impact registration is shown
in Figure 5.10. Generally speaking, the registratprocess is sensitive to the
location of the nose peak point, when 1) therehates or noises at the nose area, or
2) there is no distinguished facial feature poprissent in the point cloud, as in the
face scan shown in Figure 5.10, even though ouroagp can significantly reduce

these influences on the registration result.
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Figure 5.10The influence of nose peak point location on #ggstration

5.5.2 Registration with the ICP algorithm

Two comparative experiments were conducted usiri)d€ the registration method
in the recognition system. Through the experimethis,issue of shape sensitivity is
studied. In the first experiment, probe faces weggstered to a template face (ICP
). In the second experiment, probe faces werestegid to their genuine gallery
faces (ICP Il). Both processes are semi-automatijciring human intervention to
make good initialisations. The frontal face segragoh was done manually. The

two experiments were all based on the gallery DB1.

In experiment ICP |, where the probe faces weresteiggd to a template face, a
59.84% recognition rate was achieved. In experint@Rtll, where probe faces were
registered to the genuine gallery face, 117 oul2## probe faces were correctly
recognised from the gallery of 65 persons, i.ehwitrecognition rate of 95.9%. The

results are listed in Table 5.3.
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Table 5.3Comparisons of different registration methods Hasegallery (DB1)

Registration Method Recognition Rate Status
Non-iterative 91.8% Automatic
ICP | 59.84% Semi-automatic
ICP I 95.9% Semi-automatic

The experimental results illustrate the impact lvdge differences between objects
on the performance of the ICP method. In the exrpant ICP I, the incorrectly
registered cases occur when the shape of the packeis very different from the
template face, as shown in Figure 5.11(a). Alse rilo¢ two registered probes are in
roughly symmetric positions. This demonstratesféot that the ICP method easily
gets stuck on a local minimum. Alternatively, whédre same probe faces are
registered to their genuine face (ICP Il), improvesults can be achieved, as shown
in Figure 5.11(b). This proves that the ICP methsdsensitive to the shape
differences. Figure 5.12 shows the visualised dkfiees between the registered

probes and the genuine face while the quantitalifferences are listed in Table 5.4.

Figure 5.11Registering probe faces using ICP method. (a) Piades are registered

to a template face. (b) Probe faces are registerdteir genuine gallery face.
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Figure 5.12 Visualising the differences between the registgmexbe faces and the

genuine face

Table 5.4Differences between the registered probes andeahaine face

Maximum Average Standard
Distance Distance Deviation
Positive 7.9 2.7
ICP | 2.19
Negative -5.92 -1.16
Probe A
Positive 7.69 0.88
ICP I 1.25
Negative -6.62 -0.73
Positive 10 3.38
ICP | 2.71
Negative -8.44 -1.41
Probe B
Positive 7.74 -7.18
ICP I 0.91
Negative 0.56 -0.55

144




Chapter 5 Application in Face Recognition

5.6 Performance

In this section, the performance of the face rettmmgn system is evaluated. The
recognition system includes four major processegistration and segmentation,
modelling, correspondences, and matching. Resivén delow are all measured on

a personal computer (Pentium 4/512M RAM).

5.6.1 Registration and Segmentation

A comparison is made between our non-iterativestegfion approach and the ICP
algorithm. The dataset for registration included288 points. The ICP algorithm is
a local method and thus requires good initialisatiMoreover, as discussed in
section 5.5.2, the selection of the template mglalso critical to the performance
of the ICP method. If the template face has a \ifgrent shape from the probe
face, more time is needed to achieve convergenteedferation. This can also lead
to failure of the registration. So, we need to d®ma template face which has a
similar shape to the probe face. In contrast, eeithitialisation nor template model
Is required for our approach. However, at preseatdo need to locate the nose peak
point manually. The performance is given in Tahk Wwhile the registration results

are compared in Figure 5.13.

Table 5.5Performances of registrations

Locate nose tip  Initialise registratign Registration

ICP No 94 sec. 23 sec.

Our approach Yes 0.88 sec.
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Figure 5.13Comparison of registration results

5.6.2 Modelling

In this section, our single-patch B-Spline modegjleppproach is compared with the
multiple-patch B-Spline surface-fitting techniquedathe “Power Crust” approach.
The Power Crust approach reconstructs a surfacen golygon model. The

performance was measured on a dataset of 10,486@nd the results are listed in

Table 5.6. The modelling results in Figure 5.14vsltloat:

1) Multiple-patch surface reconstruction: this cankéee geometric details. But
for highly curved areas, e.g. the nose area, itdcgenerate wiggles or other
erratic shapes (Figure 5.14a). On the other haeepikg the & continuity
between adjacent patches is a non-trivial probléenerally speaking, one needs

to compromise the accuracy with the amount of tiaken for modelling.

2) Power crust: this is an automatic method for rettan8ng polygonal surfaces.

Its shortcomings include: 1) the reconstructionetimcreases rapidly with the
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growth of the data size, and 2) the sensitivitytte holes and to noise in the

dataset (Figure 5.14c).

3) Our single B-Spline patch approach: has the fage$brmance. It automatically

fits a B-Spline patch on a dataset allowing holesl aoise to exist. Most

geometric details have also been kept (Figure 9.14b

Table 5.6Performance comparisons

Modelling Status
Mode Vertices| Triangles
time

A single

B-Spline 10,490 |  ------ 0.77 sec. Automatic
modelling

Multiple

10,490 | 20,370 37.05sec. Semi-Automatic
B-Spline patcheg
Power Crust 10,490  ------ 36 sec. Automatic|

Figure 5.14Comparisons of modelling methods
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5.6.3 System Performance Evaluation

So far the performance of registration and modglhas been measured separately.
As discussed in section 4.8, the correspondencgebet any two objects can be
established immediately without extra cost oncedhgcts are modelled. It takes
1.43 seconds to establish correspondence betw@eoba face and the 65 gallery
faces (DB1). That is, an average of 0.02 secondseasged for each pair. The sum of
Euclidean distances between correspondence panised as matching metric. It

takes on average 0.02 seconds to identify a prateeffom 65 gallery faces.

Table 5.7 System performance

Registration| Modelling| Correspondengedatching Total

0.88 sec. 0.77 sec. 0.02 sec. 0.02 sec. 1.69 sec.

5.7 Conclusions

In this chapter, our surface representation has lbsed for 3D face recognition.
Several experiments are conducted to separatelly sfoe impact of 1) facial
expressions, 2) registration, 3) modelling and espondence establishment, on the

recognition rate. The experimental results indi¢hée:

1) The error introduced by the modelling and corresignice-establishing processes

has little impact on the recognition rate.

" The evaluation of “Registration” and “Modellingteabased on the datasets of an average size, i.e.
20,288 points and 10,490 points, respectively.“Barrespondences”, an average of 1.43 seconds is
required for establishing correspondence betwgaolae face and the 65 gallery faces (DB1), thus an
average of 0.02 seconds for each pair. By measthmgptal time needed to recognise all 122 probes
faces from the 65 gallery faces (DB1), we obtaitiedaverage matching performance for identifying
each probe from the gallery, i.e. 0.02 seconds.
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2) The recognition system based on the neutral-expresgallery has better
performances than that based on a gallery includihgr facial expressions.

