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Abstract

This paper presents a novel application of the
Bayesian Shape Model (BSM) for facial feature ex-
traction. First, a full-face model is designed to de-
scribe the shape of a face, and the PCA is used to
estimate the shape variance of the face model. Then,
the BSM is applied to match and extract the face
patch from input face images. Finally, using the face
model, the extracted face patches are easily warped
or normalized to a standard view. Applications of
this facial feature extraction algorithm include face
recognition, face video coding and retrieval, face an-
imation and multi-media.

1 Introduction

Deformable models have been studied intensively
during the last ten years [1, 2, 3, 4]. They have been
demonstrated to be more effective in object match-
ing and able to adapt themselves to fit objects more
closely than the traditional rigid models. Among
different types of the deformable models, the para-
metric models [1, 2, 5, 6, 7] are more suitable for
matching complex object shapes because some prior
information of the geometrical shape is incorporated.
However, most existing parametric models encode
the shape information in a “hard” manner that the
prototype contour is fixed during the matching pro-
cess. As a result, only small and local deformations
can be tolerated. To remedy this shortcoming, a de-
formable model with the name of “EigenSnake” is
proposed in the Bayesian framework [8], where the
prototype contour can be adaptively adjusted in the
process of object matching. Comparative studies
based on face extraction experiments verified that
the EigenSnake performs better than its fixed coun-
terpart G-Snake [7].

In 3D object matching using 2D images, the ob-
ject shapes are subject to projections such as affine
transformations. However, most deformable models
are not affine invariant, and their performance dete-
riorates when the algorithms are applied to match-
ing affine transformed object shapes. Al-Snake deals
with the affine-invariant active contour matching [9],
but it uses fixed prototypes of object shapes.

Recently a Bayesian Shape Model was proposed,
which formulates the matching of a deformable
model to the object in the Bayesian framework [10].
The BSM incorporates the advantages of both the
EigenSnake model and AI-Snake model. In BSM, the
deformable contour used to match an object is mod-
eled as the affine-transformed and deformed version
of the prototype contour, and this prototype contour
is dynamically deformable to adapt the shape varia-
tions using the information gathered from the match-
ing process. The prior distribution of the prototype
contour estimated via PCA [2, 11] which reflects the
major shape deformations, is used to constrain the
admissible shapes. In this way, large shape defor-
mation due to the shape variations of samples can
be tolerated. Moreover, an affine-invariant internal
energy is defined to describe the shape deformations
between the prototype contour in the shape domain
and the deformable contour in the image domain.
Good performance was observed by comparing the
BSM model with the well known ASM model and
the AI-Snake model.

In this paper, the BSM is applied to facial fea-
ture extraction. The following specific requirements
of the new algorithm are considered: (1)It should be
able to distinguish different expressions, i.e. global
variations of the whole face. (2) The face model
should be efficient for warping and normalization.

Figure 1: Two examples of the manually marked
faces. ‘0’: 88 contour points, ‘*’: 18 control points.

In our method, first a 2D full-face model is pro-
posed to meet the requirements by referring to the
CANDIDE face model [12] and the facial feature
model in MPEG proposals. In this model, a num-
ber of points are recruited to represent the shape of
a whole face. The full-face model consists of two
sets: the contour points and the control points. The



contour points are the landmark points of the face
outline, eyebrows, eyes, nose and mouth; the control
points represent the feature points that placed in the
key position of the face, and every three of the control
and contour points can be used to form a face unit
triangular for facial image warping. Based on a num-
ber of manually marked training samples, the prior
distribution of the full-face model is estimated by us-
ing the PCA. In addition, the individual shape model
of each component contour is also built. Therefore,
not only the separate shape variation of each compo-
nent contour of the facial features, but also can the
global shape variation be represented conveniently.
We use 88 contour points and 18 control points to
describe a face image, as shown in Fig.1.

Since the control points are not corresponding to
some salient features such as edges of the image,
their position is estimated from that of the contour
points after the matching result is acquired. There-
fore, given an input face image, the contour points of
the face model are acquired by using the BSM match-
ing framework, and the control points are estimated
from the matching results of the BSM according to
the prior distribution of the full-face model.

The face patch is then extracted from the input
image, and further operations such as facial image
warping and normalization, or facial expression can-
cellation, can be performed to the extracted face
patch very easily by using the piece-wise affine al-
gorithm.

