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Abstract

Recently new methods of recovering the 3D appearance of objects, like stereo-
imaging sensors, laser scanners, and range-imaging sensors provide automatic
tools for obtaining the 3D appearance of an object but they require the presence
of the object. When only photographic images are available, it is still possible
to reconstruct the 3D appearance of the object if there is also a model which
can be referenced.

The human face is very popular with researchers who try to solve the prob-
lems including facial recognition, animation, composition, or modelling. However
it is rare to find attempts to reconstruct shape from single photographic images
of human faces, although there are numerous methods to solve the shape-from-
shading (SFS) problem to date.

This thesis describes a novel geometrical approach to reconstructing the orig-
inal face from a very impoverished facial model' and a single Lambertian im-
age. This thesis also introduces a different approach to the SFS problem in the
sense that it uses prior knowledge of the object, the so-called shape-from-prior-
knowledge approach, and addresses the question of what degree of impoverish-
ment is sufficient to compromise the reconstruction.

Most recovered surfaces using conventional SF'S methods suffer from flat-
tening so that we cannot view them in other directions. We believe that this
flatness is due to the lack of geometric knowledge of the subject to be recovered.
In this thesis, it is also argued that our approach improves upon existing SFS
techniques, because a reconstructed face looks correct even when it is turned to
a different orientation from the one in the input image.

1This is a polygonal mesh that poorly represents the geometrical structure of the original
face.
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Chapter 1

Introduction

In this thesis we present a new alternative approach concerning the shape-from-
shading (SFS) mechanism, which may give rise to some answers. We believe
that human brain uses internal models, based on expectation or prior knowledge
[Yin69, Ram88a, Ram88b, BET94, Val95, Spe96], in order to understand three-
dimensional (3D) shape from two-dimensional (2D) shading. We give a concrete
set of examples employing internal models of 3D objects, based on human faces.

1 Problem Statement

The technical way to obtain 3D facial information is to take manual measure-
ments of selected points which have been marked on the face we want to analyse,
or on the surface of a plaster model of a face. This is a time consuming activity
that is tedious if the measurements of a number of faces are required.

Recently, the development in the stereo-imaging sensor [SU94| provides an
automatic tool for obtaining 3D face models. The technique for obtaining them
including the laser scanner [DY88, Lin93] or the range-imaging sensor[TK92]
requires that we be presented with a subject in order to obtain 3D data.

However a worse case - a some different case - is when the subject for which
we want measurements is not present and only photographs are available, for
example in the case of a fire victim’s face, a dead person’s face, or a missing child’s
face. In these cases we cannot retrieve the 3D face information from the previous
techniques. This thesis concentrates its efforts on a new method for handling
these difficult cases by bringing together shape from shading techniques with the
kind of prior knowledge that appears to be used in human visual perception.

-1-
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Chapter 1. Introduction

Let us try to understand more technically the goal of this thesis; it can be
stated formally as follows:

0O Given a single image and a coarse model of a human face, reconstruct an
approximation of the original face of the image.

Figure 1.1 shows an example of the problem domain to be solved in the
progress of our investigation. The upper-left picture is a single face image illu-
minated by a light source. The direction of the light source is known in advance.
The upper-right picture is a representation of an impoverished face as the prior
knowledge.

As you see in the figure, the impoverished face is no longer considered as the
original face of the face image, but it only preserves the global topology of the
original face. By using information about the impoverished face, the shape-from-
shading (SFS) problem changes from being ill-posed to well-posed. Starting from
this impoverished face, the original face portrayed in the face image is inversely
reconstructed in the form of an approximation. The bottom pictures are the
target; that is, a reconstructed face model that can be used to generate different
views.

In conventional approaches to the SF'S problem, it should be stressed that
the recovered surfaces are unlikely to support different views, because they are
too flat! like the bas-relief images on coins. That is, most attempts to solve the
SF'S problem concentrate on the recovery of images with different light source
directions. However the reconstructed faces in this thesis can be seen in different
views.

2 Background

Our perception of the 3D shape of a surface depends on many cues including
shading, perspective, texture, stereopsis, and motion parallax [FS94]. Among
them, it is well known that the human visual system is proficient in perceiving
the 3D shape of a surface from shading in a 2D image [Ram88a, Ram88b].

How the SF'S mechanism is carried out is a more interesting problem. There
have been a number of research efforts to realise the mechanism on computers
over last several decades, yet it is not well understood from a standpoint of
computer applications.

1Figure 2.11 in Chapter 3 shows an example of the flatness.

-3 -



Chapter 1. Introduction

2.1 Deep-seated problems in shape from shading

Shading is the smooth variation in intensity from one point to another in an
image. We could get 3D shape information from this shading if we make some
assumptions about the imaging model or surface property.

For example, the amount of light reflected by a surface patch depends upon
only its normal vector, the so-called Lambertian surface?. In practice, however
an intensity value alone cannot yield a unique solution to the surface normal at
a given image point, even though we employ the simplest case of imaging model
such as the Lambertian surface. Since there are an infinite number of solutions
that correspond with the intensity value, the problem is called ill-posed3.

Therefore, we must find additional constraints on the imaging model in or-
der to solve the ill-posed problem. Smoothness and integrability are frequently
used as the additional constraints. For example, variational approaches at-
tempt to minimise the error with these constraints [[H81, BH85, FC88, Hor90,
Sze91l, VY93]. Other assumptions about local surface shape are also used as
the additional constraints in local approaches, which attempt to find an approx-
imate solution using the pre-assumed shape in the vicinity of an image point
[Pen86, LR85].

All these approaches imply that the surface orientations of neighbouring sur-
face patches are strongly correlated, and that the surface is continuous and
smooth. Most methods proposed up to this time have made the SFS problem
well-posed by enforcing these additional constraints so that they may cut the
infinite number of solutions corresponding to an image intensity? down to the
few that satisfy the constraints. We will review the methods for the SF'S problem
proposed so far in detail in Chapter 2.

The SFS methods proposed so far in the literature suffer from problems
including multiple false solutions, the sensitivity to image noise, the flatness of
reconstructed surfaces, the use of complex mathematics, and large numbers of
iterations, even when applied to the Lambertian surface which is the simplest
imaging model.