3) Our registration process is not shape sensitivefd&ors, such as noise, missing
data, facial expressions, the location of nose peaikt, etc. do affect the

registration performances.

The system performance proves that our recognisicimeeme has advantages in
real-time applications over other approaches. Hewewlthough a positive face
recognition rate has been achieved using the surBucfidean distances as the
matching metric, it is not an efficient method @rtbere is no indication of where
and how the differences between objects are mad#heaexample demonstrated in

section 5.5.1.
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Chapter 6

Other Applications

Figure 6. 13D metamorphosis

So far a new surface reconstruction approach has peesented in chapter 4. Its
application in 3D face recognition was examineahiapter 5. This chapter extends
its application to other fields, including 3D metanphosis, direct manipulation of
free-form deformation, level of detail control (ritesolution rendering), complex
object modelling and synthesis of 3D faces. Gehgrtdle pursuit of the solution for
such applications has taken the form of a searchhi® ‘right’ 3D representation.
Although a lot of work has been done before, mést aims at one or two specific
applications. Our reconstructed 3D shape representean satisfy most concerns in

those applications. Figure 6.1 shows an examplécapipn ¥ 3D metamorphosis.
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6.1 Introduction

Recent advances in three-dimensional acquisitioohnigues have offered
alternatives to the traditional 2D applicationgy. 3D metamorphosis, 3D object
rendering etc. Although some difficulties in the 2Dntext, such as viewing and
lighting, could be overcome, others issues have ba&éised up due to the complexity
of the 3D shape representation. For example, inpcoen graphics and the closely
related fields of virtual reality, computer aidedognetric design, and scientific
visualization, compact storage and fast displagladpe information are vital. For
interactive applications such as video games amapater-aided design, real time

performance and the ease of shape editing aresaf goncern.

The answer to those concerns is closely relatede®D shape representation. And
in most cases, each issue has been separatelyeatsi For example, due to the
simplicity and the wide support from modern graphih@ardware, triangular meshes
are the commonly accepted 3D shape representatiocomputer graphics and

geometric modelling. Because the large numberiahgtes is expensive to store,
transmit and render, research on mesh simplifinatias been motivated to cope
with this shortcoming. On the other hand, for thebem of real-time rendering

performance, different approaches have been adoptesl of the typical approaches
is to use re-meshing and wavelet parameterizatorbuild a multi-resolution

representation of the surface from which any lefellisplay can be extracted. But
for the application of 3D metamorphosis, the fobhas been put on how to generate
a common connectivity and to parameterize botlsthuce and target objects onto it
[HutO4], since the correspondences is the key issuse addressed here. Another
example is directly manipulated free-form deformafi where the ease of shape
editing comes to be the core issue. Since manycesrtypically must be moved to

make a shape change happen, the traditional tl@nmeshes are very difficult to

edit. The alternative approach is to use a paraenegpresentation, to which the

variational modelling technique is applied.
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By contrast, our modelling technique provides aegahapproach to the applications
discussed above. With the reconstructed 3D reptasem, a continuous family of
resolution approximations can be quickly and easilgnstructed. Being a
spline-based shape representation, it has the t@arof easy shape editing.
Another advantage is compact storage: comparedetoriginal data collected from
the 3D scanner, a compression rate of over 90%beamchieved. Furthermore, our
modelling approach establishes a one-to-one mapiporg the object space to a

common parameter space, so that the correspontbbtem can be easily solved.

The rest of this chapter is organised as follomsséction 6.2, the single-patch
B-Spline surface-fitting technique is extendedte tnultiple-patch cases, aimed at
reconstructing 3D object with sharp edges or ofyveomplex shape. Since a
continuous family of resolution approximations cde quickly and easily
constructed, our shape representation providempleisolution to the level-of-detail
control problem, which is to be discussed in secBd. Section 6.4 illustrates the
ease of 3D shape editing by using our reconstructedel. Its application in 3D
metamorphosis is examined in section 6.5. Sevemhple results and aesthetically
pleasing 3D morphs are demonstrated. 3D face ssisthis another potential

application, which is presented in section 6.6 0Aatusion is given in section 6.7.

6.2 Reconstruct 3D Object with Multiple Patches

The single-patch B-Spline surface-fitting techniduas been presented in chapter 4.
The purpose is to reconstruct a smooth surfacecttirérom unstructured data
representing a 3D object of complex shape. Howewben there are sharp edges
present, the nature of the spline-based represamtabuld over-smooth the sharp
edges which animators want to keep. On the othed,hsome objects have rather
complex shapes (see Figure 6.5). To simplify theomsetruction process, it is

necessary to partition the original surface intécipas with simpler topology. In
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summary, the single-patch B-Spline surface-fittitgchnique is extended to
multiple-patch fitting, to cope with the cases wheharp edges or very complex

shapes are presented.

The fundamental difference between previous work @i multiple-patch B-Spline
surface reconstruction technique is the purpostmefregion partition process. The
goal of previous approaches is to split the regibo a set of small rectangular areas
in order to have unstructured data re-gridded,issudsed in chapter 4. In contrast,
our region partition method is to keep the necgsshape details or to simplify the
topology information of the data. Examples shownFigures 6.2, 6.3 and 6.4
demonstrate the difference. The object in Figur&(&). includes shape edges.
Although the reconstructed B-Spline surface coulse wnly one patch to
approximate the original shape, some details astiape edges are lost, as shown in

Figure 6.2(b).

(a) (b)
Figure 6.2 Single-patch B-Spline surface fitting. (a) Oridinabject. (b)

Reconstructed B-Spline surface.

An alternative is to use multiple patches to retmes the object. By dividing the
original object into three sub-regions along thapghedges, we fit a B-Spline patch
onto each sub-region independently. Since the skdges are easily detected, it
makes no difficulty to use them to guide the regigartition. Moreover, the
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consideration of continuity between adjacent patasemuch simplified, since the
continuity along the sharp edges i& Ghat is, the nontrivial problem of enforcing
G' continuity between adjacent patches is avoidethis case. Compared to the
single-patch approach in Figure 6.2(b), the reconttd three patches B-Spline
surface, shown Figure 6.3(b), has the sharp edgms k

(a) (b)
Figure 6.3 Multiple-patch B-Spline fitting (our approach).) (@riginal object. (b)

Reconstructed multiple-patch B-Spline surface @lpatches).

Figure 6.4 clarifies that the different goals leadlifferent partition results. With the
previous approach, the divided patches should bé¢hén shape of a deformed
quadrilateral. Without such a constraint on theiaegartition, the number of the
sub areas can be significantly reduced by our ambroThe example object in
Figure 6.4 is divided into 263 patches when theviptes approach is applied while

only three patches are needed in our approach.

154



Chapter 6 Other Applications

(a) (b)
Figure 6.4 Comparison of the partition results(a) By applying the previous
multiple-patch technique (263 patches). (b) By gimgl our multiple-patch approach

(three patches).