2 Introduction of the Bayesian
Shape Model

The matching of a deforming contour to the object
in a given image can be formulated as Maximizing A
Posteriori (MAP) estimation [8]. Denote the mean
of the sample contours in the shape domain as Fp
(called “mean contour”), the deformed version of
Fy as F (called “prototype contour”), and the de-
forming contour in the image domain as F', where
Fy € RZ*N,F € R**N and F € R**V are the matri-
ces representing the corresponding contours formed
by the coordinates of N landmark/boundary points.
For convenience, these contours are also denoted by
expanding the 2 x N matrices to the corresponding
2N x 1 vectors.

In this paper, both of the terms “contour F” and
“contour f” indicate the same contour, and the dif-
ference is that the former refers to a matrix, while
the latter is a vector. Also, f; represents the ith point
of contour F.

According to the Bayesian estimation, the joint
posterior distribution of f and f, p(f, f|d), is [8]

pldf)p(f, F)

p(f,f|d) = OB

(1)

where p(d|f) = p(d|f,f) is the likelihood distribution
of input image data d.

p(f,£) = p(£|f)p(f) (2)

is the joint prior distribution of f and f. For a given
image d, the MAP estimates, fypyap and fyrap, can
be defined as

{fpap, frrapt = argrr;z%x{p(f,ﬂd)}

g (PR
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The Bayesian framework is a MAP estimation of
the joint prior distribution of f and f. In Eq.(3),
both fyrap and Fyap are estimated, and the result-
ing contour fy;4p can be different in shape with its
prototype farap. Two kinds of shape variations are
considered, p(f) models the prior distribution of the
the shape variation and reflects major shape varia-
tions of the object shape, and p(f|f) considers the
local shape variations between f and f. Therefore,
the joint MAP estimation can match object shapes
more accurately than the classic MAP estimation.

When the densities can be modeled as Gibb’s dis-
tribution, i.e.

p(f) = Zl_l exp {_Econ(f)}a
fif) = Z2_1 exp{—Emt(f|f)}, (4)
f) = Z?jl exp {—Feqt(d|f)},

where Z;, Z, and Z3 are the partition functions,
maximizing the posterior distribution is equivalent
to minimizing the corresponding energy function of
the contour,

{frmap, fvrap} = arg rrfu?n {EBsm}, (5)

)

where
Epsy = AconEcon + AintEint + AeztEexta (6)

and E.o, = E.on(f) is the constraint energy term
of the adjustable prototype contour f, which limits
the variations of f and ensures that f is similar with
fo in shape. Eju; = Ein(f|f) is the internal energy
term that describes the global and local shape defor-
mation between f and f. The external energy term
Ecyt = Eeut(d|f) defines the degree of matching be-
tween f and the salient image features. A.op, Aint and
Aezt are the manually set weighting parameters to
regularize the energy terms. They are consistent for
all the tests in an experiment or application. Please
refer to [10] for more details of the BSM.



3 2D Full-Face Model and Fa-
cial Feature Extraction

3.1 Face Modeling and Matching

In this section the full-face model is proposed and
the prior distribution of the whole face and the sep-
arate component models is estimated using PCA.
As shown in Fig.1, a full-face model are formed by
the boundary/landmark points of the face outline,
mouth, nose, eyes and eyebrows, as well as other
scattered or isolated points. These points of the full-
face model can be divided into two sets:

1. Contour points: the contour points of the face
outline, mouth, nose, eyebrows and eyes; (88
points)

2. Control points: the points that are very useful
for face image warping, but not correspond to
salient image features, e.g. edges. (18 points)

Fig.2 plots several examples of the full-face model,
where the contour points and control points are
linked to formulate a number of triangles or face
units. It can be seen that this plot is similar to the
CANDIDE face model. However, it is worth not-
ing that the CANDIDE mode is a 3D face model for
plotting, animating and synthesizing faces in various
applications such as multimedia.
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Figure 3: The mean face model and all of the 39
normalized face models.