2For example, the reconstructed faces in Figure 1.1 are images of Lambertian surfaces. The
imaging model about this surface is addressed in Chapter 2 more in detail.

3Conventionally the heart of the SFS problem is the solution of the imaging model or image
irradiance equation. It is I(z,y) = R(p(z,y), ¢(z,y)), where I(z,y) is an observed intensity of
an image point, R(p, q) is the reflectance map (scene radiance) for a surface point, and p and
g are partial derivatives of the surface height with respect to z and y. Therefore, we must find
additional constraints on the imaging model in order to solve that ill-posed equation, since it
contains two unknowns p and ¢ at a particular point in the image.

4The term image intensity will be used in this thesis rather than the technically more
correct image irradiance.
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These limitations are inevitable in the sense that the SFS is an ill-posed
problem and hence require additional assumptions. In this thesis, among those,
we try to overcome the limitation of the flatness by applying our method so that
the reconstructed faces can be viewed from different directions.

2.2 Internal models? : As prior knowledge

One of the most interesting abilities of our vision system is that of face under-
standing. For example, the original face in a passport photograph can typically
be recognised by most people looking at it. As another example, a sculptor is
able to reconstruct the original face in wood or stone from a photograph, the
so-called portrait sculpture [Maz94]. It seems probable that they use internal
models of faces in doing so [Par91, BB93, Val95, Spe96].

2.2.1 A feature-based model

An upside-down face is recognised more poorly than an upright face [Yin69,
BET94]. Figure 1.2 shows an example of the upright and the upside-down face
image. We can easily perceive the upright face on the left-hand side, however
it takes longer to do the upside-down face in the middle. This difficulty reveals
that we are accustomed to an upright face orientation.

Another inversion effects were demonstrated by Thompson [Tho80, Ste95].
In an upright face of Margaret Thatcher’s photograph, he inverted the mouth
and the eyes. The resultant face as shown on the right-hand side in Figure 1.2
is not perceived properly due to the incorrect feature orientation.

These demonstrations suggest that our vision has a feature-based internal
model, which is constructed through interaction with our own prior experience
or expectation, in interpreting visual data. There are many approaches to au-
tomating face recognition based on this feature-based model [CEL87, MCvdM92,
BP93].

2.2.2 A geometry-based model

Figure 1.3 shows another interesting example of the use of prior knowledge,
assuming that there is a distant light source in the right direction for the images®.

SThese images are created by applying the normal interpolation renderer to polygonal faces,
which is addressed in Chapter 2.
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Chapter 1. Introduction

problem in this investigation, because we investigate the reconstruction of the
original faces from shading and impoverished geometric faces.

In order to simplify our task, we assume that the light source direction will
be given in advance. In addition, we will assume that the reflectance coefficient
is constant in the original faces. This constant assumption has turned out to be
a good approximation [AGR95].

Our approach also relies upon a 3D surface representation. Although there
are many methods to represent the 3D surface of objects, we employ a smoothly
interpolated polygonal mesh formed from triangles. The geometrically impov-
erished face as the prior knowledge is, of course, represented by this polygonal
representation. An impoverished face is obtained by our own mesh simplification
method, which is fully discussed in Chapter 3.

In summary, the shape-from-prior-knowledge problem will be discussed in
terms of attempting to reconstruct the original faces fused in single photographs
or Lambertian images, starting from an impoverished face. The images do not
have specular components, although such components may be well represented
in shading formulae in computer graphics. Furthermore, we no longer employ
the additional assumptions on the smoothness, the integrability, or local shape.

4 Originality and Main Contributions

This thesis has addressed the problem of reconstructing a human face, starting
from the level of impoverished face. This impoverished face is revised in the
iterating process so as to reflect a polygonal approximation of the original face
in a face image.

In this thesis, the principal contributions achieved in solving the problem are
as follows:
O It proposes a new geometrical approach to reconstructing an approximation

of the original face from single images of human faces.

O It introduces a new alternative to shape-from-shading in the sense that it
uses the prior knowledge of the geometry of subjects such as an impover-
ished face, called shape-from-prior-knowledge.

O It presents a new tool for mesh simplification in order to simulate impov-
erished levels of a human face, called the Meducer.

O It presents a new tool for editing a polygonal mesh, called the Meditor.

-8 —



Chapter 1. Introduction

O It employs a quaternion method in the process of reconstructing a face.

5 Overview of Thesis

The main organisation of this thesis is as follows: in Chapter 2 we will review
the issues related to our investigation, which have been proposed so far in the
literature. They are the shading model®, the SF'S methods, and finally face
reconstruction methods.

The first issue is related to the face images to be reconstructed. We use
synthesised images rather than real images. That is, a face image is created by
the Lambertian shading model. The SFS methods can be classified into three
groups. The main contributors in the groups are implemented and addressed
with an image example. The techniques for reconstructing human faces, which
are directly measurable, are then reviewed.

The main contributions start from Chapter 3. The discussion in Chapter
3 concerns impoverishing faces. It includes two topics: Meducer and Meditor.
These are tools to provide a level of an impoverished face. The Meducer is for
impoverishing original faces in terms of their triangles as much as some level we
need. On the other hand, the Meditor provides an interactive way of correcting
the undesired triangles created in impoverishing a face using the Meducer.

In Chapter 4, we reformulate the conventional SFS problem into the shape-
from-prior-knowledge one. The surface normals corresponding to each intensity
in an image are calculated in a totally different way comparing with the SFS
methods.

In Chapter 5, we discuss in detail the face reconstruction procedure, using the
surface normals obtained in Chapter 4. The discussion starts with defining two
quaternions and introduces a quaternion method in the process of reconstructing
a face. The procedure is explained in a step-by-step fashion and demonstrated
for a very impoverished face.

In Chapter 6 we define statistical estimators. Using them the face recon-
struction method is analysed with a number of examples including differently
impoverished levels of a face, different person’s faces, and a half cylinder and
flat surface as impoverished faces.

6This term is usually referred as the imaging model or the rendering model. The former
is focused on computer vision, which is also called the reflectance model, while the latter is
focused on computer graphics. In this thesis, we prefer to use the shading model for both
sides.
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Finally in Chapter 7 we give conclusions and examine possible directions for
future work. Appendices also provide additional explanations for some chapters.