Another case of an object with complex shape (&itais examined in Figure 6.5.

To simplify the modelling process, the object igidéd into two patches (front and
back parts), following the original mould structuss shown in Figure 6.5(d). The
reconstructed B-Spline surface is shown in Figurg(ej. For comparison, the
previous multiple-patch technique is also appliedite same object. Figures 6.5(b)
and 6.5(c) show the partition result and the recanted surface, respectively.
Although the surface reconstructed by applying ghevious approach keeps more
details than ours, it is counterbalanced by the obditting 227 B-Spline patches

and enforcing &continuity between adjacent patches.

" The partition results are shown based on thermiglataset.
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Figure 6.5 Example of an object with complex shape. (a) @agpolygonal object.
(b) Dividing the original surface into 227 patch®sapplying a previous approach.
(c) Reconstructed 227-patch B-spline surface. (diding the original surface into 2

patches (our approach). (e) Reconstructed two-@spline surface.

6.3 Level of Detail (LOD) Control

To obtain high rendering performance, a sequen@ppfoximations to the original
model at various levels of detail is required. Byiethe crudest approximations are
used when the viewer is far from the object, whiigher detail versions are
substituted as the viewer approaches. An exampd®akndering at different levels

of detail is shown in Figure 6.6.

Previous work in this area can be classified imto tategories. One is the classical
multi-resolution analysis to arbitrary topology fawes [Lou94] [LDW97] [EDD*95]
[CPD*96]. The other is based on sequential mestplgication to build up a
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hierarchical representation of meshes. Multi-resotu representations support a
level of detail (LOD) display by adding successysinaller wavelet coefficients as
the viewer approaches the object, and by removiegntas viewer recedes. The
hierarchical representations generate differernilayslevels by means of successive
iterations of the decimation process, with variotiteria being set. Both approaches
build up a LOD display from the manifold surfacesedtly and there is no natural

2D parameterization of the surface. More detaigdews are given in section 6.3.1.

An alternative approach is provided by our parameturface representation which
is particularly efficient in 3D object rendering. iV the established one-to-one
mapping from the three-dimensional object spaci¢otwo-dimensional parameter
space, one can convert the surface subdivisionanparameter space subdivision,
leading to immediate access to any level of detailer user control with little effort.

The theory and implementation of parametric surfem&lering are introduced in

section 6.3.2.

Figure 6.6 Example of 3D object rendering at different leveisdetail. The object

on display is our reconstructed model with the L&introl applied.
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6.3.1 Related Work

In computer graphics and geometric modelling, gidar meshes have long been
used to represent 3D surfaces, and they are wglglported by modern graphics
hardware. However, because of their tremendous #iese meshes are awkward
when handling some common tasks such as storagplagi editing and
transmission. So far a lot of work has been deddtab the topic of mesh
simplification, i.e. the reduction of the complgxibf a triangular mesh, while
maintaining a close approximation to the originabdal. These meshes are
simplified either by merging elements or by re-shngpvertices, resulting in a
hierarchical representation or a multi-resoluti@presentation, respectively. They

are discussed separately in the following. A thgtosurvey is given in [HG97].

1. Hierarchical representation
This approach is based on mesh decimation. Thesrdiff display levels are
generated by means of successive iterations ofiebemation process, with various

criteria being set.

The basic idea of mesh decimation is to reducentesh complexity by applying

multiple filtering passes over the triangle meshd arsing local geometry and
topology to remove vertices that fulfl a distancg angle criterion. The

neighbourhood of the removed vertex is then rexpidated. One characteristic of
this method is that the simplified mesh has vestit@t are a subset of the original
ones. The criterion is based on local error evalnaby computing the distance of a
candidate vertex for elimination from the averadgne [SZL92]. To address the
shortcoming of producing an accumulated approxiomagrror when successive
simplification steps affect the same mesh areae@dt al. [CVM*96], Klein et al.

[KLS96] and Ciampalini et al. [CCM*97] propose deeition solutions that support
global error control. Hopper et al. [HDD*93] devptd an optimization-based

algorithm for general 3D surface simplification.efihmethod attempts to evaluate a
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global energy function and to minimize such a fiorceither by collapsing, splitting
or swapping edges. Unlike most general surfacelgiogtion methods, this method
does not constrain output vertices to be a sulfstteooriginal data. An enhanced
version, progressive meshes, was developed toiegifig store a mesh hierarchy
[Hop96]. An overview of the various techniques a#sh reduction is given in [PS97]

[Ros97] [Sch95].

2. Multi-resolution representation
Generally, this approach uses re-meshing and wapelameterization to build a
multi-resolution representation of the surface fromhich any approximated

representation can be extracted and used for LOplaji.

Lounsbery and co-workers [Lou94] [LDW97] developed multi-resolution
representation of a mesh, which consists of a grhpke mesh together with a set of
wavelet coefficients, capturing the detail presarthe object at various resolutions.
Although their approach can be applied to surfatearbitrary topology, it is
restricted to meshes with subdivision connectivityhich derives from the
connectivity of a base mesh by iteratively refinthg triangles and applying a 4-to-1

split (Figure 6.7).

Figure 6.7 4-to-1 splitting of a triangular face. (a) thetial face. (b) after one 4-to-1

split. (c) After two 4-to-1 splits.

However, this is generally not true for data (me$hderived from 3D scanning
sources. To overcome the subdivision connectiastriction, Eck et al. [EDD*95]
proposed a re-meshing algorithm to approximate woitrary topology meshes
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without the connectivity restriction (M) by a mesfth subdivision connectivity
(M?). Then one can use the method of Lounsbery etoalconvert M to a
multi-resolution representation. Similar methods presented in [LSS*98] [SS95]

[CPD*96] [2ZSS96] [ZSS97].

In summary, the mesh decimation approaches give gesults when sharp edges
are present. The disadvantages are that distinsheseat different levels of detail
needed to be stored, which increases the total mmofudata significantly and
usually only a few levels are available. On theeothand, the multi-resolution
presentation consists of a simple base mesh aetl & svavelet coefficients. Since
the coefficients can be added smoothly, it avoile wisual discontinuities
encountered when switching between approximatiohsdifferent resolution.
However, this advantage is traded off by the suitisiaprocessing time required for
re-meshing and re-sampling. Both classes basicalpe with manifold surfaces
Unfortunately, the data collected from a 3D scanaer not strictly manifold
surfaces. Relatively few surface simplification@ithms can handle non-manifold

surfaces [RB93] [GH97] [Gou97], and these are caadpnally expensive.

In comparison, our modelling approach can overctimese shortcomings. First, it
deals with an unstructured point cloud directly.c@el, the reconstructed
representation is very compact. Third, the 2D pa&tanzation of object provides an
efficient way of 3D object rendering. Consequenittymediate access to any level of
details, under user control and with little effaran be achieved easily. The first two
advantages have been discussed in previous chapibes following section

discusses the theory and implementation of thenpairéc surface rendering.

