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Abstract: Constraint Shape Model is proposed to extract facial feature using two different search methods for
contour points and control points individualy. In the proposed algorithm, salient facial features, such as the
eyes and the mouth, are first localized and utilized to initialize the shape model and provide region con-
straints on iterative shape searching. For the landmarks on the face contour, the edge intensity is exploited to
congtruct better local texture matching models. Moreover, for control points, the proposed Gabor wavelet
based method is used to search it by multi-frequency strategy. To test the proposed approaches, on a database
containing 500 labeled face images, experiments are conducted, which shows that the proposed method per-
forms significantly better in terms of a deliberate performance evaluation method. The proposed method can
be easily used to other texture objects, which is robust to variationsin illumination and facial expression.
Keywords: Shape Model, Gabor Wavelet, Facial Feature Extraction.

1. Introduction

Accurate facial feature points extraction is important for success of applications such as face authentication,
expression analysis and animation. Extensive research has been conducted in the past 20 years, Kass et
al[1]introduced Active Contour Models, an energy minimization approach for shape alignment. Wiskott et al
[2] used Gabor wavelet to generate a data structure name Elastic Bunch Graph to locate facial features. It
searches facial points on the whole image and use the distortion of the graph to adjust the feature points. So it
is time-consuming and need large computation.

The Active Shape/Appearance Models (ASM & AAM), proposed by Cootes et a [3, 4] have been demon-
strated to be successful in shape localization. In ASM, the local appearance model, which represents the local
dtatistics around each landmark, efficiently finds the best candidate point for each landmark of the image.
Based on the accurate modeling of the local features, ASM obtains nice results in shape localization. AAM
combines constraints on both shape and texture in its paper; texture means the intensity patch contained in the
shape after warping to the mean shape. There are two linear mapping assumed for optimization: from appear-
ance variation to texture variation, and from texture variation to position variation. The shape is extracted by
minimizing the texture reconstruction error. Generally, the feature points used by the ASM/AAM are the
outline contours of the facial features, i.e. the out-lines of the face, eyebrows, eyes, nose and mouth (see
Fig.1). Although these points are enough to describe the shape of a face, they are insufficient in dealing with
position of control points (see Fig.1).

In this paper, we proposed a method called Constraint Shape Model (CSM), in which different search
methods are used to finding contour points and control points individualy. For the landmarks on the face
contour, the edge intensity is exploited to construct better local texture matching models. The magnitude and



phase of Gabor features contains local structure of face is used to align control points, and provide accurate
guide for the search. The proposed method is a coarse to fine approach to search facia control points. Com-
pared with the ASM, the CSM can achieve more accurate results. Experiments results demonstrate that the
CSM isreally good.

2. Statistical Shape Model

Here we describe briefly shape models used to represent deformable object classes. Statistical Shape Models
(SSMs) are built from a training set of annotated images, in which corresponding points have been marked.
The points from each image are represented as a vector x after alignment to a common co-ordinate frame [5].
Eigen-analysis is applied to aligned shape vectors, producing a set of modes of variation P. The model has
parameters b controlling the shape represented asy - x 4+~ pb , Where ; is the mean aigned shape. The
shape x can be placed in the image frame by applying an appropriate pose transform. Neglecting alignment,
the process of estimating model parameters b for a given shape x proceeded by minimizing the resid-

ualir = (x — x o) where X, is the current reconstruction of the model. Least squares error estimation there-
fore seeks to minimizeg, (b) =r"r , specifically we wish to find sb so as to minimizeg, (v+sb). This can be
shown to have a solution of the form:

d=(p'ptpx (D
P is orthonormal, simplifiesto:

b = p'sx (9

Thisisthe standard SSM parameter update equation for iterative search. The update vector OX is obtained

by searching the local image area around each landmark point. Models of local image appearance for each
landmark point are built from the training set. These are used for each iteration of search to determine the best

local landmark position. In this paper, Constraint Shape Model will be introduced, which is based on the
statistic shape model, while making full use of salient facial featuresto initialize the shape model.

3. Constraint Shape M odel

Based on the located three salient facial features (eyes, nose), in this section, Constraint Shape Model (CSM)
is proposed with several constraints. Also, the edge constraints are introduced to improve the local texture
model for the landmarks on the face contour.

3.1. Initialization of Constraint Shape M odel

Of all the facial features, two irises are the most distinct organs. Therefore, they are relatively easier to be
located. And they can provide enough information to initialize the trandation, the scale and the in-image-
plane rotation parameters for the shape model. Mouth center can also be detected in an expected area deter-
mined by iris locations to provide further constraints on initializing the Constraint Shape Mode. Refer to [6]
for details of the algorithm; after we have located the irises, we can estimate the rough position of the mouth
center.