-10 —



Chapter 2

Related Work

As we mentioned in the previous chapter, the aim of this thesis is to develop
methods for reconstructing a model of the original face from a single shaded
image of a human face, starting from an impoverished face in the form of a
polygonal mesh.

The related work for the achievement of our aims includes issues concerning
the following:

O shading (imaging, reflectance) models,

O inverse shading (SF'S) methods,

O face reconstruction methods, and

O mesh representation and impoverishment methods.

The final issue is presented separately in the next chapter and the rest are
reviewed in this chapter.

1 Shading Models

Shading is a continuous variation of image intensity, which appears to be 3D
[Ram88a] because it is determined by the surface geometry and the reflectance
property of an object. Given surface geometry and reflectance property, com-
puter graphics simulates the shading in order to synthesize realistic images
[Bou70, Gou71, Pho75, Whi80, CT82, CG85, Kaj85, HTSG91, ON94].

—11 -



Chapter 2. Related Work

Viewed the other way, given real or synthesized images, computer vision
and image analysis techniques recover the surface geometry and the reflectance
property [HB88, HB89, Hor90, NIK90, ZC91, LK93].

Most existing techniques in both approaches only work for simple surfaces;
for example, Lambertian, plastic, and metallic ones. It is one reason that shading
in the real world is too complex to understand completely. This complexity has
resulted in a great number of the shading models in the computer literature
[BS63, TS67, CT82, KvD83, FZ91, HTSG91, NIK91, Wol92, ON94]. At this
point, it is worth mentioning that there are excellent surveys of the shading
models [Hor81, Hal86, Lew94, Sch94].

Lots of the shading models that have been proposed so far describe the
behaviour of light at a surface point. Their arguments are mostly to identify
three components concerning light reflectance as shown in Figure 2.1:

O diffuse,
O specular lobe, and
O specular spike reflectancel.

With these components, an image intensity I;; can be computed in terms

of the sum of their contributions on a surface point in a viewing direction 1%
[HTSGI1, NIK91] as follows:

If/' = Id+lsl+Issa

where I is a diffuse reflectance component, I is a specular lobe reflectance one,
and [, is also a specular spike one.

Here we will geometrically and separately review these components, which
were derived from a number of the existing shading models, in order to develop a
basic understanding of how an image intensity is computed. In this respect, we
will also make assumptions related to a distant point light source and a distant
viewer.

1.1 Diffuse reflectance

Diffuse reflectance occurs if light is reflected in all directions on a surface point.
In other words, surfaces appear equally bright in all directions. As shown in
Figure 2.1, its appearance is due to internal scattering.

1The lobe and the spike component are collectively called specular reflectance.

- 12 —-
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Chapter 2. Related Work

The shading model considering only this component has been used exten-
sively to develop the SF'S methods [HB89, Hor90, Pen90, LB91, ZC91, OD93,
LK93, Lan94, AGR95] and the photometric stereo methods [Woo77, Wo080,
Wo081]. They can produce a smooth shape surface recovered from Lambertian
images.

This diffuse reflectance component alone turns out to be a fairly realistic
approximation for many surfaces including human faces. For example, Ikeuchi
and Sato [IS91] have quantitatively confirmed that human faces are dominated
by this diffuse reflectance.

1.2 Specular reflectance

Specular reflectance is made due to unequally reflected light on a surface point.
While the diffuse reflectance does not depend on the location of the viewer, this
does depend on it. Again, more light is reflected in some directions is than that
in others.

As shown in Figure 2.1, incident light Lis mainly reflected in the direction of
R which is L mirrored by N This specular reflectance component, so called I,
contributes to a highlight on a surface. It is again distinguishable into a specular
lobe component I and a specular spike component I,.

The specular lobe component I is an amount of light reflected and dis-
tributed around the mirrored direction R, which is dominant on a rough surface.
It can be observed differently depending on a viewing direction V.

On the other hand, the specular spike component I, is an amount of light
perfectly reflected in a very small region around the direction of ﬁ, which is
dominant in the case of a metallic-smooth surface and facial skin. It can be seen
only in the direction of R.

In the next subsections, two families of shading model are reviewed with an
attention to the specular reflectance component: empirical models and physical
models.

1.2.1 Empirical models

Phong introduces an ad hoc empirical model in order to deal with specular
reflectance in computer graphics [Pho75], so-call Phong shading model. In his
model, the specular lobe and spike are expressed as a single highlight function

- 14 -
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Chapter 2. Related Work

Instead of R in_the Phong shading model, Blinn used a halfway vector H of
the sum of V and L, called Blinn shading model [Bli77], as shown in Figure 2.1.
So the highlight function I, is rewritten as:

I, = Lk,(NeH)"
= Lk(|N|-|H|cosa)"

= Ipkscos" o,

where H = Iliigl and N and H are normalised. The angle a between N and H

is similar to 8. The halfway vector H provides a faster method in 1 rendering an
object, because L and V are fixed, while R varies depending on N.

These empirical models collectively imply a specular lobe and a specular
spike component in their highlight functions. They are widely used to render
realistic images of various surfaces in computer graphics, because they provide
a specular lobe for rough surfaces and a specular spike for smooth ones.

In addition, they are usually efficient in computation without any exact value
of a light source intensity. Several areas for special effects in movies, video
art, or commercials, in which such quantitative value is not required, are suit-
able for these models®. However, they often produce cartoon-like images, since
they have no physical model for surface roughness and detailed light proper-
ties. Physical models refine this problem by employing a microfaceted model
of surface roughness and by employing a microwave theory of light properties
[CT82, HTSGY1, NIK91], which are described in the next subsection.

1.2.2 Physical models

These models are based on the physical property of surface roughness and light.
This thesis focuses on the former approach because it has the greatest impact
upon facial reconstruction. Readers who are most interested in light models
should refer to [BS63, NIK90, NIK91].

There are several ways in modeling the surface roughness as distribution
functions of primitive shapes. Spherical and cylindrical cavities were first used to
derive a shading model on the lunar surface [Hap66, BWR68]. V-groove cavities
were also used to deal with a shading model describing metallic surfaces [TS67].
Moreover, hairy cylinders were used to model anisotropic surfaces [PF90].