" A manifold surface is, everywhere, locally homoptic (that is, of comparable structure) to a
two-dimensional disk.
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6.3.2 Theory and Implementation of Parametric Surfae Rendering

A parametric surface can be considered as a urfiarpotentially infinite number of
curves. There are many ways to form these uniomsivees; but the simplest one is
the so-called isoparametric curve. We denote arongtructed parametric surface as
Gu,V). If uis fixed to a value, e.g. 0.1, and we \fetary, this generates a curve on
the surfacés whoseu coordinate is a constant. This is the isoparametrive in the
v-direction withu=0.1. Similarly, by fixingv to a given value and lettingvary, one
obtains an isoparametric curve whasdirection is a constant. Therefore, lebe
fixed at 0, 0.1, ..., 0.9 and 1. There are then dfasametric curve§(0,v), G0.1y),
G0.2y), ..., §0.9y) and@1,v). These curves sweep out the surface dhanges
from O to 1 continuously. Similarly, the isoparanmeturves can be generated by
varying v to cover the surface. The following figure showdea isoparametric

curves in both directions.

Figure 6.8 Isoparametric curves

These isoparametric curves help to render the irftn many applications, a
parametric surface is triangulated (or polygonipedessellated) into triangles or
polygons. Then, these triangles and polygons carehéered very efficiently with

existing graphics programming libraries such asr@ieand PHIGS PLUS.

161



Chapter 6 Other Applications

It is clear that for each pair of parametertsv) there is one and only one
corresponding surface point, i.€u,V). Thus, instead of triangulating the surface,
one could triangulate the parameter domain. Fomgia theu-direction can be
subdivided into m segments, i®=0, uy, ..., U, ..., uy=1; similarly, thev-direction

is subdivided inton segments, i.evo=0, vi, ..., V;, ..., \v=1. Then the parameter
domain is subdivided intan" n rectangles. Consequently, the surface is subdivide

intom” n rectangles as well.

Figure 6.9 Triangulation

Each of them” n rectangles can be further subdivided into twatylas (Figure 6.9).
Supposeay; andu;+; are two consecutive division points in tinelirection andy; and
Vi+1 in thev-direction as shown in Figure 6.9. There is a regiain the domain with
vertices (i, Vi), (Ui+1,Vi), (Ui+1,Vi+1) @nd (i,Vj+1). The first triangle is defined byi(v),
(Ui+1,V), and @;,vi+1) and the second triangle is defined fy1(v), (Ui+1,vi+1) and

(Ui,Vj+1)-

Consider the triangle defined byi,(), (Ui+1,vj), and (;,Vj+1). These three points are
mapped to three points on the surf&g;,v;), ui+1,V;), and u;,Vi+1) with normal
vectorsn(u;,v), n(Ui+1,V), andn(u;,vi+1). Now, there are three vertices each of which
has a normal vector. These six pieces of informatice sufficient to render the

triangle smoothly. As a result, we have a methoddadering a parametric surface.
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Simply by varying m and n gradually, a continuous switching between
approximations of different resolution is achievadrun time. And the immediate
access to a required resolution can be obtainedeltyng the values ain andn
directly (Figure 6.10). Since the processes of geimgy the LOD display costs
almost no time, there is no need to store thedtkated surface. The example LOD

display is shown in Figure 6.6.

Figure 6.10Three meshes extracted at different resolutioadting the values of m

and n.

6.3.3. Performance

Since there is no benchmark available for perfoceagvaluation, we just list the
results of some typical approaches in the publimaia, for comparison. Although
the algorithm efficiency depends largely on thergetrical and topological structure
of the mesh and on the outcome required, the sesalt still be used as a reference

on the algorithm performances, to some extent.

163



Chapter 6 Other Applications

Table 6.1Performance comparisons among different approaches

Original Simplified Computation
Method Condition
representation representation time
Multi-resolution Analysis
Eck et al.
35,000 vertices 5,400 vertices 27 minutes SGI Onyx
[EDD*95]
Mesh Decimation
Schroeder e 400,000 R4000
40,000 vertices 14 minutes
al. [SZL92] vertices processor
16,864 points
Hoppe et al. 1-processor
(taking 4,059 | 262 vertices 46 minutes
[HDD*93] DEC Alpha
vertices)
Single B-Spline Patch Surface Fitting
Our 616 shape Pentium
approach | 75,232 vertices descriptors 1.55 sec. 4/512M
[SBO6'] (vertices) RAM

6.4 3D Manipulated Deformation

In the field of computer graphics, one of the gesatconcerns in 3D shape
representation is whether a given representatioidanake it easier for users to edit
the objects. Previous work on 3D manipulated fieaf deformation can be

generally classified into three categories in teoshape representations, i.e.
polygon representation (triangular meshes), pananetpresentation and statistical
models. Our approach falls into the category oapuatric representation. A review
of previous work is given in section 6.4.1. Them approach is described in section

6.4.2.
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6.4.1 Previous Work

Generally, the 3D interactive deformation approashsed on the polygon
representation is conducted by direct transformatd some mesh regions in
combination with the discrete fairing of the adjiceegions [ZS00] [Kob0O0]
[KCV*98]. As discussed in section 6.3, the problé&nof huge triangular meshes
resulting from the great amount of data needed decribe the object; these

approaches normally need mesh simplification.

The parametric representation based, especially gpkne-based free-form
deformation has attracted a lot attention in rdgeygars. The control mesh of a
B-Spline or other tensor product surface providesasy way to control a 3D shape,
since the surface’s response to control point dighents is intuitive (more
discussion is given in section 6.4.2). Free-fornfodeation (FFD) [SP86] and
extended FFD [Coq90] are the representative appesadoth methods embed the
whole object into a tensor product volume. The m@ucan be deformed by means
of spline control points while the embedded objscdeformed accordingly. An
alternative way is to use variational surface miaagl[WW92] [GC95] [WFB87],
which is a framework for building surfaces by coasted optimization. It allows
users to directly operate the surface points istdahe control points, i.e. to move
the surface points to the target position [HHK9Phe necessary displacements of
the control points are computed under-determinadhych actually induces a change
of the surface points. Traditionally, constraintndtions are satisfied in a
least-squares sense to determine a particularagesplent of a control point. A
variational modelling approach can be done stayicaWFB87] or dynamically
[QT96]. Welch and Witkin [WW9J characterize a surface with a spline function
and define an energy criterion based on a simglé&epression from Terzopoulos et
al. [TPB*87]. Then, they formulate point and cureenstrains for controlling the
surface. Frisch and Ertl [FEO2] based their impletagon on the work in [WW92],

but they add various enhancements to improve tlierrdation behaviour. Some
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methods have multi-resolution features [FB88] [GBS9he user manipulates the
model at the desired resolution, and can preciselytrol the influence of the

modifications.

Some research focuses on human face deformatiorSEBM[LTW95] [MMA*89]
[Par82]. These approaches aim to facilitate marsgacification of new face
geometry by a user. Parke [Par82] provides parame&thich can control the face
shape; and Magnenat-Thalmann [MMA*89] describesasentomprehensive set of
localized deformation parameters. To guaranteeonsdde faces being produced,
DeCarlo et al. [DMS98] construct the best surfalat tsatisfies the geometric
constraints that the set of measurements imposasy wvariational modelling. The
set of measurements characterize the face, whéwesvare computed according to

face anthropometry, the science dedicated to tlesamement of the human face.