In searching progress, the initialization of the mean shape is very important, because a good initialization
would less lead to incorrect local minimal. With the positions of the two irises, we can calculate the parame-
ters of the scale, rotation, and translation for the target face in the image. Just like ASM, the shape of a model
is described as X=X, Y, - %0, Yo) where .y (1<i <n)is the coordinate of the i-th landmark. The initial value of

model pointsx‘ in the image can be calculated by)g =T, (§(+Pb, where the function T, y isatransform

WSO s,0

including rotating by ¢ , scaling by €, and atrandation of (x ,y,) - Theinitial value of statistical shape parame-

ter b can be set as zero. Aswe know, the initial shape is very closeto its real value; So better results can be
achieved in less convergence times[7].

The size of local search window is also an important part in the searching strategy. We already have the lo-
cation of irises; the overall search length can be determined according to the distance between them. We
choose a longer searching distance when the distance between two irises points is long. Furthermore, the
window size should be different for landmarks on different part of the shape. Because feature points in con-
strained parts (eyes and mouth) are more probably to be close to their real positions, smaller window size is
enough. However, in other parts, larger window would be more appropriate to guarantee the true point within
the search region.

3.2. Contour Points Sear ching by Edge Constraint in Local Texture Model Matching

Local texture model matching is conducted under the assumption that the normalized derivative profile,{g },

setisfies a Gaussian distribution. The matching degree of a probe sample, g, to the reference model is given
by
f@-cRe9'Sa9 ©
Wherea is the mean of 4,4 <), and nis the number of sample images for establishing Point Distribu-
tion Model (PDM), S, is the covariance. The main idea of finding matching pointsis to minimize f (g_) which

is equivalent to minimizing the probability that g, comes from the distribution. Cis a constant, k is the mean

gradient intensity at the target point. With this strategy, points with strong edge information are more proba-
bly chosen as the best candidate. For face images, landmarks on the contour part have clearly strong edge
intensity, while the landmarks on other parts are not necessary with this property. Therefore, we only apply
edge constraints to the landmarks on the face contour.

4. Control Points Sear ching by Gabor Wavelet Based M ethod

Control points are the points, which are key points of controlling the shape of eyes, nose, and mouth. Showed
infigure 1.



Figure 1. One example of the marked face. Green Pointes are Control Points(number is 19), Yellow
Pointsare Contour Points(number is 84)

4, 1.Gabor M easurement of Feature Points

Daugman pioneered the using of the 2D Gabor wavelet representation in computer vision in 1980'98]. The
Gabor wavelets, whose kernels are similar to the 2D receptive field profiles of the mammalian cortical simple
cells, exhibit desirable characteristics of spatia locality and orientation selectivity. The biological relevance
and computational properties of Gabor wavelets for image analysis have been described in [8]. The Gabor
wavelet representation facilitates recognition and feature extraction because it captures the local structure
corresponding to spatial frequency (scale), spatia localization, and orientation selectivity [9]. A complex-
valued 2D Gabor function is a plane wave restricted by a Gaussian envelope:
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(4)
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When all 40 kernels are used, showed by Figure 2, 40 complex coefficients are provided. It is called as a
jet, which is used to represent the local features.

Figure 2. The Real Part of 40 Gabor Kernelsused in this paper
A jet can be expressed as J, =4 exp(i¢ ) where magnitudes a (;j vary slowly with position, and phases
i

can be defined as

j
’ (;) rotate at a rate approximately determined by the frequency of the kernel. And a set of Jets referring to

one fiducial point is called a Bunch.
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Figure 3: One example of Jet
Two Similarity functions are applied. One is phase-insensitive similarity function:

(6)
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It varies smoothly with the change of the position and we use it for recognition.
Another is phase-sensitive similarity function:

s.(0.9)=
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It changed quickly with the change of location and it is used for feature adjusting, and the displacement be-
tween two Jets can be estimated using following formulation [1].

5 I, -T
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This equation yield straightforward method for estimating displacement between two jets taken from object
locations. The range of displacement can be increased by using low frequency kernel only. For the lowest
frequency the estimated displacement can be 8 pixels, and would be 2 pixels for the highest frequency. So we
can proceed with the next higher frequency level and refine the result [10, 11].

If one has access to the whole image of jets, one can work iteratively. Assume J is to be accurately posi-

tioned in the neighborhood of points x,, in an image. Comparing J with J,, :J&), yield an estimated dis-

placementd = d(J,J,). Then the jet J,, is taken from the position x, = x.+d and the displacement is esti-

mated again. The new displacement will be smaller and can be estimated more accurately with high frequency,
converging to eventually to subpixel accuracy. The details of this method are discussed in the 4.2.

