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Chapter 1

Introduction

1.1 Motivation

In specific applications like video-conferencing, news telecast, etc, where most of the
image area is covered by a human face, it is possible to achieve extremely low bit-rate
video transmission by using 3D head models. At present tracking algorithms such as [1]
exist, which, given a 3D model of the head are able to track it in a video sequence. As yet,
no fully automatic system has been reported which extracts a 3D head model from the
video and uses it for tracking. If 3D head models can be extracted from the first frame
(or a first few frames) in a video sequence then it will become possible to build extremely
low bit rate video coding systems for communicating head and shoulder scenes. 3D head
models can also be used for synthesizing novel views and facial expressions, animating
virtual characters, enhancing lighting conditions, etc.

1.2 Related Work

One line of research started with Ullman and Basri [2] who showed that a linear combina-
tion of three views of a single object may be used to obtain any other views of the object.
Inspired by this, Vetter and Poggio [9] introduced the idea of linear object classes. A
linear object class is defined as a set of 2D views of objects which cluster in a small
linear subspace of R2", where n is the number of feature points on each object. They
showed that in the case of linear object classes, rigid transformations can be learned
exactly from a small set of examples. In [6] a 2D morphable model is built for images
which form a linear object class. Blanz and Vetter [4] built a 3D morphable model for
the synthesis of faces. Starting from a dataset of several 3D face model obtained from a
Cyberware laser scanner, they build a morphable face model by transforming the shape
and texture into a vector space representation. Thereafter new faces and expressions



can be modeled by forming linear combinations of the faces in the dataset. They also
generate 3D models of faces using one or more photographs.

Brand and Bhotika [5] present the latest in another line of work for obtaining a 3D
model of a face from a video sequence. This work is based on obtaining 3D structure
from motion using a factorization method based on rank constraints.

1.3 Project Overview

In this project we intended to build a morphable 3D model for faces as explained in
[4] using several shape and texture scans which were obtained using a Cyberware laser
scanner. The main challenge in obtaining a morphable 3D model is in finding the
correspondences between two different shape scans of faces. Similar to [8], we solve this
problem by modifying the Iterative Closest Point(ICP) algorithm to handle non-rigid
deformation also. We have worked on obtaining a morphable model only for the 3D
shape. Once the 3D correspondences are obtained we can use the same method as for
shapes to include texture also in the morphable model. In this project an algorithm for
determining non-rigid deformation between two surfaces in 3D has been implemented
and this has been used to complete the first stage of the bootstrapping algorithm for
building a morphable model

In the next chapter we present the theory behind a morphable 3D model for faces.
This involves building a morphable model using a bootstrapping algorithm. A discussion
of the iterative closest point algorithm for obtaining correspondence between surfaces is
also briefly discussed. The following chapter gives details and results of our implemen-
tation for building the morphable model. Finally we conclude with directions for future
work.



Chapter 2

A Morphable 3D Model For Faces

The morphable model for faces is based on the idea of a linear object class. An object in a
linear object class can be representated as a linear combination of example images of that
class. In the case of faces, the morphable model is obtained from a data set of example
faces. For representing faces as members of a linear object class, full correspondence is
required between all the faces in the data set. In this section the theoretical basis for the
morphable model will be presented assuming that all the faces are in full correspondence.

2.1 Object Representation As A Linear Combina-
tion Of Objects Of The Same Class

Let the geometry of a face be defined by n feature points or vertices. Then the ge-
ometry can be represented by a shape-vector S = (X1,Y1, 21, Xo, ..., X, Yn, Z,)T €
3", The texture of a face can also be similarly represented by a texture-vector 7' =
(R1,Gy, By, ..., R,, Gy, B,)" € R3" that contains the R, G, B color values of the n cor-
responding vertices. Now suppose that we have a set of m example faces from a laser
scanner, then each face can represented by its shape-vector S; and texture-vector T;.
Since we have assumed the faces to be in correspondence, new shapes S,,,qe; and new
textures T,,.q4e1 Can be expressed in barycentric coordinates as a linear combination of
the shapes and textures of the m example faces.
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The morphable model is defined to be the set of faces {Smodei(@); Trnoder ()}, param-
eterized by the coefficients @ = (ay,az,-..,a,)" and b = (b1, ba,...,b,)". Thus new
faces can be generated by varying the parameters @ and b that control the shape and



the texture.

However if the parameters @ and b are varied randomly then the results may not look
like faces. In order to quantify the results in terms of their plausibility of being faces a
different representation is used in which a probability distribution is determined for the
parameters.

Let S and T be the averages of the shapes and the textures respectively. Let Cx
and Cr be the covariance matrices corresponding to the differences AS; = S; — S and
AT, =T, —T.