The most popular approach based on the statistiodel is PCA (models based on
principal component analysis), which is a represtgon derived from work in face

recognition [VP97]. PCA describes a face shapewsighted sum of an orthogonal
basis of 3D shapes, i.e. principal components. bass is constructed from a large
bank of examples that have been placed in mutuaksmondence, which is a
considerable task. PCA typically allows faces neaféntical to those in the bank to
be accurately represented by weighting a trunchgeis that only includes a few
hundred of the most significant components. Howeeareless selection of the
weightings could easily encode implausible facepska Identifying which basis

weights are reasonable is not straightforward,esithe principal components bear
little resemblance to the underlying biologicaustures. At the same time, there is
no guarantee that faces considerably outside thenpbe set will be approximated

well,
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6.4.2 Our Approach

Obviously, our work falls into the category of thepline-based free-form
deformation. In section 4.7 (chapter 4), we cladfthat either moving the control
points, changing the degree or editing the knotarecan change the shape of the
B-Spline curve or surface. However, it is more itite to control the object shape
by modifying the control points than modifying tother two factors. More detailed

discussions are given in the following.

1. Modifying knots

Because a B-Spline curve is the composition ofrabyar of curve segments, each of
which is defined on a knot span, modifying the posiof one or more knots will
change the association between curve segmentsnatdpgans and hence change the

shape of the curve.

The following figure depicts the effect of modifgra single knot. It is a B-Spline
curve of degree-4 with 18 knots. The part of thetksequence is [...0.64, 0.71,
0.78, ...]. The initial curve is shown in Figure §d) If the knot 0.78 is moved to
0.93, the shape of the curve changes and the alifih78) moves downward to a

new position, as shown in Figure 6.11(b).

(a) (b) (c)
Figure 6.11 Shape changing by modifying knots. The green dultikate the knot

points. (a) Initial curve displayed with controllpanes. (b) Modified curve after
moving knot 0.78 to 0.93. (c) Overlapping view oiees before and after the knot

modification.
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Practical experience shows that modifying the Kmagitions is neither predictable
nor satisfactory. More precisely, because it isalear how the shape of a B-Spline
curve will respond to the change of the knot vectoodifying the shape of the
B-Spline curve by changing knots is usually unéati®ry and makes it difficult to

achieve the desired goal.

2. Modifying degree
As the example shown in Figure 6.12, modifying ploéynomial degree is a global

change which is undesirable in this application.

(a) (b) (©)
Figure 6.12 Shape changing by modifying degree. (a) Curveegjrele-2. (b) Curve

of degree-4 (c) Overlapping view.

3. Modifying control points

Moving the control points is the most obvious wdycbanging the shape of a
B-Spline curve. The local modification propertyalissed in section 4.3 states that
changing the position of control poin@ only affects the curvgt) on the interval
[ui,u+k+1), Where k is the degree of a B-Spline curve. let,féhe shape change is
translational in the direction of the control polo@ing moved. More precisely, if the
control pointC; is moved in certain direction to a new posit@nthen the point(t),
wheret is in [u,U.k+1), will be moved in the same direction fradnto Q;. In Figure
6.13, the control point,o is moved from the position in the Figure 6.13taj new
position in the Figure 6.13 (b). As one can see ¢theve shape is changed
accordingly, i.e. moved in the same direction as ¢bntrol point does. Another
example of modifying a B-Spline surface shape byimgpa control point is shown

in Figure 6.14.
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(a) (b) (c)
Figure 6.13Shape changing by modifying a control point. (adidl curve displayed
with control polylines. (b) Modified curve after viag the 18' control point to a
new position. (c) Overlapping view of curves befamed after the control point

modification.

The proof is given in the following. Suppol® is a given B-Spline curve of degree
k defined as follows:

M= BWc 6.1)

i=0

Suppose the control poid; is moved to a new positio; = Ci+v. Then the new
B-Spline curvd §t) of degree is:
i-1

f)= BHOC +BAOG Y+ BHOC

j=0 j=i+l

n&mq+$mv (6.2

j=0

f(t) + B (t)v

Therefore, the new curviez(t) is simply the sum of the original curd@) and a
translation vectorB¥ (t)v. Since B/ (t Js non-zero on the intervali] U.k+1), if t is

not in this interval, this translation term is zeHence, moving a control point only
affects the shape of a section of the given cumlas local change property is

desirable in application of the 3D manipulated fi@en deformation.
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Figure 6.14 An example of modifying B-Spline surface shapeniiyving a control
point (courtesy Shene [She97]).

6.4.3 Experimental Result

Our reconstructed 3D surface is represented byt afsshape descriptors (control
points), which can be used for directly manipulafege-form deformation, as

discussed in a preceding section. Moreover, undiistic models, e.g. principal
component analysis (PCA), which describes an olgget weighted sum of principal
components which often bear little resemblanceh® underlying interdependent
structure of biological forms, shape descriptorsehalear physical information

attached to them. Therefore, it is straightforwaod change a face shape by
modifying the shape descriptors. The underlyindasigr is modified in a predictable

way, as shown in Figure 6.15 and 6.16.

(a) (b) (©)
Figure 6.15Changing facial attributes (cheek). (a) Losingghei(b) Normal status

(c) Gaining weight.
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(a) (b)
Figure 6.16Changing facial attributes (nose). (a) Before Afigr.

6.5 3D Metamorphosis (3D Morphing)

Recent theoretical and technical advance in threemsional (3D) data capture has
led to great interests in 3D metamorphosis. 3D metphosis is a smooth

transformation from a source object to a targeectbjUnlike 2D image morphing,

3D metamorphosis is independent of viewing or ligdniparameters. Therefore, it is
a powerful technique for the entertainment and ation industry and has become
an active research area in recent years. The prirssuie in 3D metamorphosis is to
establish a surface correspondence between theesamd target objects. By
mapping each point on the source object to a pmnthe target object [KCP92], a
smooth transition can be generated by interpolatmgesponding points from the

source to the target positions.

As discussed in section 6.3, although triangulashree have become a standard way
of representing 3D shape in computer graphics amomegtric modelling, the
tremendous size of the data makes the task of lisstilg dense correspondences
across objects difficult. A lot of work has so faeen carried out on this task.
Generally, the process of establishing corresporeiers object-dependent. A brief

review of previous work is given in section 6.5.1.
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In contrast to this, our approach is object-indelge, and solves the
correspondence problem by using the common pararspéee as the intermediate
space. An extended discussion on the correspongeablem is presented in section

6.5.2. Then the implementation and the performaneexamined in section 6.5.3.

6.5.1 Related Work

There are two major categories of 3D metamorphiesibniques: a volume-based
approach and a surface-based approach [Ale01][LVSiBce our work falls into the

surface-based category, in this section, the kht@k is briefly reviewed.

