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Abstract. A face recognition sysem that uses Log-Polar Images and
Gabor Filters is here proposed. This sysem modes the way in which
face images are processed between the retina and the areas V1 and V2 of
our visual sysem. Some @&mulations of the recognition abilities of the
sysem are also presented.

I. INTRODUCTION

Face Recognition is a very lively and expanding research
fidd. The increasng interest in face recognition is mainly
driven by applicaions like access control to buildings and
(computational) systems, identification for law enforcement,
borders control, identification and verification for credit cards
and ATM, and very recently passive recognition of dminas
(eg. terorists, hooligans) in public places or buildings
(airports, tran dations, sadiums, etc.). Many different
approaches have been proposed to solve this task. Roughly
gpesking the most successful gpproaches can be divided into
the ones that anadyze the faces in an holigic sense (eg.
egenfaces and fisherfaces) and the ones that andyze the
condiitutive parts of the faces (eyes, mouth, nose, etc.) as for
examplethe so-cdled dynamic link architecture

The dynamic link architectue is a gened face
recognition technique that represents the faces by projecting
them onto an dadic grid where a Gabor filter bank response
is measured & each grid node. The recognition of the faces is
performed by meesuring the smilarity of the filter response
a each node (Gabor-jets) between different face images. The
nodes of the grid normally, but not necessary, correspond to
so-caled fiduciad points (center of the eyes, top of the nose,
corners of the lips, etc.). One of the most successful dyrnamic
link architectures is the Elagic Bunch Graph Matching -
EBGM (seefor example[10]).

Gabor andyds, a paticuar case of joint gpatial/
frequency analyss, is biologicdly based, and their oriented
filters (Gabor filters) model the kind of visud processng
caried out by the smple and complex cels of the primary
visud cortex of higher mammds [6]. The shape of the
receptive fidds of these cdls and their organization are the
results of visud unsupervised learning  during  the
development of the visud system in the first few months of
life [9]. Based on these facts one can say that the dynamic
link gpproach for face recognition is biologicaly motivated,
at least in the stages where Gabor anaysisis employed.

The aim of this work is to take a sep further into the
congtruction of a face recognition system that is biologicaly
based. To achieve this objective the  Log-Polar
Trandformation - LPT [5], which modds the Retinothopic
Mapping of the visua information between the retina and the
aea V1 of the visud cortex [6][9, is used. A face

recognition system based on the dynamic link architecture,
and in which input images are first processed usng the LPT
is here described (see block diagram in figure 1). The
proposed system modds the way in which face images ae
processed between the retina and the areas V1 and V2 of our
visud system. The suppositions assumed ae that in our
visud system faces are stored as Gabor jets, and that the face
identification is peformed by measuring the dSmilarity
between the Gaborjets of an input face image and the Gabor-
jets of the stored faces.

The use of the LPT in face recognition applications is not
new, different research groups have employed it. Tistardli
and Grosso [7][8] have implemented & active face
recognition system that uses the LPT together with Principd
Component Andlysis, Chien and Cha have used the LPT to
locate landmarks in faces [1]; Minut et al. have used the LPT
together with Hidden Markov Models for the recognition of
faces [4]. However, to our knowledge our work is the first
one where the LPT have been included in a dynamiclink
face recognition architecture.

The aticle is sructured as follows. The proposed face
recognition architecture is described in section Il. In section
Il some smulations of the recognition ahilities of the
proposed method usng the Yde Face Dadbae ae
presented, together with a comparison with the EBMG
architecture Findly, in section IV some conclusons and
projections of thiswork are given.

