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Abstract. This work describes an ongang
projed related to a new methodto perform face
recogntion from video sequences. Faces are
deteded and tradked in a video sequence using
Gabor wavelet networks. This process also
adlows locaing and extrading fada fedure
regions around the eyes, nose aad mouth. A
modified Karhuren-Loeve transform, defined
with the dad o an automatic fedure seledion
procedure, is used for feaure extradion and
facereoognition. Severa preliminary results are
discussd.
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1 Introduction

Facerewgntion has emerged as an instigating reseach
field bah under the machine and the biologicd vision
systems paint of views. In fad, this reseach field has
atraded intense and gowing attention by the vision
reseach community, finding many important pradicd
applicdions, such as in seaurity and human-madine
interadion. This paper describes an ongdng pojed,
including some preliminary results, abou a face
recogrition system based on video sequences.

The methods for face recogntion can be broadly
grouped in two classs, i.e satic and dyramic
approaches. The former concerns face reagrition in
single (static) images, while the latter concentrates on
people possbly moving in video sequences. The static

approach has developed many interesting and pawerful
techniques, succealing in dfferent applicaions.
Nevertheless as far as recogntion in video sequences is
concerned, much work still remainsto be dore[13].

Face recogntion in video sequences often involves
four important steps. (1) facedetedion; (2) facetradking
along the video sequence (3) fedure extradion; and (4)
recogrition. It shoud be dea that the large anount of
datainvolved in video sequences represent a chall enge for
red-time implementation d these four steps. In order to
circumvent this problem, not all faceregionswill be taken
into acourt by the foreseen system. Instea, the systemis
based on extrading information from important fadal
feaure regions (FFRs) defined aroundspedfic landmarks,
i.e. the gyes, the nase and the mouth.
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Figurel Overview of the projed.

Figure 1 illustrates an owerview of the system
projed. Using Gabor wavelet networks (GWN), the
important fadal landmarks (FLs) are deteded and



trakked, alowing the FFRs to be segmented and
extraded. The feaures used for clasdficaion are
extraded from the FFRs using the Karhuren-Loeve
transform.  Nevertheless instead of taking the
eigenvedors (or eigenfedures) asociated to larger
eigenvalues, an automatic feaure seledion algorithm will
be gplied in order to define abetter transform from the
training set, by choasing the most discriminative
eigenfeaures. Once that the fedure ectradion transform
has been defined from this procedure, it can be gplied to
the FFRs in order to generate the fedure vedors that
allow clasdfying the faces in ead frame. Finally, a super
clasdfier is suppcsed to colled the output classfication
results from ead frame in order to recognze the face
based on severa clasdficaion results (one from ead
frame, in avoting scheme). All these steps are represented
in Figure 1, which aso includes a systematic performance
assessnent modue that will be caried ou in oder to
validate the system.

This work is organized as follows. Sedion 2
describes the GWN approach for facedetedion, tracking
and locdion o the fadal landmarks. Sedion 3
concentrates on feaure extradion and seledion. Finally,
the face tassficaion in ead frame, the super classfier
and performance a@sessment are topics presented in
Sedion 4

2  Detection and Tracking of Facial Features

The detedion and trakking o fadal fedures in video
sequences is an important step of our approach, since it
provides the normalized fada fedure images, which are
required by bdh the training and classficaion
procedures. The topics concerned to this edion can be
divided in three parts: detedion d faces, fadal feaures
and nomalizaion d fadal fedures. It isimportant to say
that the user is suppacsed to move his head naturaly while
the canera aquires the image sequence, with non
controlled ill umination condtions.

Face detedion is performed by wing a dtatisticd
skin-color model to segment facecandidates as well as a
simple orrelation pocedure to verify the presence or
absence of afacein ead deteded skin-color blob. Once a
faceis deteded, its approximated scde and paition are
computed, and the skin-color region is converted into a
gray-level image. These procedures are described in [1].

Fadal fedures, i.e. eyes, nose and mouth, are then
located and trackked aong the video sequence The
method that we have used to accomplish thistask is based

on Gabor wavelet networks (GWNSs) [2], an effedive
technique for objed representation. Basicdly, the ideaof
GWN isto represent afaceimage & alinea combination
of 2D Gabor wavelets, whose parameters (position, scde
and aientation) are stored in the network noces, while the
linea coefficients are represented as the synapticd
weights. The weights and wavelet parameters are
determined opimaly so that the maximum of image
information is preserved for a given nunber of wavelets.
This wavelet representation alows detedion o fada
fedures even in the presence of glasses, bead and
different fadal expressons. Fedure trading is robust to
homogeneous illumination changes and dffine
deformations of the faceimage. Moreover, the gproach
considers the overal geometry of the face thus being
robwst to deformations guch as eye blinking and smile,
which is usualy a aiticd situation to most loca-based
traditional methods.

Figure 2 illustrates the face ad fada fedure
detedion, whereas figure 3 shows the tracking processin
a spedfic video sequence’. The technique based onGabor
wavelet networks provides, in ead frame, the orientation,
scae, trandation and sheaing o fada fedures. Thus,
using these parameters, we can segment and namalize
eah fada fedure by applying a orred affine
transformation in ead frame. The resulting data ae used
by bah the training pocedure and the dassficaion, as
we will describe in the next sedions.

Figure 2 Detedion d face adfadal feaures.
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Figure3 Tradking d fadal fedures.