Generally, two steps are needed in a surface-bd3Bethetamorphosis. One is to
establish correspondences between source and taigits. Then a sequence of
intermediate objects can be created based on al&timy corresponding points.

Here, more attention is given to the correspondenailem.

A common approach to establishing a correspondbateeen two given objects is
to generate a common connectivity for both the s®wand target objects. This is
generally accomplished by decomposing the objeats several corresponding
patches, embedding the corresponding patches o parametric domain, and
finally merging the corresponding embeddings tarfaa common mesh [Hut04]
[KSKO00] [LDS*99] [LHO3] [LLO4]. Kanai et al. [KSK98 use harmonic mapping to
embed both source and target objects into a twesnonal unit circle to establish
vertex correspondence. An extension of this worlk waroduced in [KSKO0O0], for
which a user-specified method is employed to pantitpolygon meshes into
sub-meshes and then a similar scheme [KSK98] idiepmn each sub-mesh.
Gregory et al. [GSL*99] present a similar user-sipet control mesh method to
partition meshes. The surface correspondence betessh sub-mesh of two objects

is then established using a greedy area-presemapping. Alexa [Ale00] and Kent
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[KCP92] embed polyhedral models onto a unit sphieee. et al. [LDS*99] specify
vertex pairs on the original meshes and employ Hi-n@solution parameterization
algorithm to generate coarse models. The coarselsiade then merged to establish
correspondence with the assistance of a harmonic 8iace manually partitioning
models or making feature pairs is not an easy taskanimators, Shlafman et al.
[STKO2] propose a clustering method to automatycalecompose models into
meaningful patches. However, this approach cannataramtee suitable
corresponding patch generation. Parent [Par92]@issents an automatic algorithm
which recursively finds a correspondence betweenstlirfaces of two objects of

equivalent topology.

In a nutshell, previous 3D metamorphosis technidpuel$ up vertex correspondence
from the source object to the target object digedEven with a 2D parameter space
created as an intermediate link, as the triangalashes are embedded into the
parameter space, which often varies in size andttsite from object to object, the
parameterization results are object dependentthier avords, if either the source or
target object is changed, the whole process obksiting correspondences must be

redone.

Our modelling technique offers a new approach &dbrresponding problem. Two
advantages distinguish our approach from previowskwFirst, by fitting a

parametric surface to the points cloud, our 3D es@ntation is independent of the
original data. Second, every object is mapped d¢mnéocommon parameter space
which is defined by the domain [0;1ID,1] and a pair of pre-defined knot vectors U
and V (section 4.8). Consequently, through the comparameter space, any pair of
objects can then have dense correspondences sistabutomatically. The detailed

implementation is presented in the following sattio
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6.5.2 Implementation

Our work in 3D metamorphosis is an extension to ¢berespondence problem
which is thoroughly discussed in the context of fdme recognition (section 4.8 and

chapter 5). A simple summary is given below.

Suppose there are objects reconstructed by following the processs@méed in
section 4.8. The common parameter space is defipgde domain [0,1][0,1] and a
pair of knot vector Uio,uy,...,uny and V:i{vo,vi,...,\u}. The reconstructed

representation of'iobject (E i £K) is:

G(s.t) = B(9)" XON() 6.3)
where
Coo Cor Con B, (s) N, (t)
O s BO L NO
Co Cn B, (9 N, (©

From the discussion in section 4.6.3, it is knohat the basis functiorg(s) andN(t)

are the same for all the reconstructed objectst ifha
@ @ (k) (k)
G(s,t) = B(S)" XCxN(t) G(s,t) =B(s)" xXCxN(t) (6.5)
The equation clarifies two facts. First, the shdpscriptorC is the only factor to

distinguish the shape differences from each otBecond, a one-to-one mapping

between the common parameter space and the olgace $as been established.

That is:
(st &st) (6.6)
(sit) (ng(s,t) (6.7)
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Consequently, through the pair of paramesgly, (one-to-one mapping across objects

is obtained:

(0] (1)

Gst)  G(st) (6.8)

By sampling the common parameter space, a setroésponding B-Spline surface

points can be established.

Recall the surface-based 3D metamorphosis corsigtgo steps: 1) establishing a
dense correspondence from objéttto G and 2) creating a series of intermediate
objects by interpolating corresponding points frmir original positions oiG" to

the target positions o.

To create a series of intermediate objects betvw@eand G, one simply applies
linear interpolation between corresponding poiBispposingn intermediate objects

G (1£1i £ n) are wanted, they are created by
G(s)=G(s1)+——(G'(s1)- G(s1) (6.9)
n

Smooth morphing result from one face to anotheshewn in Figure 6.17. Four
intermediate faces were displayed between the dta¢ (left end) and the

destination face (right end).

Figure 6.17 Smooth 3D metamorphosis sequences between siobjacts. Top

row: un-textured morphing sequence. Bottom rowtued morphing sequence.
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When either the source or the target object is gbdnonly equation 6.9 needs to be
re-calculated to obtain the morphing sequence. &ipg the target object is
changed fromG’ to G and m intermediate objects are required while sberce

object is stillG', then the intermediate objec@s(1 £ £ m) are computed as:

G (st) =G(st) +—— (G (st)- G(st)) (6.10)
m+1

Figure 6.18 demonstrates the morphing sequenceewinerchange the target object
but retain the source object as being the samée®rie in Figure 6.17. Another
example is shown in Figure 6.1, where the sourak tanget objects have very

different sizes, scales and topologies.

Figure 6.18 Smooth 3D metamorphosis sequences. The sourceaaget have

different sizes, scales and topologies.

6.5.3 Performance

By fitting a parametric surface to the original qutsi cloud, our 3D representation is
independent of the original data. Moreover, a anerfte mapping from the object

space to a common parameter space is obtainedsatdge. Through the common

parameter space, any pair of objects can autorigtitave dense correspondences
established. Note the modelling process only néde done once for each object.
Whenever either the source or the target objechamged, only a linear equation 6.9
needs to be re-calculated to obtain a new morpdaggience, making the generation
of 3D morphing sequence efficient. Previous apgreacneed to have the whole

process of establishing correspondences repeated.

176



Chapter 6 Other Applications

The performance of our 3D metamorphosis (Table W& measureah a personal

computer, i.e. a Pentium 4/512M RAM. For the monghsequence shown in Figure
6.17, the source object has similar shape, scaldsirgput data size as the target
object. For comparison, when the source and tangjects have very different sizes,
scale and shape, the results show that the totgbhimg times for both cases are
similar, i.e. all are less than 0.8 seconds, sihee3D morphing is now based on the
compact 3D representations — i.e. on shape des@iptstead of on the original raw

data.

Table 6.2Performance of 3D morphing.

Morphing sequence Establishing Creating sequences of
correspondences intermediate objects

Face to face (Figure 6.17) 0.122 sec. 0.66 sec.

Face to car-seat (Figure 6.18) 0.118 sec. 0.61 sec.