4.2. Gabor Wavelet Based Search M ethod

We can estimate the displacement between two jets up to 8 pixels. By comparing the jet bunch feature, we
can get the best fitting jet at a new position. Here we use a coarse to fine approach to search the local points:
LInitialize starting points by mean shape model and salient facial features, set frequency of the lowest level,
fre=0.

2.For each feature point, we compute Gabor parameters at the position of P, get the Jet J,.

3.For each Bunch, the size is k. For examplek =60, and J, ,i =1....60, then distance between J, and J; is
computed using d,(J,,J, )- It will include frequency from O to fre;

4.We compute the new positionp’ - p 4, and get J; , whichisJetof P’
5.We compute the similarity between J. and J, using Smj(\]i',\]i ) and the position of the highest value is

candidate one, represented as p' (P,). Then compared with threshold value A, if it is more than A, then
end.



6.We will increase frequency by fre = fre + 1, go to step 2
The experiment shows that this searching method is very efficient at term of speed and accuracy.

5. Facial Feature Points Extraction

Procedure of CSM is performed through matching the feature point in the image using edge constraints and
Gabor wavelet based search method, and then adjusts the affine shape model just like ASM. The procedure is
asfollowing:

a) Initidize the starting points using the iris location, by trandation, scaling and rotation, match
X =X+PBtoinitia x -wm(s,6,)X+PB,]+t,bY change B, At the starting point, B; = 0.

b) Matching the feature points of contour part using Grey feature, first ith point of X is represented as

(x,y,) We search along a line passing through (x,y,) and perpendicular to the boundary formed by the

landmark and its neighbors, the number of pointsis Ng(Ng> N, for example 20) which is named searching

profile. The objective of the process is to find sub-profile by comparing the gray value of ith point by equa-
tion (3). The best matching one is the new point of next searching process (x - .. All contour points of X

will be processed as above procedure, then we get x' (contour part).
¢) Searching control points using the method in 4.2, we get control part of x'.
d) Using X, X, we can find the change of s,0,t, which is 1+ ds,dg, dt , details of this method is showed in

ASM[3]. And when X is changed tox’, then we get dB using formulation (2), so we can easily get the result
usingxl:M(so(1+ds),90+dH)[7(+P(B)+d3]+t0+dt

€) Computing d(x,,X,) if d(X,,X)<4 X istheresult or elsex —x then go to b), Starting the
process again

6. Performance Evaluation and Experiment Result

Performance evaluation is really an important problem for different approaches to facial feature extraction. In
this paper, we propose to evaluate the performance by using average error, which is defined as the following
distance between the manually labeled shape and the resulting shape of our method:

1d(1e : 9)
E_N;[E;dlﬂ(ﬁjvﬁj)j

Where N is the total number of the probe images, n is the number of the landmark points in the shape
(n=103), F’ij is the j-th landmark point in the manually labeled shape of the i-th test image manually labeled,

F’IJ is the j-th landmark point in the resulting shape of the proposed method for the i-th test image. The func-
tion dist(p1, p2) isthe Euclidean distance between the two points.



Figure 4. Sample Face Imagesin the test database

To evaluate our method, experiments are conducted on the 500 faces database above mentioned (showed in
Figure 4). As Table 1 shows, the average error for standard ASM is about 3.10 pixels. Another method is
Improved Active Shape Model (IASM), The details are dealt with in [7]. Error of IASM is reduced to 2.84
pixels. When both edge constrain and Gabor wavelet based search method are applied, the error is reduced to
1.94 pixels per point, and it is really good. Table 2 shows, the more frequency are used, the less error. And
‘0-4' means that we use frequency from 0 to 4. Figure 5 demonstrates some search results.

Tablel: Performance comparison of different methods

Method Average Error | Improvement
ASM 310 | -
IASM 2.84 8.3%
CsM 1.94 37.4%

Table2: Experiment on different frequency
Fre 0 01 0-2 0-3 0-4 Average
Error

Error

210 | 204 197 |187 |174 1.94

7. Conclusions and Future Work

In this paper, to solve the Facial feature extraction problem, we propose Constraint Shape Model. First, sali-
ent facial features, such as eyes and the mouth, are localized and utilized to initialize the shape model and
provide region constraints on the subsequent iterative shape searching. The edge information is also ex-
ploited to construct better local texture models for landmarks on the face contour. In addition, Gabor wavel et
based search strategy is applied to this, which isrobust to illumination and facial deformation.

Future work will be focused on robust local texture models and candidate points searching method to find
facial feature in texture objects with rotation in depth and poor quality. How to use the result of the proposed
method for object recognition is also afuture research effort.
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Figureb. Result of the Constraint Shape M odel a, b) Facial Feature Pointsin normal face c, d) Facial
Feature Points with face defor mation e, f) Facial feature Pointswith illumination.
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