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The Study of Model-based Face Tracking -
Active Shape Model and Its Extension

Student: Ting-Hsuan Lien Advisor : Song-Sun Lin

Department of Applied Mathematics
National Chiao Tung University

July, 2012

Abstract

Image correspondence is a fundamental problem which discusses the
relation of features between images of the same scene. Various
approaches have been proposed to achieve this goal. In this thesis, we
discuss the method of Active Shape Model, a straight forward approach
for tracking the correspondences between images. The active shape
model has been shown to be a practical and robust solution for matching
features in 2D images. However, applying this technique to the matching
of features in 3D point clouds still fail to produce convincible results. In
this thesis, we will review the active shape model by splitting into the
preprocessing and run-time stages. discuss the variation in each step, and

its extension to the 3D point cloud.
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Chapter 1

Introduction

Shape correspondence, is a fundamental step in many computer vision and
image processing applications such as image recognition, 3D reconstruction, object
tracking, and image registration. The step has much challenge since we must con-
struct a statistical shape model such as the point distribution model. The approaches
for solving image correspondence can be classified into two classes: model-based
and feature-based. Feature-based methods extract features in both images and use
some higher-order constraint [14] or pair-wise [34] to solve correspondence. Unfortu-
nately, feature-based approaches fail to detect correspondence when there are strong
changes in pose and expression. Model-based approaches align appearance features
with respect to a model. The model is learned from hand-labeled, and construct a
sequence of template model to match new image. But it lacks of generalization to
untrained situations. In this section, we will describe the motivation of our study,
introduce the overview of the proposed face feature location system, and then give

the organization of this thesis.



1.1 Motivation

We found some flaw as we obtained image data from 3D scanner, like holes, or
missing data, especially noise, usually we handle it by artificial. Although it is easy
to modify image data, but if the more manmade we add, the more image distortion
will be happened. In view of above mentioned reasons, we as far as possible extract
other image data we have known to recover image. Image registration is one of way
that can solve this problem, hence we started surveying on image tracking. First,
we consider facial tracking which can make sense on our experiment. Active shape
model is a powerful tool to describe the sequence of image, especially face alignment.

We expect this tool can be extend to deal with any types of image data.

1.2 Organization

In order to present a systematic overview of the topic, we have divided this
article into several parts. In Section 2, we will describe the works related to our
study. Section 3 gives the active shape model methods in details and 3D extend.
In section 4, we will present an overview of the application of image tracking. The

conclusions and future works are given in Chapter 5.



Chapter 2

Related works

In this section, we review the related work about the face tracking in two part,

face detection and tracking method.

2.1 Face detection

Before we tracking face, the most important process is to detect the face in
an image. Here, we summarize method is in four classification to explain how to
extract feature point in object and recent works . Here summarizes methods and

representative works for face detection in a single image as shown in Table 2.1.
(A) Feature invariant approaches:[47]

This approach aims to find structural features that exist even when the pose,
viewpoint, or lighting conditions vary, and then use the structural features to locate
faces. These methods are designed mainly for face localization. Facial features such
as eyebrows, eyes, nose, mouth are commonly extracted using edge detectors [7].

Researcher try to find the features of faces for detection. Leung et al. [30] use



Approach Medium Reference
Facial Features Grouping of edges method [30]
Feature Texture Space Gray-Level Dependence matrix of face pattern [15]
invariant Skin Color Mixture of Gaussian [49]
Multiple Features Integration of skin color, size and shape [29]
Template Predefined face template Shape Template Method [23]
matchin
9 Deformable templates Active Shape Model, Active Appearence Model [19]
Eigenface Eigenvector decomposition and clustering [46]
Appearance- Distribution-based Gaussian distribution and multilayer perception [43]
based Neural Network Ensemble of neural networks and arbitration schemes [39]
Support Vector Machine SVM with polynomial kernel [35]

Figure 2.1: Categorization of methods for face detection in a single image.

