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Abstract

This paper studies the problem of face identification for
the particular application of an automatic cash machine
withdrawal: the problemisto decideif a person identifying
himself by a secret codeis the same person registered in the
data base. The identification process consists of three main
stages. The localization of salient features is obtained by
using morphological operators and spatio-temporal infor-
mation. The location of these features are used to achieve
a normalization of the face image with regard to the cor-
responding face in the data base. Facial features, such as
eyes, mouth and nose, are extracted by an active contour
model which is able to incorporate information about the
global shape of each object. Finally the identification is
achieved by face war ping including a deformation measure.

1. Introduction

Research studies related to face recognition from 2-D
frontal views may be shared in two main classes according
towhether they refer to afeature based approach or to apixel
approach. Thefirst class consistsin extracting the position
of several facia featuresin order to restrict the data space.
Several satistical methods, generally classical agorithms
of pattern recognition, are then used to identify facesusing
these measures [13]. The pixel approach is a globa one
that requires few knowledge about face geometry. Some
studies are linked to pattern matching: the measures used
to identify faces are correlations between template regions.
Other methods use principal component analysis applied on
pixel’sgrey level values[12].

The application, described in this paper, isasystem simi-
lar to an automati ¢ cash machine withdrawal where the user
identifies himself by using a credit card with a secret code.
It is possible to enhance the security of such a transaction
by verifying that the observed face is identical to a stored

face of the same person or to compare the face to informa-
tion (points, curves, quantitative values, ...) obtained by
learning and stored in the data base.

We propose an identity check system using warping be-
tween faces asameasure of likeness. Knowing the assumed
identity of aface (supposed by the secret code), the system
comparesthisfacewith that onein the database correspond-
ing to the same person. This is achieved by warping one
face in order to fit the other one.

Since we have chosen to use the geometry and the loca-
tions of facial features (such asthe mouth, nose and eyes) to
achieve warping, each person of the database is represented
by thisinformation.

The face identification scheme consists of three main
stages. In the first step, in section 2, facial features are
located and theimageis normalized so that featureslocation
match those of the face corresponding to this person in the
database. In section 3, the features boundaries are extracted
using a specific active contour model. This model is based
on Fourier descriptorsand is able to incorporateinformati on
about the global shape of each object. The last stage is
described in section 4 and consistsin measuring thewarping
between the normalized face and the corresponding face in
the database.

2. Face normalization

In the context of our application, the image acquisition
is achieved with a fixed lightning and is acquired from a
near frontal view throughout the temporal sequence. The
normalization processis based on this constraint.

The first step of our facia features localization process
concerns the eyes. The nose and the mouth will be further
detected using some facial geometry hypothesis.

The presence of specular spots (usually in the neighbor-
hood of theirises) dueto thedirect lightning allowsto locate
the eyes using a “ peak” morphological operator which has



the effect of bringing out the local maximaof the grey level
values function. A rough estimation of the eyes position
is consequently obtained by looking for the two regions
corresponding to the highest values of the “peak” image.
Since the lightning used for the acquisition is frontal, these
estimationscorrespond approximately to theirisespositions.
In order to locate the nose and the mouth, we then use
a spatio-temporal information by computing the sum of the
spatio-temporal gradient norm over the sequence:
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where I(xz,y, t) representsthe grey level value, z and y
the spatial components, ¢ thetemporal component and NV the
number of imagesof the sequence. pisanormalizationterm
depending on the temporal sampling of the sequence and on
the motion of the different features during the sequence.
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Figure 1. Opposite of the sum of the spatio-
temporal gradient norm calculated on an
image sequence.

Asitisshownonfigurel, theimage I, permitsto pick
up regions corresponding to a weak contrast but having a
high deformation, like the mouth, and regions having ahigh
contrast likethe shade duetothenoserelief. Thelocalization
of the nose and the mouth in the image I, consists in
searching, along the mediatrix of the segment joining the
two irises, the regions having the two higher values of the
image I5,,,. Inorder to minimize the computing time, the
image I, iscomputed in small windows on both sides of
the mediatrix between the two irises. Figure 2 shows the
results obtained by this algorithm and it can be seen that the
localization of the lower part of the nose is obtained with a
good accuracy. The point corresponding to the position of
the mouth depends on its motion during the sequence and
is not always the same physical point. When the motion
is important, this point is located within the mouth and
otherwiseit is generally located on the boundary of thelips.

In order to compute the image I, we use the first
30 images of the sequence (with a sampling rate of 25 hz).
Using a shorter sequence leads to less accurate results for
the temporal information will be less significant.

In next section we make use for the system of an active
contour model to extract facial featuresboundaries: in order
to use the same initialization and parameters for the active

Figure 2. Results of the localization of the
eyes, nose and mouth.

contour model with differentimagesacquired from oneface,
we normalize the image.