Principal component analysis(PCA) can be performed on the vectors AS; and AT;
to obtain the eigenvectors s; and t; of the covariance matrices C'r and C's respectively.
Using this a new face can be represented as

Snoder = S + S s Troder = T + 37 Bit; (2.1)

where @, 3 € R™!. The probability distribution for the coefficients & is given by

. | - - 1 e
p(&) ~ €$p[_§zi:11(ai/05i)2] p(B) ~ emp[_izi:1l(0¢i/UTi)2] (2.2)
In the above equation og; and or; are the eigen values of the covariance matrices Cg
and Cr respectively.

2.2 Bootstrapping Algorithm

It was assumed in the previous section that the example faces are in full correspondence.
However the shape and texture scan as available from the laser scanner are not in corre-
spondence. Hence the key problem is to compute a dense point-to-point correspondence
between the vertices of the faces. In [4] the 3D correspondence was obtained using optic
flow and a bootstrapping algorithm. In this project we have used a modified version of
the Iterative Closest Point(ICP) algorithm to compute 3D correspondence with a similar
bootstrapping algorithm.

Suppose that an existing morphable model is not powerful enough to match a new
shape scan and thereby find correspondence with it. The idea is to first find a rough
correspondence to the new shape scan using the (inadequate) morphable model and
then to improve these correspondences by using an algorithm to find correspondence
between two shape scans. This constitutes the basic recursive step of the bootstrapping
algorithm. For example, as shown in Fig. 2.2 suppose we have a model consisting of
objects 1 and 2 and that we want to add a new object 3 also to the model by finding
the correspondence between object 3 and any of the objects 1 or 2. Instead of finding a
direct correspondence first a best fitting linear combination 1’ of 1 and 2 is obtained and



Figure 2.1: Basic recursion of the bootstrapping algorithm

then the correspondence is determined between object 3 and 1’. This correspondence
can be determined more accurately since the objects are closer to each other.

The idea underlying the bootstrapping algorithm is to start from a small flexible
model consisting of fewer dimensions and then to increase its dimensionality by iterating
the basic recursive step explained above.

There are two main problems with building a linear flexible model. The first one is to
choose the reference object, relative to which shape and texture vectors are represented.
The second is to automatically compute the correspondences even in cases in which the
algorithm for finding correspondences might fail if used directly.

In principle, any example shape scan could be used as the reference image. However,
the average image of the whole data set, for which the average distance to the whole
data set is by definition at minimum, is the optimal reference image. Since the corre-
spondences between the images cannot be computed correctly in one step, the average
has to be computed in an iterative procedure. This is done in the first stage. The corre-
spondence fields obtained at the first stage from the face shapes to the average shape are
usually far from perfect. The bootstrapping idea is to improve the correspondences by
applying iteratively the basic step described above and at the same time increasing the
dimensionality of the morphable model. A pseudo code of the bootstrapping algorithm
is given below.

Pseudo-code for the bootstrapping algorithm

Stage I: Selecting a reference image

Select an arbitrary shape S; as the reference shape S,.;.
Until convergence do {
For all S; {

Compute correspondence field S; between S,.ef and S; using the algorithm for



computing correspondence.
end For }
Compute average over all S;.
Warp S,ef to the new average Igyerqqe using the above average.
Test for convergence. Is ||Iuperage — Irer|| < limit?

Copy I(werage to Iref-
end Until }

Stage II: Computing the correspondence

Until number n of principal components is maximal {
Perform PCA on S,
Select the first n principal components for the morphable model.
Approximate each S; by the linear model with Smedet
Compute correspondence S! between S™°% and S;.
Combine S} and S™%! to obtain SPev.
Copy all S**" to S;.
Increase number n of principal components.

end Until }

2.3 Non-Rigid Iterative Closest Point (ICP) Algo-
rithm

The Iterative Closest Point (ICP) algorithm was initially proposed by Besl and McKay
[7] to rigidly register surfaces. Given two surfaces the ICP algorithm iteratively aligns
one surface to be as close as possible to the other. It works iteratively in 3 phases:

1. Establish correspondence between pairs of features in the two structures that are
to be aligned based on proximity.

2. Estimate the rigid transformation that best maps the first member of the pair onto
the second.

3. Apply that transformation to all features in the first structure.

These three steps are then re-applied until convergence. Although simple, this algorithm
works well when given a good initial estimate.