6.6 The Synthesis of the 3D Face Model

Since shape descriptors are the only factor toingdisish the shape difference
between objects, the goal of creating an “averéged can be achieved by averaging
the shape descriptors of our reconstructed faceetaoBligure 6.19 demonstrated a
synthetic face (in the centre) by averaging 12 fawedels reconstructed from
realistic human face data collected from a 3D seanmwhich are shown around the

average face.
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Figure 6.19The synthetic face by averaging 12 reconstrucied fodels.

Figure 6.20 compares the two mean faces which raaed by averaging different
number of face models. One can observe that theesbfithe mean face does not

change dramatically as the number of face modetlseitbank increases.

(a) (b)
Figure 6.20 The comparison between two synthetic faces crebiedveraging
different number of face models. (a) Synthetic faceated by averaging 12 face

models. (b) Synthetic face created by averagingeédnstructed face models.
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6.7 Conclusions

The brief reviews of previous work have shown tBRAtshape representation plays
an important role in computer graphics and in dioselated fields such as virtual
reality, computer aided geometric design, and s$fienvisualization etc. The
triangular mesh is one of the typical forms whi@s hong been accepted. However,
its tremendous size makes it awkward to handlestasich as storage, display,
editing and transmission. Our approach can overctime shortcomings of the
triangular meshes. By having 3D objects parametdrian the 2D common space
and establishing one-to-one mapping between thbam key tasks are simplified
from three-dimensional to two-dimensional. Moregwar contrast to the previous
work which only addresses one or two concerns,appgroach provides a general

solution to these applications.
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Chapter 7

Conclusion and Future Work

7.1 Conclusion

Shape representation is used to structure the sgpdata so that surfaces can be
compared efficiently. Shape can be representedanyndifferent ways. To find an
appropriate representation for a shape that is abterio surface matching is still an
open research issue in computer vision [HPB*95¢eH@cognition poses as an even
harder problem for two reasons: 1) it is an intlass comparison, and 2) the gallery
could be very large but an efficient matching swatis critical. So far little work

has been undertaken in the field of geometric mbdekd 3D face recognition.

Inspired by those unsolved issues, the researcint effi this thesis has focused on
effective model-based representation of free-fonmfages in three-dimensional
space and its application in 3D face recognitionatTis to say, we collect 3D data
measuring the shape of the surface and transfoennatlv data into a representation

that is suitable for automatic surface matching.

Unlike most previous approaches working on a spel@ita case, e.g. range image,
this thesis explores a general solution based @32 data, which is in unstructured
form without geometric and topological informatiattached. A novel approach of
reconstructing a single-patch B-Spline surfacedscdbe complex object shape in a
comparable way has been developed. This is theipahcontribution to this thesis
(chapter 4). No pre-processing such as filling somoothing of noise or finding

the connectivity is required. The modelling appfoaccapable of coping with these
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iIssues since it does not traverse the surface (agpfkom polygon to neighbouring
polygon) at any stage. The construction of paranzetgons over a common
parameter space allows automatic establishmenteakeal correspondences. The
reconstructed shape representation is efficientfaasible for computation for the
purpose of 3D face recognition, which is proved thg experimental results in

chapter 5.

This thesis also develops a non-iterative regisimatechnique as a complement to
the 3D face recognition system, which aims to detl pose variations. The frontal

part of face is then segmented from the rest ais#dt e.g. hair, shoulder, clothes etc.

The applicability of the modelling approach in atfelds is demonstrated in chapter
6. The extended applications include 3D metamotighatirect manipulation of
free-form deformation, level of detail control (rtitesolution rendering), complex

object modelling and synthesis of 3D faces.
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7.2 Future Work

This thesis has presented a 3D modelling techriguereating geometric free-form
surface representations and examined its applicatio relation to 3D face
recognition. Its extended applications in the fieldcomputer graphics have also
been demonstrated. Although the experiments coaduct chapter 5 proved that
positive recognition results can be achieved baséely on 3D shape information,
we expect a better recognition rate when teste@ omuch larger gallery than the
current one and where a more efficient comparisetrimis employed. Therefore,
we would like to discuss potential matching stragsgn the first part of this section.
On the other hand, the single-patch B-Spline serfating technique is a general
approach for 3D free-form object modelling, scaipplication in 3D computer vision
and graphics is broad. This thesis has not explallgabssible applications and uses
of this technique. In the second part of this segtive describe its possible future

applications.

7.2.1 Future Development on Matching Strategies

- Shape Analysis in Three-Dimensions

In the current 3D face recognition scheme, we hsesum of Euclidean distances
between correspondence points as the similarityienedbviously, this matching

scheme lacks the ability to indicate where and hioevshape differences exist. A
simplified figurative example is given in Figurel7.We are working in a 3D

environment, in which the shape variations arerpmeted. Ideally, the shape
differences between objects should be quantifiedhmee-dimensional space, in

contrast to the distance metric which encompasseapatial information.
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Figure 7.1 Shape differences indicated by the sums of Eumfiddistances. The
differences between obj-1 and obj-2 in (a) is eqaahe differences between obj-1

and obj-3 in (b).

- Combining Texture Information

As mentioned before, only shape information is @y@dl in the current surface
matching strategy. Since most scanning systemsacquire 2D image along with

3D data, more surface information such as textowddcbe incorporated into the
matching process to facilitate the recognition. Wave achieved the work of
mapping texture onto a 3D model. However, the staynulti-model combination

is still unsolved. Generally speaking, multi-modeimbination has so far taken a
fairly simple approach. The 3D recognition resuitldhe 2D recognition result are
produced without reference to each other. The dvdexision is made using a
weighted sum of the separate recognition result80[B. Developing a more

sophisticated multi-model combination technique ¢iasat potential to improve the

performance of 3D face recognition, which is thalgd our future work.
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7.2.2. Extension of Applications

- Facial Expression Coding

One important research issue to resolve is hovatawlle facial expression variation.
Emotion is fundamental to human activities and dabi displayed through facial
expressions, which could influence cognition, pptice, and everyday tasks such as
learning, communication, and even rational decisi@king. However, most
developers have so far largely ignored the roldé #raotions play in computer

systems, partly because emotions are hard to model.