This is achieve by applying a similarity using the irises
location as references. Since the active contour parameters
and the curves used for initiaization are not the same for
different faces, these features will be stored in the database
with the facial characteristics.

3. Facial feature extraction

An active contour model is an energy minimizing curve
guided by internal constraints and influenced by image
forces that pull it towards image edges. Since the global
regularity constraints used by generic active contour mod-
els(such as*“snakes’ [8][3]) areincluded within theinternal
energy function, these models do not allow to refine the
space of admissible curves to a specific shape class. In or-
der to take into account the shape of facial features, several
methods based on deformable templates have been devel-
oped.

Yuille, Cohen and Hallinan [13] proposed a set of de-
formable templates for this purpose. Each one of these
templates is designed to extract a specific feature. For ex-
amplethetemplate used to extract the eye boundary consists
of acircle bounded by two parabolas and possesses 11 pa-
rameters.

Craw, Tock and Bennett [ 6] described amodel which con-
sists of a set of 40 landmark points, each one representing
the position of aparticular part of the structureto belocated.
Several algorithmsare designed to deal with aparticular fea-
tureusing astatistical knowledge of the landmark positions.
A global algorithm controls the interaction between them.
A similar method has been proposed by Cootes, Tailor and
Lanitis[4] using statistically based modelswhichiteratively
move towards structures in images after a learning process
on similar images.

In this section we propose a parametrical active contour
model using Fourier descriptors. The aim is to design a
model sufficiently general to extract the boundary of sev-
eral facial features while taking into account the specific
geometry of each feature. This model needs to tune few



parameters.

Actually, thismodel isableto extract facial features sub-
jected to high deformation (in order to take lips motion into
account) and having corners (like the mouth and the eyes).

3.1. Activecontour model using Fourier descriptors

The use of Fourier descriptorsfor active contour models
has been introduced by Staib and Duncan [11] in order to
extract an object boundary. Their methodisbased ontheuse
of probability distributions on the parameters. In order to
beless sensitiveto theinitial parameter value, we propose a
variational approach similar to the method used in the snake
model [8].

An €lliptic Fourier representation of a closed curveis a
parametrical curve v defined by:
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where 4;, isa2x2 matrix, N the number of harmonicsused
to describe the curve and 6 the angular parameterization
index.

Such aclass of curves does not permit to represent effec-
tively the boundaries of objects having an irregularity point
within a regular section, such as the corner of the mouth or
eyes. Thus, the extraction of thiskind of boundary requires
the use of high frequency harmonics which have the effect
of creating oscillations. In order to solve this problem we
propose a new model made of two open curves joined at
their ends:
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where v4 and vg respect the conditions;

ifo<f<mr
ifr <0 <2r

v4(0) =vp(2r) andva(m) = v (w).

In order to use orthogonal bases on theinterval [0, 7], an
open curve can be defined by:

(38)=(2)-ng(hi). e

where a;, and b, are the parameters model, IV is the
number of harmonics used to describe the curve and Ry is
therotation matrix of angle ¢. Thus, the phase shift between
the two bases used for z(6) and y (&) permits to describe a
half-ellipse with four parameters.

The curve modeling the boundary of the object, is ob-
tained by minimizing a functional similar to the snake en-

ergy.
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+ P(vp(0)) + \(v})2d6.

The first term P inside each one of the integrals is an
image potential equal to the opposite of the square of the
image gradient (P = —|VI|?) and the second one is an
elagticity term associated to the curve tension.

In order to extract boundaries of the mouth and eyes we
use one harmonic to describe the lower boundary, vg and
N harmonicsfor the upper boundary, v4. Thuswv 4 hasthe
form defined in equation (2) and vp is defined by:
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To extract thelower boundary of the nose, weuseasingle
open curve described by equation (2).

3.2. Results

The algorithm used to extract features is afine to coarse
scheme (see figure 3). Defining two half-ellipses as ini-
tialization, the convergence is first achieved using a single
harmonic for the curve v 4, then thefirst result is used as an
initialization to get acurve with two harmonicsuntil we ob-
tain acurve v 4 described by N harmonicsfitting the object
boundary.

As the number of harmonics increases, the regularity
constraints are smaller and the boundary can be described
more precisely with a better stability.

4. Face War ping for identification

Several methods have been proposed to achieve face
recognition using features location. Some studies use this
information in order to calculate the correlation between
the regions corresponding to a same feature in two different
images [1]. The measure is then equal to the mean of the
correlation values. Other methods utilize a more geomet-
rical approach by defining a discriminating measure using
physiologica knowledge[7], resultsof principal component
analysis[5] or topological graphs[9].