3For example, Parke and Waters used the Phong model to render their face models [Par82,
Wat87].

- 16 -
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Chapter 2. Related Work

Cook and Torrance adopted a Fresnel equation to directly obtain an angular
dependence of F for a fixed-wavelength A as follows:

1= [, | (clg+c)— 1)
2 (g o (”(c(g—c>+1)2)’

where ¢ = cos§ = Ve H = Le H and g2 = n2 +¢* — 1, in which n is an index of
refraction of a surface for a wavelength A\. We assume that F' varies according
to a viewing angle §, because ¢ and g are also dependent on 4. This indicates
the angular dependence.

In general n is not available. In this case, it can be obtained from Fy, which is
a ersnel term measured when § = 0; that is, L=V. Subsequently ¢ = VeH=
L e H =1. Therefore g =n (g,n > O) , and hence Fj satisfies as follows:

N2
F, = (” 1) .
n+1
This determines the value of n as follows:

1+ VFy

1-VEF
The determined value n is then used in the Fresnel equation again to obtain F'
with respect to an arbitrary angle 4.

Cook and Torrance observed that a colour of the light reflected specularly
approaches a colour of a light source according as 6 approaches 7, since F' ap-
proaches one. That is, when Fz = 1, the colour is not influenced by the object’s
material. This is an evidence that their model is based on the light property.

On the other hand, a wavelength dependence of F' can be obtained by ap-
plying a similar way, according to different wavelength [CT82, NIK91].

1.2.2.2 G: Geometrical attenuation factor The geometrical attenuation
factor accounts for how much incident light is specularly reflected by microfacets
in what directions. If a surface is illuminated and viewed in the normal direction
N (E =V=N ), all facets are fully illuminated and visible. For a large incidence
angle, however some facets are shadowed and masked by adjacent facets as shown
in Figure 2.4.

Masking is the effect where some of reflected light is intercepted by an adja-
cent facet of V-groove, while shadowing is inversely the effect where a reflecting
facet is only partially illuminated. Blinn [Bli77] derived geometrical descriptions
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Chapter 2. Related Work

where c is an arbitrary constant, o = cos™'(N e H), and m indicates the surface
roughness as a mean square slope of microfacets.

Cook and Torrance [CT82] introduced the Beckmann distribution function
[BS63] for rough surfaces as follows:
1 tan a2
D = —— (5% ,
4m? cost a
where o = cos™}(N e H) and m is a mean square slope of the microfacets. It
does not include any arbitrary constants but requires more computation.

Schlick proposed a simpler and less expensive computational function, which
has not the exponent term, as follows [Sch94]:
cos? o

b = ((m —r)costa+r)?’ (23)

—

where r = 5L, again a = cos™!(V @ H), and m is a mean square slope of the
microfacets.

In all of the slope distribution functions, the sharpness of the specular re-
flectance depends on the surface roughness m. In practice, it varies from 0 (not
included) to 0.5 for real surfaces [Sch94]. A small value of m indicates a smooth
surface so that the reflection is sharply directional, as shown in Figure 2.5 a),
because the microfacet slopes vary only a little from a mean surface normal N,
which can be referred as a specular spike. While large values of m indicate rough
surfaces having steep microfacet slopes. The spread of the reflection is wide like
a specular lobe, as shown in Figure 2.5 b).

1.3 Discussion

In this section, we have reviewed several shading models. These determine an
image intensity value I;; on a surface or image point, in terms of the three
components: diffusely reflected light, specular lobe, and specular spike. They
combine functions containing geometric and light properties; for example, a light
source vector L a surface normal vector N a halfway vector H and so on.

A combination of these components can simulate some surfaces in reality; for
example, a plastic and metallic surface. On the contrary, it is difficult to extract
the geometric and light property from an image simulated by such a combination
mathematically.

- 920 -
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Chapter 2. Related Work

2 Rendering Polygonal Meshes

Rendering is the overall act that processes from a 3D surface representation of
an object to a 2D image projection on a view plane. A rendered image can be
obtained by applying a shading model to either every visible surface point, or
every interpolated surface point.

The former is usually used by ray tracing or radiosity method, while the
latter is used by interpolation methods. In this section, we are interested in
rendering methods for the interpolated surface points, since we adopt a mesh
representation for human faces in this thesis.

There are three classical ways to render a polygonal mesh in order to sim-
ulate smooth surfaces: constant intensity, intensity interpolation, and normal
interpolation rendering methods. To understand them in brief, we are going to
keep the discussion in 2D.

Figure 2.6 shows both intensity profiles (left) and simulated surfaces (right),
which can be obtained by applying each rendering method to a polygonal ap-
proximation of an original surface (top).

The original surface is a cylindrical shape, which is approximated by four
polygons. Each polygon is also represented by a straight line between two ver-
tices. Arrow marks on the polygons represent either a surface or a vertex normal
vector, while the others are normal vectors used by each rendering method.

A point light source is assumed to be illuminating vertically in the plane
from top to bottom. In addition, we assume that an image intensity value at
an interpolated surface point is obtained by applying the Lambertian shading
model represented by the equation (2.1). We also assume that the intensity of
the light source I, and the reflectance coefficient k4 are equal to one, because
we are most interested in how the image intensity value is obtained by N. This
vector is differently given according to rendering methods.

2.1 Constant rendering

The constant intensity rendering method applies a single intensity to a poly-
gon [Bou70] so that all points over the polyogn have the same intensity value.
Therefore, the intensity profile looks like steps as shown in Figure 2.6.

The vector N used in this method is a surface normal corresponding to a
polygon, as shown on the intensity profile. The simulated surface is similar with
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the polygonal approximation, because each polygon is represented by only a
surface normal.

It means that this rendering method does not simulate an original smooth
surface accurately but simulates its appearance. Consequently, the simulated
surface retains the polygonal structure.

2.2 Intensity interpolation rendering

The intensity interpolation rendering simulates a smooth surface by linearly
interpolating the intensity values of two adjacent vertices. This is also known as
Gouraud rendering [Gou71].