Il. PROPOSED ARCHITECTURE

A block diagran of the proposed architecture is
presented in figure 1. When a new face image arives to the
system, the Face Alignment block finds the Fp fiducid points
to be used for the recognition (pupils, top of the nose, coners
of the lips, etc). In our current implementetion this block is
not implemented in an automatic way, but manualy.
Aftewards the Log-Polar Transformation is applied over the
input face image uwsng as origin of the transformation the
coordinates of a fiducia point (the top of nose in our case.
Before applying the Gabor Filtering block, the coordinates of
the Fp fiducid points are transformed into the new logpolar
domain  (Log-Polar  Coordinate  Transformation  block).
Thereefter, the logpolar image is convoluted with each of the
Gf Gabor Filters composing the Filter Bank. The convolution
is applied in each of the Fp fiducid points (logpolar
coordinates). The results of the convolution are the Gabor-
jes. Findly, to determine the identity of the input face, its
Gabor Jets ae compared with dl the Gabor-jets that form the
Face Graphs Database, using the Smilarity Matching block.
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Figure 1. Block diagram of the proposed face recognition architecture.
A Log-Polar Transformation

Studies of optical nerves and visud image projection in
the cerebdlar cortex show tha the globd retinothopic
dructure of the cortex can be characterized in terms of the
geometrical properties of the so-cdled retinothopic mapping

This mapping can be modded by the LogPolar
Transformation — LPT [6][9].

If I(x,y) is a rettangular image in Catesan
coordingtes, then the LPT with origin (x;,y,) will be given
by:
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The parameter M is determined by the sdected height of
the tranformed image. The angle resolution is given by the
sdected width of the transformed imege An example of the
application of the LPT isshown in figure 2.

The LPT dlows a dgnificant reduction of the visud data
to be processed. This data diminution is produced by the
logarithmic  sampling of the input dgnd in the radid
direction and by the condant sampling (the same number of
points is taken) in each angular sector to be transformed.
Additiondly,  this mapping  provides an  invaiant
representation of the objects, because rotaions and scdings
of the input signd ae transformed into trandatiors [5],
which can be easily compensated.

Figure 2. The image on the top corresponds to the origina image, while the
image on the bottom was obtained applying the LPT. The size of the originad

image is 128x128 pixels, while the sze of the transformed ore is 60x219

pixels.
B. Gabor Filtering
Bidimendond Gabor Filters, originadly proposed by
Daugmen [2][3], correspond to a family of bidimensond

Gaussian functions modulated by a codne function (red part)
and a sirus function (imaginary pat). These filters are given
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with s the dandard deviation of the Gaussan n the
frequency parameter, mthe orientation parameter.

The second term in the square brackets in (5 is used to
avoid the offset, in other words, make that Y, j(;)d%(

converges. In our implementation 40 filters (5 frequencies
and 8 orientations) compose the filter bank. The filter
parametersaregiven by :

n=0, .., 4and n¥0, ..., 7. ©)

In our current implementation the Gabor filtering is
performed usng 16 different fidudd points (left pupil, right
pupil, top of nose, corners of ips, corners of eyebrows, €c.),
which ae shown in figure 4. Of course the coordinates of
these fiducid points are logpolar transformed before to
apply thefiltering

Figure 4. Fiducid Points chosen in aface image

A Gabor-jet describes the behavior of the image around
a gven pixd x=(xy), ad it is obtaned doing the
convolution between the image and each of the 40 Gabor
Filters in x as shown in equation (7), obtaning a complex
number as result. In that way, a Gabor-jet is a vector formed
by the resulting of the convolution of the image with each of
the 40 Gabor Filters and will have 40 components. Each
component is given by the magnitude of the complex
response of the correspondingfilter.
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wherey | isoneof the Gebor kernel described in (5).

As mentioned, before applying the Gabor Filters, the
coordinates of the fiducid points \Xg,Y,) (=1, .. 16),

manudly located, must be transformed into the logpolar
coordinate system. Thistransformation is given by:
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where (Ug,Vy;) ae the new log polar coordinates, S, and S,
ae the heignt and width of the logpolar images, r

maximd radius and the function tan_sp! islikea tan’! but
with range between Oand 2p.