Denoting the full-face model in the shape domain
as s, and N refers to the number of points,
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where f (Ny x 1) represents the contour points and
¢ (N. x 1) is the control points, and N = Ny + N,.
The contour points of the face consist of 7 component,
contours of separate facial features: a face outline
contour, a mouth, a nose, two eyes and two eyebrows
(see Fig.3). These component contours are denoted
as f;,1 <i<7,and
F=[f & 81" (8)
The PCA is utilized to estimate the statistical
model of the full-face model. First, all the sam-
ple face images are manually marked and normal-
ized /aligned to a standard view by using least square
errors method. i.e. the affine transformation is re-
solved to transfer the samples from the image domain
onto the standard shape domain. Then, the distribu-
tion of the full-face model, the whole contour model
as well as the separate component contour models of
the face are established from these normalized sam-

ple data using PCA. These three kinds of shape mod-
els are summarized as follows,

1. Full-face model (§): a hybrid overall distribu-
tion model for all the contour points and con-
trol points of the full-face in the shape domain.
Using PCA, given a shape parameter w, the
full-face model is reconstructed by,

§ =5§g + ®,w,, (9)

where Sy is the mean vector of all the samples
§;, and ®, is the matrix composed of the eigen-
vectors corresponding to the largest M, eigen-
values, which are computed from the covariance
matrix of all of the samples. On the other hand,
the shape parameter of an input sample, S, can
be determined by

w, = &7 (5 —5p). (10)

The full-face model is very useful for estimating
the control points.

2. Whole contour model (f): the distribution
model that takes all the contour points as a
whole. The shape parameters of the whole con-
tour model is

wy = & (F - B), (11)

and a new contour is synthesized from a given
shape parameter wy,

f=1f+3,w;. (12)

The whole contour model is useful for matching
the overall face object.

3. Component contour model (f;, 1 < i < 7) :
separate distribution model for each component
contour. The construction of the component
models is similar to 1 and 2.



To apply the BSM algorithm to facial feature ex-
traction, first the BSM is used to match all the con-
tour points f of the face model to the target face in
the input image. During the matching procedure,
both the whole and separate contour models are uti-
lized to ensure that the facial contours are matched
accurately. Finally, the control points are estimated
from the matching result of the contour points based
on the full-face model, to extract the face patch. Fur-
ther processes like face patch warping can be per-
formed very easily.

The method for estimating the control points from
the contour points using the prior distribution of the
full-face model is proposed in the following section.

3.2 Estimation of the Control Points

Suppose the current deforming contour f in the im-
age domain and its prototype contour f are known,
the corresponding transformation parameters A and
T (between f and f, and thus F and F) can be es-
timated using alignment algorithms. Then, the con-
tour points can be transformed into the shape do-
main using,

F'= AY(F -T), (13)

where A is 2x2 transformation matrix, T =
t[1,1,...,1] is a 2 x Ny matrix, t is the translation
vector. To estimate the control points corresponding
to f' using the full-face distribution model, in this
section, a fast approximate algorithm is proposed.
The idea is to estimate t}le shape parameter wy, so

that the contour points f of the reconstructed full-

N

face model s = { £ ] matches f’ closely, and hence
c

the corresponding reconstructed control points ¢ can
be regarded as the estimate of the control points.
The detail procedure is described as follows,
1. The estimation problem is to find out wg, so

that the result f matches £ in the sense of least
square errors. From Eq.(9), f is calculated by

ol

= [I 0](5o + ®,W,)
= [0 +[I0]®sWw,,  (14)

;

Qb D>

where [ is a unity matrix and 0 is a zero matrix.
Noting fo = [I 0]So and denoting ®; = [I 0]®,,
from fo, <I>fl, f' and Eq.(10), the shape param-
eter w, can be estimated using
T
w, =@, (f —1)). (15)

2. The control points ¢ can be calculated through
Ws,

¢ = [0 I](50 + dWy). (16)

3. The final full-face contour in the shape domain
is represented by

wup»

_ [ £ ] (17)

c,
thus its affine transformed counterpart in the

image domain s = [ (t; ] can be calculated.

In this way, the extracted face not only consists of
the contour points but also the control points, and
now it is ready to be warped or normalized by linking
these points to triangular face units and using the
piece-wise affine warping algorithm.

Note that the proposed method tries to estimate
one set of points from another set by using the joint
prior distribution of them. Alternatively, please refer
to [13] for solving this problem using optimization
method.

The above estimation performs very fast, and its
calculation begins from the face contour, f, and ends
at the control points, c, as,

f>f > w;—>c—ec. (18)

The principle behind this approximate estimation is
that the information provided by the contour and
control points of a full-face model is redundant, i.e.
using partial contour information, the whole shape
of the full-face can be described approximately.