In this paper, two faces are compared by a deformation
measure. Given a set of landmark points on the face, the
measure is a quantification of the bending that has to be
applied to the face, so that its landmark points match the
ones of the other face. To thisissue, we utilize a class of
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Figure 3. Initialization (first column) and re-
sults obtained with 1 (second column) and
then 3 (third column) harmonics for the upper

boundary of mouth and eyes and the lower
boundary of nose.

deformations similar to the one used for normalization by
Reisfeld [10]. While his aim was to normalize faces in
order to apply a classification on theimage data, we propose
to achieve the identification using the deformation measure
value as the discriminating information.

4.1. Face characterization and database

The landmark points used to represent the face are lo-
cated on the the features boundaries which have been ex-
tracted as described in section 3. Using all the points of the
boundariesfor the matching processwill be uselesssincethe
information is redundant (like neighbor points on the same
boundary) and some points cannot be easily extracted from
the curves describing the boundaries (due to the parameter-
ization which is not intrinsic). We made the choice of 15
points displayed on figure 4. These points characterize the
position of the features aswell astheir global geometries.
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Figure 4. points characterizing a face

However some of the chosen landmark points are mo-
bile since they are located on a feature which is subject to
temporal deformation. Therefore, in order to construct the

database we use a sequence of images of people uttering
a particular sentence while blinking. Then, on each image
of the sequence, the features boundaries are extracted on a
normalized image (as it is shown in sections 2 and 3) and
for each landmark point we calculate the distribution of its
position. Normality tests showed that these distributions
may be represented by Gaussian laws. Thus, a person is
represented in the database by a set of 4 values:

{wia OziyYi, ij}

where (z;,y;) is the mean position of the i** landmark
point and (o,;,0,;) its standard deviation on the horizontal
and vertical axes.

4.2. Deformation measure

Bookstein [2] showed theinterest of the thin plate splines
forimageregistration purposesincethey can beusedto solve
the problem of scattered datainterpolation while minimizing
the warping.

The total amount of bending of a surface (z,y, f(z,v))
(f being a twicely differentiable function f : R*> — IR),
can be quantified by the value of the functional:

0? 0? 0?
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Given a set of landmark points {p; = (x;,y;)} on one
face and {p, = (a,vy;)} on a second one, the function
T = (T,,T,) : IR* — IR?, that matches each point p; to
P, with respect to its standard deviation (o, 0,;) and that
is least bent according to the functional (3), minimizes the
functional:

Jr =
+>\Z o

A isapositive weighting parameter and 4 is defined by:

I(T)+I(T)
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h(z) =z if |z| > 1and 1 otherwise.

Thus, aweight isassociated to each landmark point which
decreases the influence of a point if its standard deviation
islarge. Thefunction h is constructed so that Jr is always
defined and the points having small standard deviation are
not too influent.

The transformation 7, that minimizes J;-, has the fol-
lowing form:;
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To(w,y) = a1+ aze + azy +y_ w,U(|T(p) — (2, y)|)
;\7:1

Ty(z,y) = b1+ bz + bsy +Z zU(|T(pi) — (z,9)))
=1

Several types of function U can be used in order to ob-
tain a minimum for Jp. In particular the use of U(z) =
x?log(x) (with U(0)=0) leads to an unique solution verify-
ing the property of the thin plate spline. The coefficients
a1, az,as, by, be, b3, w1, ..., wy and z1, ..., zy can becal-
culated by solving alinear system as described in [2] [10].

The quantity J(7") may be used to measure the likeness
between two faces. The assumed identity will then be con-
firmed if this value is smaller than a given threshold. The
threshold value is linked to the accuracy of the system that
iswished for. If it issmall, it can hapen that the identity of
aperson will be wrongly rejected; if it is large, the identifi-
cation test will then be less restrictive. Lastely, the choice
of the treshold value must take several parameters into ac-
count such as the image acquisition and the accuracy of the
localization and extraction processes.

5. Conclusions

This paper presents a set of methodsthat are used to con-
struct an identity check system. The localization of facial
features (such as the eyes, nose and mouth) is achieved us-
ing amorphological operator aswell as the spatio-temporal
information. This method is robust provided that lightning
is frontal. It is used to normalize the face image with re-
gard to the corresponding face in the data base. The active
contour model proposed for feature boundary extractionisa
parametrically deformable model using Fourier descriptors.
This model is designed so that few parameters are needed
to extract irregular objects like the eyes or the mouth and
the stahility isincreased by applying a coarseto fine scheme
to the convergence process. A face is represented in the
database by a set of landmark points belonging to the fea-
tures boundaries as well as the standard deviations of the
points cal culated on a sequence of images. Finally the like-
ness between two faces is quantified using a deformation
measure. This deformation corresponds to the bending to
be applied on a face, so that its landmark points match the
ones of the other face. To this issue, an enhancement of a
standard method used to interpol ate scattered data has been
proposed which allows to associate a weight to each land-
mark point so that points having a small standard deviation
have more effect on the bending.
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