probability to locate a face from a chaotic scene based on local feature detectors.
Their idea is to find the arrangement of certain facial features that is most likely
to be a face pattern. Yow and Cipolla [51] presented a feature based method that
uses a large amount of samples from the visual image and their contextual samples.
They use Gaussian filter to obtain the points they interest, and then define the
measurement on these point. An image region becomes a valid facial feature candi-
date if the Mahalanobis distance between the corresponding feature vectors is below
a threshold. Subsequently, this approach has been enhanced with active contour
models by M. Kass et al. [24]. Augusteijn and Skufca [1] developed a method that
deduces the presence of a face through the identification of face-like textures. They
use second order statistical features to compute the measurement of textures on the
sub-images of 16 x 16 pixels [21]. Y. Dai et al.[15] used a cascade correlation neural

network to classify three types of features: skin, hair, and others.



(B) Template matching methods:

In template matching, a standard frontal face pattern is manually predefined
or parameterized by a function. Sakai et al.[40] attempt to detect frontal faces in
photographs. They set the sub-templates on features of face. Each sub-template is
defined in terms of line segments which extracted based on greatest gradient change
and then matched against the sub-templates, and we obtained the candidate po-
sitions from their correlation. Craw et al. [13] presented a localization method
based on a shape template of a frontal view face. After that, Yuille et al. [52] used
deformable templates to model facial features that fit an a priori elastic model to
facial features. Deformable templates is defined by the minimum energy function to
link the edge of image. Later, this conception was extended to the method ”Snake”
proposed by M. Kass et al. [24]. Lam and Yan [31] used snakes to locate the head
boundaries with a greedy algorithm in minimizing the energy function. Lanitis et al.
[32] use point distribution model and active shape model to represent image shapes
and intensity information. Cootes and Taylor [20] applied a similar approach to
localize a face in an image. They define rectangular regions of the image containing
instances of the feature of interest. Cootes and Taylor applied a similar approach to
localize a face in an image by rectangular regions of the image containing instances

of the feature of interest [11].

(C) Appearance-based methods:

Appearance-based methods rely on techniques from statistical analysis and

machine learning to find the relevant feature of face and non-face images. An early

case to use eigenvectors in face recognition was done by Kohonen [28]. He proposed



a simple neural network to perform face recognition for aligned and normalized face
images. These eigenvectors are known as eigenfaces. After that, Turk and Pentland
[46] applied principal component analysis [22] to face recognition and detection.
Sung and Poggio [43] proposed distribution-based system for face detection. This
system consists of distribution-based models for face or non-face patterns and a
multi-inductor classifier. Neural networks have been applied successfully in many
pattern recognition problems, such as optical character recognition, object recog-
nition, and autonomous robot driving. Agui et al. [2] used hierarchical neural
networks. They used parallel sub-networks in which the inputs are intensity values
from an original image and intensity values from Sobel filter on image. Sobel fil-
ter is used in image processing, particularly within edge detection algorithms. The
first used Support Vector Machine to face detection was worked by Osuna et al.
[35] support vector machines re supervised learning models with associated learning
algorithms that analyze data and recognize patterns, used for classification and re-
gression analysis (Quote from Wikipedia). The basic SVM takes a set of input data
and predicts, for each given input, which of two possible classes forms the input,
making it a non-probabilistic binary linear classifier. Given a set of training exam-
ples, each marked as belonging to one of two categories, an SVM training algorithm
builds a model that assigns new examples into one category or the other. An SVM
model is a representation of the examples as points in space, mapped so that the
examples of the separate categories are divided by a clear gap that is as wide as
possible. New examples are then mapped into that same space and predicted to

belong to a category based on which side of the gap they fall on.



2.2 Model-based image correspondence

Model-based methods are able to solve the correspondence in difficult situa-
tions since we can construct prior knowledge of the expected shape and appearance

of an object class.