In order to evaluate this estimation quantitatively,
we tested the algorithm using a number, NUM, of
manually marked images. The average error or dis-
tance between the estimated control points (NU M¢
is the number of the control points) and the marked
points in the shape domain is used:

1 NUMc¢
NUM i=1

Table 1: Average error of the estimation (in pixel).

Test Number | Average | Error
images of images | error %

Training samples 25 1.3 0.4%

Testing images 25 3.05 1.0%

In the experiment, 50 marked images with differ-
ent face expressions are used, which are partitioned
into two sets. The first set consists of 25 training
sample images, while the other uses the marked im-
ages not used for training. Table 1 shows the average
error of the estimation for both of the trained sample
images and the testing images. It can be seen from
Table 1 that although more accurate estimation can
be obtained from the trained sample images, the av-
erage error is also small for the other image set, which



are not used for training, the value is 1.3 vs. 3.05.
Moreover, it can be seen that the relative errors, i.e.
the error/scale ratio, are very small with respect to
the scale of mean face model in the shape domain,
i.e. 360 x 294.

POEL

) the original face patches.
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b) warped face patches.

Figure 4: Demonstration of the face patch warping.

Fig.4 shows several examples of the warping re-
sults, where the contour points are known and the
control points are estimated by using the proposed
algorithm, these full-face models are then utilized for
face patch warping. In the figure, the upper row is
the original face patches, while the bottom row corre-
sponds to the warped images of the upper row, which
changes the expressions of an extracted face patch.
For example, the first column of the images illus-
trates how to change the expression to smile, and the
second column is a reverse procedure. It can be seen
from the figure that the proposed full-face model de-
scribes the face well, and through image warping, the
expressions of face can be removed/changed, which
is very useful for further face recognition, 2D face
animation, content based face image coding and re-
trieval in multimedia applications.

4 Experimental Results

In the experiment, a simple facial feature extraction
system is implemented to demonstrate the perfor-
mance of BSM. The system uses the proposed full-
face model to describe the face contour, and the dis-
tribution parameters of the model, i.e. the mean face
contour and the shape parameters of the shape vari-
ation, are trained off-line, and the training samples
are the images from the AR face database.

The procedure for the operation can be summa-
rized as follows:

e Capturing an image from the USB video camera
or loading an existing face image file from disk.

e Initializing the face contour manually on the in-
put image, so that it is close to the target face.

e Matching the input face iteratively using the
proposed BSM algorithm.

e Extracting the face patch and warping it to the
mean face contour in the shape domain.

(b) Matching results

(a) Initial

Figure 5: Examples of the matching results.

In this system, the initialization of the contour is
manually set. In further projects, the modules of
face detection, model initialization and face contour
extraction will be combined together. The initializa-
tion is done by manually selecting three points in the
input image (the three points that we select are the
center points of the left, right eyes and the mouth).
Then the corresponding transformation parameters
of the initial contour can be found by aligning the
selected three points with their corresponding three
points in the shape domain. At last, the initial con-
tour is set as the transformed version of the mean
face contour.

Fig.5 and 6 plot some matching results of the face
images, including the initial contours, the matching
results and the warped versions of the extracted face
patches. The resolution of these images is 320 x 240,
and the size of the face is approximately half of the
image size. It can be seen from the figures that good



matching and extraction results are obtained. The
good matching results using BSM on the face im-
ages captured from USB camera further indicated
the potential applications of the BSM facial feature
extraction algorithm. For example, in face recogni-
tion system, BSM can be used to accurately match
and extract the face patches, then the classification
based on the shape and the appearance information
of the extracted face patch, such as FEigenFace algo-
rithm [14] can be performed. In face image indexing,
coding and multimedia systems, BSM facial feature
extraction algorithm can also be utilized to extract
the patches of the face of interest accurately as long
as the prior face model is trained and the face can
be detected, located properly close to the target face
position.

Figure 6: The normalized versions of the extracted
face patches of Fig.5

5 Conclusion

The facial feature extraction using BSM is studied
in this paper. A full-face model is developed to de-
scribe the shape of a face. Using this model, face
patches can be easily extracted and warped to a nor-
mal position. The applications of the BSM facial
feature extraction algorithm include face recognition,
face video coding and retrieval, face animation and
multi-media.
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