An intensity value of a vertex is obtained by a vertex normal vector. as
shown on the intensity profile. It is an average of vectors which are surface
normals of polygons sharing the vertex. Now the intensity profile looks linearly
smooth, which eliminates the intensity discontinuities of the constant render-
ing method. However there still exists the intensity disparity between adjacent
polygons around shared vertices vy, v3, and vs on the intensity profile. Gen-
erally speaking, this disparity appears as brighter or darker intensity streaks
along shared edges than their surroundings, whenever the slope of intensity curve
changes. These streaks are called Mach bands [Rat72, Pho75].

On the other hand, the intensity interpolation implies the change of surface
normals between two vertices. So the simulated surface approximates to the
original, as shown in Figure 2.6.

2.3 Normal interpolation rendering

The normal interpolation rendering simulates a smooth surface by linearly in-
terpolating the normal vectors instead of the intensity values of two adjacent
vertices. This is called Phong rendering [Pho75].

The intensity profile shows an improvement on the intensity discontinuities
around the vertices, by means of applying the interpolated normal vectors. They
are represented by the arrow marks on the intensity profile.

The surface simulated by this method looks like the original surface, as shown
in Figure 2.6. It is more accurate than that of the intensity interpolation ren-
dering. Again, it greatly reduces the Mach band effect.

— 924 —



*0O 4 5

+)1 &# &&
B '/ ! 81=; 1y ) ! Y )% )$FL )t )
! ! )" % % ! ) 1) ") ey o L) $ e ,
17)$ 1, # Y Lo &% I $ %% ! ! L)% )" %
! [ A ! ) ! e % o 1 " ! !
)" % ! ' ) $)'1 1"%! 1% * ) L $)
't )y " sl % ) Cy $11 ! Y )% s ) !
Y%) 1'% $0 4 4 , & 5 "
L) D N R LN 7 S Lo )
"y ) ! $ " $)'L /") &l 1% ) 1) )
$ %! 1 #l$/ & %! ) ) $)'! )"% $ %! I
Yy 1V # % - / L) ") I L, #1¢
I 1) O T 2 W B A R T - S L
%! " B '/ ! 81=1
K1 L # $)'! )% $ %! ) Lo)$!l s, #!
D T S Yy Y L, # #11 )% 1B BS$
$91 # ! ) Lo$)' )t kL ) 10 Lt $)
o ) " sl % ) "0 1 ' . )"% %! " BM/ ! 81=1
$)'r oo ! Yy )Y L) #D ) ! Yy 11t
) $)"! ) ) ) ) 78) " CIg)t )1
)" % O @P )&!' 0/)" ) &! 1% ) [$)" )1
* | [t ) ) $)'! ) ) !
) ) ) | * /! ') 1 B $ "N #D #
$)'r ) Loy moo I
)" %, | VYRl $ %! # K1l % [ 1% " 1 "7 )y
0)"'9% 45 , &) 5 )Y%!$) - Lo /11

8<
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3 Shape from Shading

So far in this chapter, we have reviewed the shading models in terms of three
reflectance components for a surface point, and then how well the polygonal
renderers simulate an original surface using the Lambertian shading model. We
have discussed how to decide an intensity value on a particular point, assuming
that surface and shading properties are given.

In this section, we will explore inverse shading. Assuming that an intensity
value and shading property are given, how can we recover the surface property
on a particular point?

3.1 A simple example of a surface recovery

The SFS method provides one solution to the previous question. In order to
explain this, we start with an ideal example in 2D, as shown in Figure 2.8.
Given an intensity profile (shading), find the original surface (mountain shape)
satisfying a shading model.

We assume that there is a distant light source L illuminating from top to
bottom and that the intensity profile is a set of intensity values for each pixel.
Most SFS methods extract surface orientations corresponding to all individual
pixels and then recover the original surface using integration.

For example, the arrowmarks in Figure 2.8,which is called a needle diagram
[Hor86], can be a set of solutions of surface normals, since they give the same
intensity profile as the input. This allows us to get a recovered image illumi-
nated by a different light source. However, the image cannot be viewed in a
different direction, because such needle diagrams only provide a tiny subset of
discontinuous surfaces, as shown on the left-hand side in Figure 2.8.

Usually the original surface is recovered by applying the integrability of a
smooth surface, as shown on the right-hand side in Figure 2.8. Unfortunately,
the recovered surface is now too flat to be seen in a differenent view as well,
because it uses an over smoothness constraint. This means that SF'S methods
must adopt additional constraints in order to produce a different view. We must,
therefore, exploit an alternative method in this thesis.
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properties of an original surface such as a convex, concave, saddle, and hyperbolic
point, and so on.

Koenderink [KvD80, KvD82, KvD84] proposed that the 3D shape of an iso-
brightness curve in an image is determined by parabolic points on the surface,
and that an intensity on the parabolic curve is a local minimum or maximum.

Pentland [Pen86] accounted for the qualitative surface type with spherical
points such as convex, concave, saddle, planar, cylinderical points. In addition,
Dupuis [DO92| used the fact that qualitative curvature of a surface is given at
points of brightest image intensity.

On the other hand, quantitative approaches determine the quantitative prop-
erties of an original surface. Most of the recovered properties can be represented
by one of the following [Hor90, Bru88|:

O a contour map,

0O a depth map z(z,y),

O a needle diagram N(N,(z,v), Ny(z,y), N.(z,9)),
0O a gradient space (p(z,v), ¢(z,v)), or

O a slant and tilt space (p(x,y), 7(z,y)),

where (z,y) means a point (z,y) in an image.

The contour map is a set of equal height curves of a reconstructed surface.
The depth map is a collection of relative heights. The needle diagram is a set of
unit normal vectors. The gradient space is a collection of the rate of change of
heights. The slant and tilt space is a set of the angular version of the gradient
space.

Furthermore, the quantitative approaches can be divided into global ap-
proaches and local approaches. Global approaches determine the original surface
by either propagating known shape information at a singular point to the whole
image [Hor75, OD93, BP92b] or minimising a cost function related to bright-
ness errors according to the whole image [IH81, HB86, Hor90, ZC91]. Local
approaches determine the original surface in a small neighbourhood of an im-
age point [Pen86]. The next subsections review several of these quantitative
approaches starting with the propagating approaches. It is important to under-
stand the characteristic strip method because it was the first to address the SF'S
problem in image analysis [Hor86).
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3.3.1 Propagating approach

3.3.1.1 Characteristic strip method Assuming that z(z,y) is a smooth
surface so that the first and second partial derivatives exist everywhere, then a
depth map z(z,y) can be computed by solving the image irradiance equation,
I = R(p,q), where I is an intensity value, R(p, q) is a shading model.