(A) Active contour models:

The active contour model, or snake, proposed by M. Kass et al. [24] is an
energy-minimizing spline guided by external constraint forces and influenced by im-
age forces that pull it toward features such as lines and edges. Snakes do not solve
the entire problem of finding contours in images. The most advantage of snake is
that it is active and information from a higher level process can be used. Chang-
ing in high-level interpretation can carry out forces on a snake as it continues its
minimization. This approach can represent the boundary, internal features, such as
facial expression. The method Active contour model of Kass et al. [24, 36] is similar
as active shape model. It describes flexible contour models which are attracted to
image feature. Their main idea is that model evolution is driven by two energies:
an external energy that adapts the model to the image data and an internal energy

that stabilizes its shape based on general smoothness.

(B) Active shape models:

Active shape model (ASM) is statistical model of the shape of object which
iteratively deforms to fit to an example of the object in a new image [20, 41]. The
shapes are constrained by a statistical shape model to vary only in ways seen in a
training set of labeled examples. The shape model in ASM is given by the principal

components of vectors of landmark points. The gray-level appearance model is lim-



ited to the border of the object and consists of the normalized of profiles centered
at each landmark that run perpendicular to the object contour. The The fitting
procedure is an replacement of landmark location and model fitting in a multi-
resolution framework [12]. Since PCA is linear for shape models, Sozou et al. [44]
try to use nonlinear models that can be more suitable. After compute the Maha-
lanobis distance to search new possible position, Behiels et al. [4] used dynamic
programming to find new positions for the landmarks, instead of moving each point
to the position with the lowest distance. After that, Cootes et al. [45] countered the

the proposed landmark displacement with using weighted fitting of the shape model.

(C) Active appearance models:

Active Appearance models (AAM), proposed by Cootes et al. [8]. This method
is also a statistical model of the shape of object. It is a powerful generative method
for modeling deformable objects. The model divided the shape and the texture
variations of objects, which is followed by an efficient gradient-based model fitting
method. Due to the flexible and simple framework, AAM has been widely applied
in the fields of computer vision. However, difficulties are met when it is applied to
various practical issues, which lead to a lot of robust improvements to the model.
The AAM is a widely used method for model based vision showing excellent results
in a variety of applications. Comparing with Active shape model method, ASM
match a set of model points to an image constrained by a statistical model of shape,
the scope is restricted on profile composed by feature points we labeles and AAM
match both the position of the model points and a representation of the texture
of the object to an image. AAM could control a full model of appearance, which

represents both shape variation and the texture of the region covered by the model.



This can be used to generate full synthetic images of objects.

(D) 3D morphable models:

3D morphable face model [6] is a well-known computer graphics technique
based on a vector space that is constructed by any convex combination of shape and
texture vectors. The main idea behind the morphable face model approach is that
given a sufficiently large database of 3D face models so that any arbitrary face can

be generated by morphing between the ones in the database.

2.3 Feature-based image correspondence

Feature-based image matching extracts distinct features from images then
identifies those features that correspond to one another. Features may a global
property of the image like the average gray value or a local property like points,
edges or circles within the image. The detected features should be invariant to
geometric transformation. Here we reviews two method on feature-based image cor-

respondence.

Scale-invariant feature transform:

Scale-invariant feature transform (SIFT) is an algorithm in computer vision to
detect and describe local features in images proposed by D.Lowe [33]. Lowes SIFT
is one of powerful method to construct geometric invariant features to match rigid

objects. Its extensions [5, 34] have been successfully applied to many problems.



Chapter 3

Active shape model

3.1 Overview

The Active Shape Model (ASM) is first proposed by Cootes and Taylor [9] to
find and trace the specific structure feature in image. It is based on the statistic
method that first define the interesting shape feature and then find the features in
target images. The ASM consists of two stages: the preprocessing stage and the
run-time stage. In the preprocessing stage, the specific shape feature is defined by
learning the mean shape of it and some parameters to reveal the variations in a
given data set using statistic methods. The specific shape feature in each sample of
the data set can be extracted by either user specify or by some shape descriptors.
In this thesis, we assume that such shape features are known. In the run-time stage,
the mean shape is served as a template model to search the similar shapes in the

target images.