The face database is build up by applying the LPT and
the Gabor Filtering to dl training images, and by storing the
obtained Gabor-jets in a so-cdled Face Graph structure in
the database (see detals in[10]).

is the

C. Smilarity Matching

This block is in dage of the similarity between an array
of Gabor-Jets with another one. It compares the Gabor Jet s of
an input image with the exiding ones in the face ditabase. To
compare two jets of different images (J and J'), we define
the following similarity function:

Gf
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where a; j=1..,G, is the magnitud of the result of

redize the convolution between the red and imaginary part
of Gabor Filter j and theimage.
If now we want to compare dl the jets of an image G'

with dl the jets of another image G, the following
expression is used

SG(GT,GM):—;g sﬁ(JnT,Jﬁ”) (10)
n=1

1. SIMULATIONS

We peformed a comparison between our proposed
sysem (LogPolar Gabor) and the Elastic Bunch Graph
Matching (EBGM). In order to test both methods we made
severd smulaions usng the Yde Universty - Face Image
Dadbase. We employed 165 images of 15 different classes.
The dze of the images was 128 x 128 pixds. In table 1 we
show the results of severd dmulations For each smulation
we usd a fixed number of traning images (N), usng the
same type of images pe cdlass according with the Yde
database  specification. In order to obtain  representative
results we take the average of 20 different sat of images for
eech fixed number of training images All the images not
used for training are used for testing.

In the EBGM implementation 16 fiducid points were
used. These points are shown in figure 4. The Gabor-jets for
each one of these fiducid points were obtained applying 40
Gabor Filters (see définition in (5)), with frequencies and
orientations given by (6). After that, the complete graph is



compared with the graphs belonging to the database using the
smilarity function defined by (10).

For the “LogPolar Gabor” architecture we employed the
same 16 fiducid points used for EBMG, but transforming
their coordinates using (8). We implemented two recognition
systems. In the firsg one the size of the resulting log-polar
was sdected to be 60x219 pixes, while in the second one it
was sdlected to be40x141 pixes.

Table 1. Mean recognition rates using different numbers of training images
per dass (N), and taking the average of 20 different training sets (emall
numbers correspond to the standard deviations).

EBGM Log-Pdlar Gabor
Normd Image Polar Imeges Polar Images
128x128 pixels ~ of 60x219 pixels  of 40x141 pixels
2 74.41% 67.%% 66.7%
(9.8% (14.0%) (15.2%)
3 74.83% 814% 78.2%
(84% (7.0% (9.4%)
4 7852% 86.1% 83.9%
(81% 6.1% (6.8%)
5 81.94% 8.3% 85.72%
(7.3% (3.4% (5.4%)
6 83.1% 83.7%0 83.93%
(6.7%) (3.3%9 (4.4%)

In Table 1we can see that the smulation results obtained
with each of the two proposed systems are better than the
ones obtained with the EBGM, when the number of training
images per class is larger than 2. Otherwise EMGM s better.
It should be dso noted that using the LPT, the number of

pixels to be processed with each of the proposed systems is
smdler than the number of pixels to be processed with
EMGM. In the firs case the 80.2% of the pixds must be
processed  (60x219/128A28), while in the second case just
34.4% (40x141/128/128).

IV. CONCLUSIONSAND PROJECTIONS

A new biologically besed gpproach for face recognition
was here presented. Under this approach, the way in which
face images are processed between the retina and the primary
visud cortex of our visud system, is modeled using the Log-
Polar Transformation and Gabor Filtering

Some dmulaions of the recognition abilities of the
proposed architecture using the Yde Face Dadbase were
presented, together with a comparison with the EBMG
architecture The dSmulaions results obtaned with the
proposed architecture are better than the ones obtained using
EBGM, when the number of training images per dass is
lager than 2. The man advantage of usng our log-polar
approach is the fact that face images before Gabor Hltering
havea smaller size which speeds up the processing.

At the moment we are testing a variant of the proposed
architecture, in which a different log-polar image is used for
each fiducid point (see block diagram in figure 5). In this
cae the coordinates of each fiducia point is used as origin to
apply the LPT. Theredfter, the Gabor Filters are applied ove
eech obtaned log-polar image The similarity messurement is
the standard one (see (10)). Soon we ae going to publish the
first Smulationresults of this new architecture.
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Fgure 5. Block diagram of variant of the proposed architecture. In this case different log-polar images are used for each fiducid point.
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