Horn [Hor75] proposed a set of five ordinary differential equations using the
image irradiance equation as follows:

dr = Ryds, dy = R,ds,
dz = pdx + qdy,
dp = I, ds, dg = Ids,

where ds is a small step along a solution curve. Starting from a singular point,
the reconstruction process now turns into solving these equations by propagation
along a characteristic curve. This produces a series of the small steps ds’s. Let
us verify this process with a singular point in an image, assuming that it has
an initial surface information (zo,vo, 20,P0,q).- For a small step (dz,dy) =
(Rpds, R,ds) from the singular point (zo,y) to a direction of ds, we want to
obtain a solution (z1,y1, 21,P1,q1). It is clear that z; = z¢ + dz, y1 = yo + dy,
and z; = zy + dz, where dzr and dy are already given. The change of height dz
can be obtained from the third equation, so dz = podz + gody.

For the next small step, p; and ¢, are prepared by p; = po+dp and ¢q; = ¢go+dg
respectively. From the last two equations, dp = I,ds and dq = I,ds. Therefore
p1 = po + I;ds and q, = qo + Ids.

This process propagates depth and surface normal information outwards,
starting from an initial point in an image®. The direction of the propagation is
decided by (R,ds, R,ds) and (Ids, I,ds). In other words, a step (dz,dy) taken
in an image is parallel to (R,, R,) of the gradient space, while a step (dp, dq)
taken in the gradient space is parallel to (I, I,) of the intensity gradient®.

A particular set of solutions consecutively determined by this process forms a
curve in the image space, which is called a characteristic strip. It can determine
a space curve as well, because it has surface normals at all points on it.

One drawback of this approach is that the propagation direction is distorted,
if the image is noisy. Moreover, the strips cumulatively deviate from their ideal
paths as the computation progresses. In bad cases, the adjacent strips may cross
and spread too far apart. However it is possible to avoid crossing and spreading

SThe initial point can be provided by singular points or occluding boundaries [Hor86].
8In practice, the step is usually taken in the direction of the steepest descent path.
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problems using certain neighbouring rules [Hor75, Hor90]. This modified method
interpolates new strips when the existing ones separate too far, and delete old
ones when they are too close to each other.

3.3.1.2 Optimal control method Dupuis and Oliensis reformulated the
SES problem as an optimal control problem [Oli91b, DO92, OD93]. By assuming
twice differentiable height, isolated singular points, and nonzero curvature at
singular points, they suggested that the optimal movement control principle
could lead to a solution without the additional constraint used in minimising
approaches.

The solution surface is reconstructed from the singular points to the bound-
aries in an outward propagating manner. In practice, however, the singular
points lead to a triple local ambiguity; that is, is the shaped point convex, con-
cave, or saddle-shaped?

Bichsel and Pentland [BP92b] simplified their approach by employing the
minimum downhill principle, which removes the ambiguity of singular points.
The propagation of depth information is as follows:

O The depth information is only passed to paths that are farther away from
the light source.

O Among all the possible paths, choose the steepest descent path that is
closest to the light source.

Assuming that the surface is continuous in the direction ¢ and that the depth
information is propagated from a point (z, y,0) toward (z,y, ¢), the depth z at
a possible path ¢ is described by:

2z, y, ¢) = 2z, y, 0) — dz(¢)

where ¢t denotes the time step, dz is the change of depth in the direction ¢.
Among the possible paths and the previous path, the depth z closest to the light
source is selected by:

2 (x,y,0) = maz (2" (z,v, 9), 2 (2, ).

This approach has the drawback that singular points must be given and the
surface should be continuous in the downward direction ¢. Furthermore it has
difficulty with multiple singular points. If they do not have the same depths,
this approach will have trouble initialising their depths.
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This approach computes an approximate solution whose rendered image is
close to the input image. This is based on minimising a cost function’, which is a
combination of the constraints, including one for brightness ||I(z,y) — R(p, ¢)||?,
which make computation stable and convergent.

Ikeuchi and Horn [IH81, HB86] employed a surface smoothness constraint
P2+ P2 + ¢ + ¢o, which enforces a solution surface to be smooth. Horn pointed
out one weakness with this. The solution walks away from I(z,y) = R(p,q)
when the correct solution is used as an initial condition; for example, when the
input image contains singular points [Hor90, Oli91a]. This suggests that the
initial condition must be selected carefully for the minimising approach.

Since shading is related to the change of surface orientations, in areas where
image intensity changes rapidly, the surface is not smooth. Zheng and Chellappa
[ZC91] employed an intensity smoothness constraint (R,—I,)?+(R,—I,)? instead
of using the surface smoothness one. They ensure that the intensity gradient
of a solution image should be close to that of the input image. However, these
constraints result in a solution image, which looks too flat.

It is noticable that the constraints discussed so far are focused on minimising
the intensity error between the input image and a recovered one. Moreover,
a reconstructed surface obtained by applying only those constraints may give
unacceptable spatial trajectories as shown on the left-hand side in Figure 2.8.
These trajectories take the solution away from the original surface.

To minimise the surface trajectories, Horn [Hor90] employed an integrability
constraint (z; — p)? + (2, — ¢), which enforces a reconstructed surface z(z, y) to
have partial derivatives 2z, and z,. They should be close to the computed p(z, y)
and ¢(z,y). Alternative integrability constraints are described in [HB86, FC88].
The variation in height 2z is determined by minimising a cost function in an
iterative manner.

Another drawback of the minimising approach is that it requires a huge
number of iterations in order to obtain an acceptable result. Szeliski [Sze91]

"In standard regularisation theory, the ill-posed problem of finding a solution z from data

Y,
Az =y

requires minimising a cost function,
2 2
1Az —ylI” + AlIP2]",

where A is a linear operator, ||Pz|| is a stabilising function, and A is a weighting parameter that
controls the compromise between the level of regularisation of the solution and its closeness
to the data y. The cost function has to be both close to the data and regular by making the
constrained term || Pz||* small.
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due to the over intensity smoothness constraint. In general, any method using
the smoothness constraint produces a flat solution similar to their result.