10
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Figure 3.1: Training process.

3.2 Preprocessing

To trace the shape feature using ASM, we first need to define what shape we
focus on. In the preprocessing stage, the shape feature we are interest is learned by
a training process. A mean shape follows by the parameters to denote the shape
variation is learned from the training process which describes the average of the
shapes in the data set. In this section, we describe the methods of how the mean

shape is obtained and how to align the shapes. It can be divided into two parts in

11



generally, landmark feature points and construct the shape model. Fig. 3.1 shows

the flow chart of the preprocessing process.

3.2.1 Landmark feature point

In order to locate a structure of interesting object, we must first build a model
for it. The shape model for ASM is base on the statistic analysis. Before a statistical
shape model is built to represent the feature, a set of annotated images of typical
examples is required. The first step is to landmark the feature points of the shape
we want in each of the training image of the data set. We begin by the definition
of feature point and shape representation in the ASM method. Therefore we define
the shape representation and some property so that easy to allows us to determine

the direction of the boundary at a given point.

Definition(Feature point)
A feature point is a point on the image that represents some characteristics of the

object in the image.

Definition(Shape representation)
A structural shape descriptor formed by the spatial relation of a set of n feature

points, which can be represented by a 2n dimension vector.

Given some image from camera, we have to represent the profile of object by a
set of points. First, we manually label some feature points from boundary of object
in image. Each labeled point represents a particular position of the object as shown
in Fig. 3.2. Bookstein [3] and Kendall [25] mentioned three criteria to select the

feature points.

12



Figure 3.2: Label the feature points on a face

1. Outstanding points on the image, such as the sharp corners of boundary or

tip of the mouth.
2. Independent points, such as high curvature points or isolated points.

3. Interpolated point from 1 & 2, this is used for generating the reference points
so that make more sample points which can be consistently match from one

image to the other.

3.2.2 Shape alignment

After the feature points on all training images are labeled, the next step is to
derive a mean shape from all the shape representations. Since the shape in each of
the training image may be well aligned, we need to transform all the shapes into a
common coordinate frame. Finding the transformation between shape of different
training images requires solving a minimization problem that minimize the sum of

distance between the two shapes through the transformation as in Eq. 3.1.

13



D(siym) =Y | T(si) = ml)) (3.1)

ieN
where T is the aligning transformation, s; is a shape in training set, and m is the
mean shape.

Such problem is generally difficult to be solved since it consists of a rigid trans-
formation and a isomorphic scaling. The Procrustes analysis [17, 18, 38, 41] is a
simple and efficient way to approximate the transformation. The Procrustes anal-
ysis is a rigid shape analysis that decompose the process into three steps. First, a
translation transformation is performed for each shape that translate the geometric

center to the origin of its local coordinate, as shown in Eq. 3.2.

(w5, 4i) = (& = T,y — §) (3.2)

where (2}, y}) is the new position of shape, z = Titetettn g — NtWEetin jg the
gravity of shape.
Then, an isomorphic scaling transformation is obtained by mean square dis-

tance, as shown in Eq. 3.3.

)= (BT S (3.3)

n|&
|

(i 97) = (

where S =

w is the root mean square distance. Finally, the rotation

matrix is obtained by minimizing the square distance between the shapes. Consider
two shape with same number of feature points which the scale and translation have
been aligned. Let

X = (1311,y11, ---,£U1n,y1n),X2 = ($217y217 -.-,x2n,y2n)

14



where X7, X, are two shapes in training set. Assume

Xi = (*T/11>y,11> "'7xlln7y1n> = T(X1>

where X7 is the new shape after aligned, and T is rotation operator we optimize 6

such that || Xy — X;||2 is minimum.