! http://www.ime.usp.br/~cesar/credivision/demo/



3  Feature Space Generation

In order to perform recgrition, our system generates a
feaure space acording to the method schematized in
figure 4. Next two subsedions contain further details
abou our methoddogy.

3.1 Eigenfeatures

After estimating the fagal feaures locations, followed by
segmentation and namalization o fada feaures regions
from all the frames of the training set, the resultant images
are used to train four principa comporents analysis
(PCA) fedure etradors (adso cdled Karhuren-Loéve
extension), one for ead fada fedure, becaise PCA
generates a representation lketter suited to clasdficaion
procedures.
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Figure4 Feaure spacegeneration.

These PCA transforms are obtained through the
method described by Turk and Pentland [3], but using
only images of fadal fedures insteal of whoe face
images thus obtaining eigenfeaures. The terms
eigenfedures, eigeneyes, eigenncses and eigenmouths
were aeaed by Moghaddam and Pentland in [11]. The

advantages of using orly fadal feaures includes
computational cost, because smaller images require less
processng to train the PCA; and recogntion acarracy,
due to the aurse of dimensiondlity [9]. These alvantages
were reported in [4], and Brunelli and Poggo [7] aso
confirms these results for the template matching

approad.

In order to perform dimensiondlity reduction, Turk
and Pentland [3], simply seled the first d eigenvedors of
the mvariance matrix of the training faces st (d<m,
where m is the total number of eigenvedors). In this
work, we gply a fedure sdledion algorithm over a
combination o al the egenfedures (eigenrighteyes,
eigenlefteyes, eigennases and eigenmouths).

Besides the well-know advantages of fedure
seledion, like those discused in [9], one of the
motivations for performing automatic dgenfedure
seledion are the results obtained in [8], in which the
performance of a PCA for facereoogrtion system was
improved when the first three égenfaces were not used.
The aithors in [8] claim that there ae some evidences
that these eagenfaces are influenced by ill umination
changes, and nd to inter-class variations. This fad
provides evidence that it is posdble to oltain better
results by applying an automatic fegure seledion method
to the agenfedures, instead o using the first d
eigenvedors of eat fadal fedure.

3.2 Feature Selection

Briefly, automatic feaure seledion is an ogimization
technique that, given a set of m fedures, attemptsto seled
a subset of sized (d<m) that lads to the maximizaion o
some aiterion function, e. g. the distance anong the
training classes.

In [12], we described afeaure seledion strategy that
produwces good classficaion results withou dependence
of a spedfic dassfier. These results are possble because
that agorithm seleds a fedure set that maximizes
distances among elements belongng to dfferent clases
and minimize distances among elements that belongto the
same dass An advantage of that technique is that it is
posshle to oltain these results independently of the shape
of distribution d the patternsin the feaure space

Briefly, the technique proposed in [12] is compased
by the sequentia floating seach methods [5], using, as
criterion function, the tolerance-based fuzzy distance [6].
The membership value of ead pattern was defined as
being inversely propational to the distance between it



and the prototype of its class We defined the prototype of
a dassas the mean vedor of the training samples of that
class

4  Classification

In order to perform classficaion d video sequences, the
feaure spaceis obtained by transforming the inpu video
sequence using the PCA transform of sedion 3 Ead
individual frameis clasdfied and a super-classfier is used
to gve the fina clasdficaion result of the video
seguence

An evauation procedure will be used to asessand
improve the performance by determining which clasdfier
is the best between the K-neaest-neighba (Knn) and the
minimum distance to the prototype. The evaluation
system will also be used to determine the value of the
parameter K for the Knn classfier. These dasdfiers are
described in [10Q].

We use the voting scheme [9] as a super-classfier
(combination method), but we plan to assss the
performance of other super-classfiers, like those
described by Jainet al. in[9].

Our ongdang work aso includes performance
assssnent using the “leaving-one-out” strategy [10] and
the mean of the wrred classficaion rates.

We have obtained promising results applying the
feaure seledion technique described in previous sdion
over eye images and wing a Knn clasgfier. Our
preliminary tests were caried ou using 174 images of
eyes from 29 people, 6 images per person. The resolution
of the images is 64 x 64 ppxels. All images were used to
train a principa comporents analysis g/stem (PCA),
ohtaining 468eigenvedors.

The ASFfedure seledion was dore to seled the best
(acording to the tolerance-based distance [6]) d=30
eigenfedures. The obtained feaure set was evauated
using the Knn classdfier, for K=3, trained using al the
images and testing wsing ore image per person. The
recognition acarracy was 97.7%, while, by using the first
30 eigenvedors (the traditional PCA classficaion
method), the obtained recogntion acaracy was 94.8%.
Thisfirst result shows that our fedure seledion strategy is
promising.

5 Concluding Remarks

We presented a new method to perform facereagrition
from video sequences. Our approach is based on (1)
detedion wsing a statisticd skin-color model to segment
facesand GWN to deted fada landmarks; (2) traking o
fadal landmarks using GWN and (3) recmogntion wing
eigenfedures Eledion.

The main contributions of this work are the
eigenfedures sledion for people reagrition, and the
asciation among GWN, PCA and fedure seledion
using fuzzy distance

As described before, the preliminary results of the
detedion and tradking systems as well as the results of the
eigenfedure seledion system are very promising. As
future work, we plan to perform tests comparing the
performance of eigenfedures sledion  versus
eigenfeaures withou automatic feaure seledion. We dso
plan to compare it with ather systems concerning face
reqogrition from video sequences.
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