3.3.3 Local approach

While the global approaches recover the shape information over a whole image
either in a propagating or minimising manner, the local approaches attempt to
recover a surface using assumptions about surface shape in a small neighbour-
hood of a point.

Under the assumption of Lambertian shading, Pentland [Pen86] firstly pro-
posed a solution for local surface types qualitatively and orientations quanti-
tatively. He suggested five surface types corresponding to their curvatures: a
planar, cylinderical, convex, concave, and saddle surface. For an image point,
these types can be locally determined by its second derivatives dI as follows:

3 a plane satisfies that d/ = 0 in all directions,
O a cylinder satisfies that d2I = 0 along one directions, and

0 if d*I # 0 in all directions, then the image point is a convex, concave, or
saddle surface.

In addition, a surface orientation is recovered by matching the spherical sur-
face derivatives with the brightness derivatives in an image. This is described by
the slant and tilt representation, where tilt is defined as the angle between the
projection of the surface normal on the image plane and the x-axis, and slant
is the angle between the surface normal and the direction toward the viewer.

For a surface normal N(X,,Y,,Z,), the slant ¢ is the depth component of
it and is equal to cos™! Z,. Furthermore, the z-component Z, is approximately
estimated by

coso = Zy,
1
— R
- )
|V2I!$,y! 1
I(z,y) R?

where V2I(z,y) = I,(z,y) + I,y (z,y) is the Laplacian operator of image inten-
sity and R is the radius of spherical patches.

The tilt 7, which is the image plane component of the surface normal, is as
follows:

tanT = —
X'
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where the tilt direction —}% is estimated as the maximum response of the gradient
direction of the slant field.

His approach is useful to recover the shape in the absence of the initial
conditions such as singular points and occluding contours. With an assumption
of equal-curvatures, however, it is not possible to determine the surface shapes
uniquely. With the second derivative of image intensity, it may give ambiguous
solutions; such as a convex, concave, and saddle surface. Another drawback is
that he used the second derivative of image intensity to determine the surface
types and orientations. The use of the second derivatives makes this approach
very sensitive to noise.

On the other hand, under the same spherical assumption, Lee and Rosenfeld
[LR85] recovered a solution surface in terms of slant and tilt in the light source
coordinate system. They used only the first derivatives I, and I, which is dif-
ferent from the second derivatives d*I used by Pentland. Under the Lambertian
surface, they proposed that the slant ¢ and tilt 7 of a surface normal at an image
point be obtained as follows:

I,cos T — I;sinT
I, cosTycos oy + I, sinTycos oy’

tant =

coso =1,

where I is the normalised intensity, and o, and 7; are the slant and tilt of a
light source respectively. Empirically, we found that their approach strongly
depends on a light source. In particular it only works properly for the light
source L(0,0,1).

We have also implemented a method proposed by Lee and Rosenfeld [LR85]
to further investigate the strengths and weaknesses of the local approaches.

Figure 2.12 shows a result obtained by applying their method. The left-hand
side is a Lambertian image generated by applying the normal interpolation ren-
derer to a polygonal mesh, together with a light source E(O, 0,1), I, = 255,
and k; = 1.0. The right-hand side shows a reconstructed image, which was
synthesized by the Lambertian shading model with L(0.55,0.18,0.82). The re-
constructed image looks right.

However it should be said that the height information is not correct, because
it was obtained by the formula, cosc = N, = I, which means that a height
component is equal to an intensity value. For example, if we assume that the
tip of the nose has the same intensity value as a point on the mouth, then they
will have the same height.
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Bichsel and Pentland proposed an optimal control method, which required at
least a singular point. We have applied their method to another input image in
Figure 2.11, which did not have singular points. It failed.

The minimising approaches, as we mentioned before, find an acceptable sur-
face by means of minimising a cost function, which includes additional con-
straints. For example, brightness, smoothness, and integrability constraints were
all we used. These approaches require a number of iteration to obtain an ac-
ceptable result, as shown in Table 2.1. In addition, the smoothness constraint
makes the result too flat.

The local approach is to find locally the original shape of an input image, with
a local shape assumption. Lee and Rosenfeld employed a spherical assumption.
Their method is faster than the others, but it may generate wrong local depth
information.

4 Face Reconstruction: A Survey

We have now reviewed three main issues; shading models, rendering models,
and SFS approaches. In this section, we survey methods for reconstructing 3D
human faces.

Many approaches have been proposed so far. The face model is usually
reconstructed from facial images or range data that are obtained using special
hardware equipment. These techniques are exploited in various application fields
including model-based coding [Cla95], facial animation [PW96], facial surgery
simulation [KGC96], and forensic identification [MC96].

Reconstruction methods can be divided into four groups according to the
data they used. The first group uses stereo images from a pair of ordinary
cameras [SU94]. The second group is statistically based on a huge set of facial
shape components [AGR95, AGR96|. The third group uses a pair of orthogonal
images, which are a front and side facial image, and a prototype face model
[AC91, ASW93, HY96, Vet96]. Finally, the fourth group uses a set of depths, so
called range data, captured by a laser scanner [DY88, NHRD90, WT91, LTW93].

All of these methods have a main drawback; that is, a physical subject is
necessary to obtain a pair of images or range data from an individual face.
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Chapter 2. Related Work

This approach uses cylindrical coordinates to represent an out-of-sample
head, r(6, h), by both the meanhead r¢(f#, h) and a combination of eigenheads
¢i (0 y h)

7‘(0, h) = 7‘0(0, h) + Z aiqﬁi(ﬁ, h),

where @ is angle, h is height, and q; is a principal component coefficient.

The eigenheads ¢;(6, h) represent an empirically derived set of statistical reg-
ularities in the 3D head database. Again, they produce a set of low-dimensional
representations. Thus the required number of coefficients depends on how accu-
rately the face shape is reconstructed.