Xy = X| = [R]X;, which [R]=T is rotation matrix, taking the derivative of
(w91 — 21)% + (Y21 — ¥1)? + oo + (w2, — 20,,)% + (y2n — ¥},,)? with respect to 6 and

equal to zero (Least square method). We can imply

n
Zizl T2iY1i — Y2014

§ = tan ! (=L .
(Zizl T2;T1; + Y2, Y14

(3.4)

Although the Procrustes analysis works well for finding the transformation
between shape in different images. However, once the variance of shape in training
set is too large, the distortion of shape will be occur. Hence, Cootes et al. [9]
proposed a weighted procrustes analysis to solve this problem, and can achieve a
stabler results.

Let 1 = (211, 719, .., 1) T and @9 = (o1, Toa, ..., T2,) be two shape vector

with respect to two similar shapes with n feature points.

Define

M(s.0) To; (scosf)zq; — (ssinb)ys; (35)
S, = .
Yo, (ssinf)xq; + (s cosB)ys;

0: Rotation, s: Scale.

15



Then we minimize the weighted sum

E = (x; — M(s,0)[zs] — )" W () —

t = (tz,tys s tz, ty)T : The translation of shape.

M (s, 0)[z2] — 1), (3.6)

W : A diagonal matrix of weight for each point. For the kth point, wy = (32, Vr,,) ™"

Ry, is the distance between points k and [, Vi,, is the variance in this distance.

Let a; = scosf , a, = ssinf, we acquire four equation from £ = 0,

a, Z Wie; + a, Z Wiy + Z wit, i Wi

iy sz To” + Yoi”) + b Z WiTo; + t Z Wil =

ay Z wi(T2:” + yoi?) — Zl wiysi + by 2; Wiy,
N i

\ =1

Xo =Y, W 0 g
Y, X, 0 W a,

Rt =
Z 0 X5 Y 2%

where

16

Z wi(T2iT1; + Y2iY1i)

=1
n

i=1

Xy
Y)
i

C2

= Z wi(yuﬂﬁ% - 9011‘?/22')

(3.7)

: (3.8)



Xy = 22;1 W; L1, Y1 = E?:l WiY1i,
Xo = Z?:l W; T, Y, = Z?zl W;iY2i,
W=>"" w, Z =3 w; (22 + yoi®),

Cy =0 wil@ume +yi +y2), Co = > wi(Y1i%a — T1i + Yoi)-

Then, a,, ay, t, t, can be solved by inverse matrix. Hence, we obtain 0, s, ¢.
Algorithm. 1 describes the process of shape alignment. Fig. 3.2.2 illustrates

the shapes in different images before and after alignment.

3.2.3 Construct the active shape model

Suppose now we have n shapes which are aligned into a common coordinate
frame. If we can model this distribution, we can generate new examples. An effective
approach is to apply Principal component analysis to reduce the dimensionality of
the training set. Our goal is to construct a statistical shape model consists of a mean
shape to describe the global structural feature and some parameters for representing
the detail variations from a collection of training samples.

We denote the Mean Shape as an average shape of the n aligned shapes in the

training images, which can be defined by Eq. 3.9.

- %Z?:lxi, (3.9)
where z; is the shape after aligned.

The mean shape is an average shape for representing the structural feature of
shape. However, matching the shape we obtained using the mean shape may not be
robust since the obtained shape may different from the mean shape. We must take
the variation of shape into account.

The variation of shape is a vector in n dimension coordinate. Matching shape

17
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) Before ahgnment

(b) After alignment

Figure 3.3: Alignment

in such high dimension coordinate is time and storage consuming. Since variations

of shape are similar between different training samples, it is possible to reduce the

18



need of variation defined in such high dimension. The Principal Component Analysis

(PCA) [22] is a technique to reduce the dimensionality of the training set.
Let

T = (517117 T12y -y l‘lm)

To = ($21,$22,---7ﬂ72m)

Tp = (xnla Tn2y ey xnm)

be n m-dimension points.