Recently, the increasing demands on intelligent dnscomputer interaction has
inspired research on Affective Computing, whichc@mputing related to human
emotion. The Affective Computing Research GroupMiT led by Picard has
contributed to several breakthroughs in affectieenputing in art, entertainment,
education and in human computer interaction. Ottesrearch efforts include:
Gokturk et al. [GTG*02] useing Support Vector Mawhi(SVM) and 3D monocular,
non-marker face tracker to extract a shape vebwlris demonstrated to be robust
for classification purposes. Lien et al. [LKC*00$ai feature tracking with partial
affine transformation compensation to recognizenttowement of some facial areas.
Wang et al. [WHTO03] use a 2D feature tracker fortogmizing three emotional
expressions. Sako and Smith [SS96] use colour enmtplate matching to find
important 2D features on the face and they use dineension and position
information about these features for expressiorogeition. Essa and Pentland
[EP97] develop a system for observing dynamic famiations using a model-based
optical flow method. In summary, their system igtahle for the coding, analysis
and recognition of facial expressions. The creatibrealistic 3D expression models
is achieved using feature points in 2D photogragig 3D shape information. 3D
expression retrieval is a popular research topypicgl models are 3D Morphable

Model [BV99] and 3D Active Appearance Models [CET.98
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Since facial expressions are directly related te thanges of facial shape and
considering that face models are geometric modtels, possible to use the face
recognition framework to identify facial shape chas caused by facial expressions.
Then the facial shape changes could be coded let@urrent geometric model. In
fact, the work in section 6.4 can be extended i@ghrpose by describing the facial
shape changes in some mathematical way insteag oftéractive manipulations.
The potential application domain of this reseascimigames. By incorporating facial
expression of the game player into the game, thésm of the game could be
enhanced. For example, facial impression recognibiothe game player allows the
player to be part of game, and facial expressionmation can increase the

attractiveness of interactive computer games.
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Schoenberg-Whitney Theorem

Assume thatxx.< ...<X,. For the matrix A, given by;A= Bkj(Xi), to be nonsingular,

it is necessary and sufficient that there is ndednent on its diagonal.
Proof
Denote a set of points to be interpolateddasD-, ..., D, and their parameters are
given asq<x.<...<Xn. The interpolation matriA given by
A =Bf(x) (@£i,j£n) (A.1)

The proofs of the necessity and sufficiency of thesorem are separately considered

as following.

Proof of necessity

Suppose tha#;=0 for somer. ThenB%(x) = 0, and by the local support property
discussed in section 4.3.1, one can conclude xlitft;, t.+1). Suppose first that£

t. If i£r£], thenx£ X£ £t andX is not in the support oB;. Consequently,
A;=B¥(x)=0. The firstr rows in A can be interpreted as vectorirt because\;=0

for j=r, r+1, ...,n. This set of rows is therefore linearly dependantA is singular.
In the other case; 3 trx+a. If 12 13|, thenx? X2 tuk+1? Gak+1, andAy = Bkj(Xi) =0.

The columns numbered 1 to form a linearly dependent set because their

components numberedr+1, ...,n are all 0. SA is singular.
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Proof of sufficiency

The proof is given as induction &n

k=0
The proof is trivial wherk=0, because the conditi(B?,-(xi) 1 0 is equivalent tt £ %

<t+1. Because the supports of the B-Splines are dis@ijfx) = d.

k=1
We use induction on to establish this. Ifi=1, the matrixA is a 1 1 matrix with sole

elementAy; = BYy(x)) t 0.

Now suppose the sufficiency has been proved wherbeenumber of parameters is
less tham. Consider then the case mparameters, with® 2. If there is an index
for which £ r £ n-1 andx £ t;+1, then for any pairif) satisfyingi£ r£ j, we shall
havex £ x£ t+1£t andA; = BY(x) = 0. The matrixA will therefore have the form

C 0
A= (A.2)
E D

In whichCisr” r andD is (n-r)” (n-r). The matrixA is invertible if and only ifC and
D are invertible. The matri&€ andD are just likeA except smaller (becausé n and

n-r£n). Therefore, they are invertible by the inductioypothesis.

A similar argument can be usedxif t..; for some index in the range Zr£n. In

this case, if<r £1i, thenA; = 0. The structure ok is

A= (A.3)

with C being ¢-1)" (r-1) andD being (Q-r+1)" (n-r+1).
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The only case remaining is that in whigh t,1 for 1£i£ n-1 andx<ti.1 for 2£i£n.
This can occur only ih=1 (a case already considered) ansR. In this special case,
n=2, k=1, x;>t;, and x<tz. Hence,t,<x;<x.<t3. On the interval t{,t;), we have

BY(X)+ B'>(X)=1. Thus the matriA has the form

Bi(x) By(x) _/ 1-/

Bi(x,) Bi(x,) m 1-m (A.4)

The determinant is/ - m° B}(x,)- B{(x,)> O

Now we proceed by induction da Assume that the theorem has been proved for
B-Splines of degree less thknOn the hypothesis, we prove it for splines ofrdeg

k. Herek 3 2 because we have proved the cade=f Our proof will require another
induction onn, as the proof in the case lefl. The point of argument is thatxf£

tr+1 for somerl [1,2,...1-1] or X% t.x for somerl [2,3,... 1], then the matrixA will
have a block structure such as we discussed befmtewill be invertible by the

induction hypothesis applied to two submatriced.ofVe can therefore assume that
tis 1.£ K E Xt 1.£ tiska 1 (1£ i £ n'l) (A5)

Suppose thad is singular. TherAu = O for someut 0. Let f = ujB}‘ . We note
1
thatf vanishes at the+2 pointsty, X;, X2, ..., Xn, th+ks1. Sincek 3 2, f¢exists and is

continuous. We infer the existencersfl zero,x of f¢ arranged as follows:
B <X <X <X <X2<...<Xn1<Xn<Xn <M1 <lp+k+1

n+1
Now fdis of the form v, B}"l . We also have
j=1

nﬂvajk'l(xi)z f€x)=0 (LEi£n+]) (A.6)

=1

By using the equation A.5, we see thabelongs to the support B for 2£i £ n.
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Now several cases arise. In case 1, assumei#fiat; and that,«1> th+1. Thenx is
in the support 0B, and . is in the support oB',.;. Hence, by the induction
hypothesis, thent1) (n+1) matrix Bk'l,-(xi)) is nonsingular. The coefficients, in

equation A.6 must be therefore all be 0. Since

v, =k(u; - U ) (- 1) (A.7)
We can use this formula forflj £ n+1 if we setus=u,+1=0. The vanishing of the
coefficientsy; implies that

Up-Ug = Up-U1 = ... =Un+1-Up = 0

Sinceug=u,+1=0, we conclude that all = 0.

In case 2, assume that t; andxq.1> tha. ThenB!y(x)=0 for 1£ i £ n+1 because

X is not in the support &<,. In this case, we infer from equation A.6 that

n+l
V;B'(x)=0 (2Ei£n+1) (A.8)

j=2

But x is in the support 0B for 2£ i £ n+1, and so by the induction hypothesis we

conclude thay, = O for 2£ j £ n+1. As before, this leads to
Up-Up = Usz-Uz = ... =Up+1-Up = 0
and tou;=0 for 1£ i £ n becausein.1=0.
In case 3, assume that t,; and thatx.£ tn.1. This is similar to case two. Nowyis
in the support 0B, for 1£i £ n, and the same arguments as before leag:tbfor

1£i£n.

In case 4, assume that3 t, and thattw.:® X.1.. Now we haveB“!;(x)=0 and

B!11(x)=0 for 1£ i £ n+1. Equation A.6 gives us

189



Appendix A

) VB (x)=0 (2Ei£n) (A.9)

j=2

But x is in the support oB*Y; for 2£ i £ n, and by familiar reasoning, we conclude
that
U-Up = Uz-U2 = ... =Up-Up1 =0

n

This shows that all the; are equal to/. Hence, f =/ B . SinceB 3 0 and
1

BX.(x.) 3 0, the equatiof(x,)=0 shows that =0.
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