The reconstruction of the head r(#, h) from an image now becomes the prob-
lem of determining the coefficients a;’s. Atick et al employed a cost function to
minimise brightness constraints as follows:

//(I(xo +rsinf, h) — R(E,a))zdedh,

where I(...) is an estimated intensity in the cylindrical coordinates and R(...) is
a reflectance function with respect to a light source L and a set of coefficients
a;’s.

This approach suffers from several major drawbacks in its use of the eigen-
heads. It strongly depends on the quality of the eigenhead surfaces as a basis of
the database used. If we use poor eigenheads produced by a noisy ensemble of
3D heads, the reconstruction may not be acceptable. The storage requirement
for the database is huge if the eigenheads are numerous. Furthermore, if we try
to reconstruct a face that does not belong to the distribution of the eigenhead
set, the quality of the resultant face may be poor, because it depends upon the
meanhead.

4.3 Prototype model modification

A face model corresponding to an individual can be obtained by modifying a
prototype model in the form of a polygonal mesh, using a front and a side
image of the face [ASW93, HY96]. The left-hand side box in Figure 2.15 shows
a modified prototype model imprinted on the orthogonal images, which was
adapted from [ASW93].

The modification is achieved by rearranging a set of displacement vectors,
which is obtained from the correspondence of facial features between the proto-
type model and the two orthogonal face images. However, this method requires
that feature match between the model and the images should be carefully carried
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Chapter 2. Related Work

0O the component approach requires that the preburn face belongs to a set of
samples, and

O the range approach requires range data.

However, our method is suitable for reconstructing a burn face.

In the next chapter, we will develop tools to simulate the impoverished faces
from the originals. They will be used as the internal models in our reconstruction
method.
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Chapter 3

A Representation of Prior
Knowledge

In the fields of both computer vision and graphics, the geometric modelling or
representation of a 3D object is an important problem. There is no one way to
model it completely, because it depends on the application of the model [PW96].

In this thesis, we need to model as approximation of the original surfaces
of human faces. As a planar approximation, we employ a triangulated mesh
which consists of a large number of triangles. How many triangles do we need to
represent a face? We have no doubt that the more triangles are used, the more
detailed face is available [FvDFH90, BG92, FvDF*94, HB94, Wat94].

However our purpose in this chapter is not to approximate human faces in
detail, but to impoverish a face model as much as possible in terms of triangles.
This impoverished face! will play an important part as prior knowledge, when
we reconstruct the original face from a single face image in the following two
chapters.

In this chapter, we will discuss the issues of impoverishing an original face. It
starts with the reason of face impoverishment, the attributes of faces, and then
addresses the Meducer as a tool for impoverishing faces and the Meditor which
is a tool for editing face meshes. Figure 3.1 shows an example of impoverished
levels of a face created by the Meducer.

In this thesis, a face is referred as a (polygonalised) face model or a face mesh without
discrimination hereafter.
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Chapter 3. A Representation of Prior Knowledge

1 Why Do We Impoverish a Face?

Let us imagine that a sculptor has a cubic-shape stone and a face photograph.
First of all, he may cut corners of the stone to obtain an ovoid shape. And
he carves the features of the face coarsely. And then he refines them again and
again. In doing so, as we argued in Chapter 1, he probably uses a geometry-based
internal model for the face. We can regard a sculptured degree at a point of time
as a representation of his internal model (prior knowledge). Therefore we can
say that he reconstructs the original face in a photograph, starting from a very
coarsely sculptured face such as a cubic-shaped one. Our face reconstruction
method is very similar to his in the sense that we reconstruct the original model
of a face photograph using prior knowledge.

In its development, we represent prior knowledge in terms of a sculptured face
at a point of time, say, an impoverished face. Therefore the impoverished face
must contain the prior knowledge of the original face geometry to some degree.
Of course, there are many ways to represent prior knowledge about human faces
[Par82, Wat87, LTW93, ASW93, PW96]. For example, the meanhead discussed
in Chapter 2 is a representation of prior knowledge. However, it has too much
information, because it can be still recognisable as a person’s face. Our purpose
is to reconstruct the original face in an image using prior knowledge as poor as
possible.

How much information about the original face is sufficient for our method?
To answer it, we decided to impoverish the original in order to obtain a coarsely
sculptured face. As an extreme case, we believe that it is possible to reconstruct
the original face from a single face image, starting from a potato-shaped face
such as that shown on the upper middle picture in Figure 3.1. The bottom
right picture is a shaded image of an original face and the others show differ-
ently impoverished levels of the face. They are 907%, 80%, 60%, 40%, and
20% impoverished using the Meducer. Especially, the top left-hand side is 90%
impoverished and then distorted using the Meditor to be more impoverished.

When only a single photograph is available, it is possible to reconstruct the
original face if there is also an impoverished face. For example, our method is
suitable for reconstructing burn faces such as that shown on the top left-hand
side in Figure 3.1.
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Chapter 3. A Representation of Prior Knowledge

Figure 3.3: Non planar vertices

It is not possible to draw a pla-
nar quadrilateral having four non-equal
height vertices. Provided that vertices
V1, Va, V3, and V; have different heights
one another, they may contain a valley,
VoV, or a ridge, V4 V3.

2.2.1

Vertex

A vertex is a structure consisting of seven fields as follows;

a

a

a

The vtype indicates whether a vertex referred to is a boundary or sur-
rounded vertex. In the process of impoverishing a face, boundary vertices
cannot be removed but surrounded vertices can be removed.

The world, eye, and screen fields store the geometrical information of
a vertex as three cartesian coordinates. The world and eye are zyz-
coordinates normalised. While the eye is changed by the orientation of
a face, the world remain unchanged in the whole process. The screen is
the screen coordinates obtained from the eye.

The normal is an average of the surface normals of polygons shared by the
vertex, which is based on the eye field. It is usually used for creating an
image and impoverishing a face.

The pl is a pointer to a list of polygons sharing the vertex.

Finally, the next is a pointer to another vertex.

2.2.2 Edge

An edge is a structure consisting of four fields: v1, v2, pl, and next field. The
vl and v2 are a pair of pointers to two vertices belonging to an edge. The pl is

a list

of polygons sharing an edge. The next is a pointer to another edge.

On the other hand, an edge is divided into two types according to its at-
tributes. One is a boundary type and the other is a shared type. A boundary
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