Let
'y
m= — Tk
= ’

Define

n
Jo(xg) = Z |zo — 2> (Square error criterion function)
k=1

n
= lwo — m+m — x|
k=1

n n n
= llzo —ml? =2 " (xo —m) - (zx —m) + Y llz — ml?
k=1 k=1 k=1

=D llzo —ml* =2(xo —m) - Y _(wx —m)+ Y lz —m?
k=1 k=1

k=1
—_——
=0

n n
=D o —ml*+ Y llax —m|* .
k=1 k=1

independent with xg

(3.10)

(3.11)

(3.12)

We imply g = m as Jy(xo) is minimum. Assume there is a straight line L pass

through x4 such that the square error from x; to L is minimum. Set the correspon-

! . !/ . . . .
dence x;, on L of x. i.e L : x,, = x¢ + ape, where a;, is coefficient and e is an unit

19



vector.

Ji(ar, as, ..ap,e) = ||l — ] (3.13)
k=1

=371 o —I—ake—kaQ

=m

n n
= S lakel* =2 are (@ —m) + Y [lax —mlf?
k=1 k=1

independent with ag

Assume e has been known, let

J) = Z ap? — 2 Z age - (x, —m) (3.14)
k=1 k=1

= ap = e (x;, —m) as J;' is minimum.

n

Ji=Y alel® =2 llal® + ) llze — m|? (3.15)
k=1 k=1

k=1
n n
= a +)_ z —ml?
k=1 k=1
n n
==Yl (= m)P? + Y [l — m?
k=1 k=1
n

=— Zet(xk —m)(zp —m)e + Z |z — m|?
k=1 k=1

= —e'Se + Z |z, — m|?

k=1

,where S is covariance matrix.
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Use Lagarange multipliers method to find e such that e!Se is maximum. Let

u=e'Se—\e' —1) (3.16)
ou
T 98— 2)e = 1
= 5 Se—2Xe =10 (3.17)
= Se = e (3.18)

= e is the eigenvector of covariance matrix S.

Figure 3.4: Apply a PCA on 2D shape vector, we obtain line L is the principal axis,
then x; can be approximated by the nearest point on L. b is the distance along the
axis from the mean of the closest approach to x.

Applying to the shape, suppose xj is k-th aligned shape for k = 1,..,n and =

is the mean shape, given by

> (ap— ) (2 — 7). (3.20)
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We can generate new examples by using PCA, the model describes as
r ~ T+ Pb. (3.21)

where ® = (¢1, ¢o, ..., ¢¢) is the n x t matrix of eigenvectors of the covariance matrix.
The number of eigenvectors to retain, t, can be chosen by the proportion of variation

captured by the corresponding eigenvectors.

¢
ZAi > foVr, (3.22)
i=1

where f, is proportion of variation captured by the corresponding eigenvectors, \;
is the ith eigenvalue, and V7 is total variance in the training data is the sum of all
the eigenvalues. We order the eigenvalue \; of S, and keep first t large eigenvalue
number, the column of ® are the eigenvectors corresponding to the largest eigenval-
ues of S. The remaining eigenvalues represent noise in the form of numerical errors.
b is a t dimension vector defined a set of parameters of a deformable model. We
usually constrain the value of b within £m+/)\; when fitting the model to a set of

points, where m is between 2 and 3.
b = &7 (x;, — 7). (3.23)

Each mode b; describes one way in which the shapes in the training set tend to vary
from the mean.

Algorithm. 2 describes how to construct the shape model.
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Algorithm 1 Shape alignment

Input: n samples of 2D image.
1: Label m feature point manually in each image.
2: Translating to shape vector z; = (i1, Yz, ...Tim) T, for i = 1,2,...,n
3: Translating the gravity of each z; to original

1 — 1 —
ijs Yij) < i‘__g iai‘__g i
(xj yj) ("EJ mk:1xk Yij mk:1yk)

4: Select one shape as reference shape denoted x g, and scale this shape to unit size
(Initial mean shape )

_ TR TR

:L‘O _= = — .
lzrll /> (@rs)? + (YrE)?