Feldmar and Ayache [8] proposed a modification to the above algorithm to obtain
non-rigid surface registration. For each point a local affine transformation is computed
which varies smoothly along the surface. This is called locally affine deformation. In



order to achieve better registration, the distance is measured using not only the spatial
coordinates but also other geometric properties of the surface at each point such as the
surface normals and curvature. The algorithm works the same as the rigid ICP algorithm
with a different distance measure and a different but smoothly varying affine transform
for each point. Further details of the implementation of the non-rigid ICP algorithm
implemented in this project are given in the next chapter.



Chapter 3

Building The Morphable Model

In this chapter we describe the building of the morphable model from the shape scans
available from a Cyberware laser scanner. We start by explaining the cleaning up of
the data for building a morphable model. This is followed by an algorithm similar to
stage I of the bootstrapping algorithm for coarse alignment of the shape scans. Next the
non-rigid iterative closest point algorithm as implemented in this project is described.
Next we discuss the implementation of stage I of the bootstrapping algorithm to obtain
the reference image.

3.1 Preprocessing Of Cyberware Data

The data available from the Cyberware scanner for each face has three components. The
first is the shape scan which is in the form of radii values in cylindrical coordinates. The
corresponding texture scan is available as a separate file. A marker file contains the 3D
positions of the markers placed on the face.

The shape scans as shown in Fig. 3.1 are noisy due to problems in triangulation
which result in voids in the shape scan. The shape data is filtered to interpolate the
voids and to remove the spikes.

The texture data as shown in Fig. 3.2 contains markers and these have to be removed
for forming a morphable model. The approximate locations of the markers are given
in the marker file. Starting from these positions a connected region having a high
probability of being a marker based on its color is selected. This region is interpolated
using a distance weighted interpolation. The results obtained after cleaning up the shape
and texture data are given in the Figs. 3.3 and 3.4.
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Figure 3.6:

3.2 Alignment Of Shape And Te ture Scans

For building the morphable model we need to obtain the correspondences between each
pair of shape scans. A first step at achieving this is to coarsely align the shape and
texture data. If the face is not be at the center of scanning region then the texture is
distorted. The shape scans are brought into rough alignment using an iterative algo-
rithm as explained below.

Given: Scans t; fori =1,...,n.
Until convergence{
Compute mean t
Enforce symmetry on ¢
Estimate the rigid transform {R;, 7%} for each i.
Transform each t; to R;t; + T;.
Test for convergence of ¢
end Until}

The results of non-rigid alignment of the textures in Fig. 3.5 using this algorithm are
given in Fig. 3.6.



3.3 A Non-Rigid Iterative Closest Point Algorithm

In our implementation of the non-rigid ICP algorithm we use the following measure of
distance.

[ X1 =X |* = (21—22)*4+( 1— 2)*+(1— 2)*+ 1(1 —(1— 2 )%+ 2(1 —2)* (31)

where

=— and = —

The quantities and are expected to make the selection of the closest point closer to
its true corresponding point since now the distance also incorporates the surface shape
at that point.

The whole of surface S1 is divided into small patches and the closest points on S2
corresponding to each point on this patch are determined. These pairs are used to
compute the affine transform for that patch. The affine transform for any point on the
surface is obtained through a bilinear interpolation of the affine transforms of the 4
nearest patches to the point.

Since the quantities and  are nonlinearly dependent on the affine transform, we
recompute these values by warping the surface after each transform. In [8], the Extended
Kalman Filter(EKF) is used to tackle this non-linearity.

An example of finding the correspondence between two scans is given in Fig. 3.7. At
each iteration the a surface is warped to move closer to the other surface. The plot of
mean square error given in Fig. 3.3 show that within just a single iteration the surfaces
start fitting each other well.

3. Implementing The Bootstrapping Algorithm

The bootstrapping algorithm is implemented using the modified non-rigid ICP algorithm
to find correspondences between two shape scans. As of now we have implemented only
the first stage of the bootstrapping algorithm due to shortage of time '. The two shapes
in Fig. 3.9 show how much the reference image is warped after the third iteration.




Figure 3.7:
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Figure 3.8: Basic recursion of the bootstrapping algorithm






Chapter

Conclusion

The most difficult part of building a morphable 3D model for faces is to obtain the cor-
respondences between the face shapes. In this project we have implemented a non-rigid
modification of the Iterative Closest Point Algorithm for finding the correspondence
between a pair of shape scans in 3D. This is in contrast to earlier work [4], where the
correspondence was obtained using optical flow in 2D. Using this 3D correspondence
algorithm, we also implemented the first stage of the bootstrapping algorithm for build-
ing a morphable model. However, due to shortage of time we were unable to complete
building the model.

Future work will aim at completion of building the morphable model followed by
using this morphable model for extraction of 3D models of faces from single images.
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