Rotate,scale,and translate each shape to align with reference shape.
5: Calculate the mean shape from the aligned shape.
6: Use current mean shape align with reference shape, denoted zy’
7. If converge (mean shape does not change in threshold), end process. Else, g <
Ty’ return step 6.
Output: Aligned training set.

Algorithm 2 Construct shape model.

Input: n aligned shapes.
1: Compute the mean shape of the aligned shapes 7 =" | ;.
2: Compute the covariance matrix of the aligned shapes,

3: Compute and order(decreasing) the eigenvector ®; with respect to corresponding
eigenvalue \; of S.
4: Select the t large eigenvalues such that S, \; > f, Z?:1 n\;, where 0 < f, <
1, the proportion of variation. ® = [®|D,]...|P,].
Output: Shape model.

3.3 Run-time

In the preprocessing stage, a mean shape and its variation is constructed from
a given set of training data. Such mean shape is served as a template shape model

for matching the features new images. To find the shape features on the new image,
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we must find the parameters of the shape variations which best fit the template
shape model to the image. Since there is no information about the shape on new
image, we are unable to generate new profile model directly.

Now the problem is how to derive the useful information from the shape model
we generated. Researchers usually construct measurements to seek where the bound-
ary of object is. If we assume that the shape model represents boundaries and strong
edges of the object, a useful measure is the distance between a given model point
and the nearest strong edge in the image. The best approach is to sample along the
profile normal to the boundary in the training set, and building an intensity model
from the grey-level structure. we observe that edge of testing image will occur at
instantaneous rate of change in intensity model.

Fig. 3.5 illustrates the flow chart of the run-time process of ASM. The run-
time process starts by inputting a new image that contains the shape we interest.
Then, setting a shape from shape model we constructed before and align to same
coordinate frame with new image. After that, we compute Mahalanobis distance to
estimate the feature points on the new image. Once the feature points have found,
we can define the adaptive affine transform 7" between two cluster of feature points
data and obtain new image shape. Finally, we inverse image shape to model shape
and then calculate average error and maximum error whether converge or not. If
not, choose shape variation b by Eq. 3.23 and regenerate a new shape from shape
model, then restarting the process until converge.

In the following subsections, we describe the processes of fitting the template
shape model to the new images by dividing into two steps : the feature extraction

step and the model fitting step.
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Input: Front-view image. ; JL
Find adaptive affine
{} transformation T between
two image shapes.
Initialize shape {}
parameters b.(First to 0)
= Inverse transform image
4L E=xh Db shape to model shape

Generate model shape JL

4& Frame coordinate alignment Update Shape parameter

Project model shape to
the new image. @

Calculate average error
and maximum error
whether converge or not.

‘ ‘ Mahalanobis distance

Search for feature points
on new image profile.

Figure 3.5: Model fitting process

3.3.1 Feature Extraction

The shape on the image can be identified by looking at the gray-level color
distribution of the image. The gray-level appearance model describes the shape
structure around each landmark by analyzing the strength of the gray-level pixel
color gradient to be boundary. Cootes and Taylor [10] used the normalized first
derivatives of these profiles to build the gray-level appearance model. To form the
profile vector at a landmark, we first sample k pixels on each side of model point
perpendicularly, as shown in Fig. 3.6. We define a model point (x;, y;) with direction
perpendicular by rotating the vector of (x;,y;) and (x;_1,y;—1) over 90°. Hence, we
have 2k + 1 grey-level values on each model point. To reduce the effects of global

intensity changes, we normalize these gray-level values by dividing the sum of abso-
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lute element values which denoted by vector g; in i-th training image. After that,

the Mahalanobis distance [37] is given by

f(g:) = (9 —3)"Sy(9: — 9) (3.24)

where g is mean, and S, is covariance matrix of g;, respectively. The Mahalanobis
distance is a metric that can be used to measure the dissimilarity between two
vectors. Minimizing f(g;) is equivalent to maximizing the probability that g5 comes
from the distribution. Finally, we obtain the approximate feature point of new

image.

Normal to Model
Boundary Nearest Edge
‘ on Normal (X°.Y")

N

Edge

Model Boundary

Intensity

Image Object

Distance along profile

Figure 3.6: Left: At each model point sample along a profile normal to the boundary
and searching for strong edges. Right(Line chart): The intensity respect to distance
along profile. [10]

3.3.2 Model Fitting

Once we approximate features on new image by using gray-level appearance
model, our next step is to find the new affine transformation 7" between each new
image shape and template shape model. The transformation 7" on the 2D image can

be described by Eq. 3.25.
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x Te S.cosf. S.sind. x
T _ + , (3.25)

Y Ye S.sinf, S.cosb. Y

where z. and y. are the translation vector, S, is the isomorphic scaling value, and

6. is the rotation angle.

The problem of finding the transformation 7" is the same as the shape alignment

process, which can be calculated the Procrustes analysis. After that, we determine

the average error and maximum error to control converge threshold.

Algorithm 3 describes the process of modeling fitting.

Algorithm 3 Model fitting.

Input: A front-view image from scanner, and ®.

1:
2: Generate the shape model by x = = + ®b. (z mean shape)

3:

4: Search for the best image shape ¥;nq4. according Mahalanobis distance profile

o

Initial the shape deformable parameters b (First to zero).
Project x to the image %45 = 11 (). (17: Operator of coordinate translation)

model or the distance of crisscross profile model.

: Find z., y¢, Se, 0. between Zipqage and Yimage-
: Construct adaptive affine transformation 75,

o B R 0 S.cosf. S.sind. T
Ny ) | v S.sinf, S.cos, y |-

8: Y Tl_l(TQ(ximage)).

10:
11:
12:

13:

b’ + &T(y — 7).
Estimate metric of b,

e1 = 1/>t (b — b)),

ez = maz|[b; — bil,

where e; denotes average error, e; denotes maximum error.
If not converge, b < V', return step 2. Else, process end.

Output: Profile model.
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3.4 Extend to 3D

The ASM method we described is based on the 2D coloring image. However,
such technique can also be applied to handle the range images obtained from the
3D scanner. In this section, describe the general process of how to extend the 2D
ASM method to handling the range images. The range image is a 2D image which
each pixel stores the distance of captured surface point from the observer. Thus,
3D surface of the observed object can be reconstructed from the range image. The
general process of matching features in range images using ASM is the same as the
way in 2D coloring images. However, due to the different meaning of pixel values,
there still face lots of difficulties in matching features in range image using ASM. We
describe the ASM method for matching the features on range image by first review
the overall process of ASM on the range image, and then point out the challenges in
finding the featured landmarks in range image and the transformation in 3D space.

we extend this technique to handle 3D image data. The active shape model
we mentioned before can only handle rotations which are present in the manually
landmark training 2D images. If we turn into 3D image data, although 3DASM is
no more than rotation, translation and scale parameters, as presented in [26], it will
not be robustness. For example, as we considering on facial tracking, a problem
arises when the head turns to one side and only a profile view is visible. Then the
number of feature points on two image will different and cause out of correspondence,
we call this trouble as occlusion or data missing. Moritz Kaiser, et al.[27] propose
brightness constancy assumption to decrease error norm of image correspondence.
Ying Chen, et al.[50] propose active conditional models, it learns the conditional
relation between a reference view of the object and other view points. In future,
dense real-time 3D face tracking and 3D deformation modeling will be a challenging

study for researcher.
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Chapter 4

Future work

Face correspondence is a challenging and interesting problem in computer vi-
sion, the active shape model is one of the simplest methods for image correspondence.
In this thesis, we arrange the development of active shape method in the last two
decades, include in 2D and 3D spaces. Even though there is no significant effect in
facial recovery, there is still work to be done. Future work includes how to handle
the image constructed by triangular mesh and combine other model-based method

to give the best correspondence results for a class of shapes.
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