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Abstract: In this study, a face recognition system using PCA on eigenimages 1s proposed. This system
automatically detects the eyes region from a face image using the wavelet transform. These detected eyes are
separated from the face image then eigeneye decomposition is performed. A new classification based on the
least squares estimate to improve recognition accuracy 1is also proposed. Good mmprovement m classification
15 achieved which outperforms traditional PCA on the whole face especially when taking mto accoun the
substantial reducation in the computational complexity of the proposed algorithm.
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INTRODUCTION

Face recognition is widely used in biometric systems.
Although, some reliable systems of biometric
identification have been developped, most of these
algorithms require strict subject cooperation. To create
efficient biometric systems, a good research effort has
been spent on optimizing such algorithms. The mam 2
factors used to compare different algorithms are:
complexity and efficiency (Zhao et al., 2003).
Unfortunately, most existing techniques require long
traiming and recognition times. Most face recognition
techniques developed use the complete face image
(Turk and Pentland, 1999) while few others perform
operations on local features like eyes, nose, mouth etc
(Kanada, 1977, Kelly, 1970). It has been observed
experimentally that good recognition rate can also be
achieved using only local facial features. Tt was shown
that techniques using the whole face are prone to errors
dues the changes of face feature over time. Features like
facial hair and beard can also affect face recogmtion
accuracy. Unlike the complete face, eyes do not change
significantly with time. As such, we propose here the idea
of usmg eves for face recognition.

In this study, we propose a novel face recogmtion
system. This system first detects the eyes from the face
image. These detected eyes are then separated from the
face mnage to perform eigenfeature decomposition. We
then use these eigenfeatures to classify test images. A
best fit of the projection of unknown image onto the
eigenspace is calculated using a least squares approach.
Distance between this fit and the original image projection
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1s used for classification. In this research, we have used
the AT and T faces database. This database consists of
400 gray-scale images of 40 persons.

EXTRACTION OF EYES FROM FACE IMAGES

The first step of the proposed system starts by
extracting the eyes image from the given face umages. We
applied this technique to all 400 images to create a local
eves database. This process is explained in the following
flowchart (Fig. 1).

Eyes detection

Wavelet decomposition: Wavelets have been widely used
in facial feature extraction. The man rationale 1s that
wavelets provide a powerful multi-resolution analysis
of the mmage. The wavelet decomposition of an unage
is usually by applying a series of filters. By applying a

npot Tovelwaveet | —s] Scect vrticl
image decomposition detail image
Calculate
Extract eycs threshold
Nomalized Detect eyes and Convert to
image their centers binaryimage

Fig. 1: Flowchart for extracting the eyes mmages
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Fig 2: One level wavelet decomposition

lowr-pass (H) and a high-pass () filter, we can get an
approzmation image and a details image to the onginal

image.
Thiz iz performed as foll owe:
I_])'*
[I—I [G > A 1]1. X]Ly
= [52" [5Gy *[H An - 1]1x] Ly
=[5, [G),* A - 1Ly

where, * is the conwolution operator,l ¥ and | ¥ are
subsarnpling along rows and columns, respectively. & n
ig the approzimation at lewel n and D n are the details
lewrel oo A D is the original irnage. The selection of these
filters is an important issue and iz application dependent.
A 1ot of research effortz has been spent to develop
specific filters for speicific applications. In this research,
the filters we used are the filters proposed in Garcia and
Tziritas (1999 These were found very efficient for our
application of interest:

H(z)=0.853+ 0377z +2Y - 0.111 (£ +z ™
- 0.024(z% +7%) + 0.038(2" +24) (13

G(z)=-z" Hiz") (2

In our experiments, we performed a one-level
decornposition to obtain an approzimation and three
details images (Fig. 23 Motice that the facial features

(edgeshare mostly inthe hodzontal directionrection. As
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Fig 3: Binary image after thresholding

such, we selected this horizontal detail image for further
procesaing. Thizs one level decomposition gave enough
information on the prominent edges of the image,

Thresholding to create the binary image: The detail
image from the presious stage iz then conwverted to a
binary immage through thresholding. We propose here to
uge for threshold the awverage of the highest and the
lowrest gray level of the detail image. The resulting binary
image consizts of only of the high-intensty points
represeting the boundaries of the eyes, mouth, nose etc.
Sotne other edges will also be wisble depending upon the
image DNorphological opening i1s then perfonmed to
remove the points at the border and some isolated points
to get a clean hinary image as showninFig 3.

Detecting the eyes and their centroids: It iz obvious
that the position of the eyes can now be detenmined
if we szearch for non-black pointz in both row and
columnn directions. This way, we can separate both eyes
and estimate the centers by caloulating the centroid of
these eyes regions. Once the centers of the eyes are
lenowm in the binary image we canmap the centersin the

original irnage as well, Some of our results are shown in
Fig 4.

Normalization of the image: Once we have the centers of
eves we can normmalize sach image such that the line
between the twa centers is horizontal, as showm inFig 5
(through rotation). Let the distance between the centers
of eves be d. After rotating the whole image we use this
distance (d) to extract a usefial area. Based on extensive
exzperiments, we decided to extract anarea 1.5 d wide and
0 65 high. The details are shown in Fig. 6. The figure
chowres that, using these distances, we are able to cowver
the area containing the eyes and the eyvebrows.
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Fig 6: Extraction of eyes area
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Fig 7: Samples from the eyes database

Thiz iz done with all itnages inthe ATT databasze. All
eves itnages are thenresized to a standard of 30%75 image
to create the eyes databasze Some samples from the
resulting datahaseare showninFig 7.

FACE RECOGNITION USING EIGENFEATURES

During the recognition stage, we propose to use
Principal Component Analysis (PCA) PCA has been
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proven wery robust to minor changes in features.
Gpecifically, PCA is a dimension reduction technique
based on the concept of inding the main directions in the
data These main directions are the eigenvectors extracted
from the covariance matriz obtained from the data. From
the 400images, we selected 160 (4 per person) for trairing.
Theremaining images were used for testing.

Before training, we cotmpute a mean itva ge from these
training irrages and subtract it from all the images. The
tnean itrage is shown in Fig. & Thisis done to sitnplify the
implementation of the Before imtiating the PAC
decorposition, we firg conwvert the two dimensional
images into vectors by concalinating the rows Let =
denote thei th image in vector forrn of ditnension M =1,
then the estimated mean image (for a database of M
itnages), shown in Fig. 8, is calculated as:

(3

Let e and A 1 be, respectively the eigenvectors and

corresponding  eigenwalues  of  Cixthe  estirnated
covariance ratrix given by
1| 4
Cx =H lexll _m'xm}l{ ( )

iml

Then a transformation matriz &, whose rows are the
eigenvectors of Cx can be used to project an image into
the eigenspace formed by the eigenvectors eis. This
transfortmation is v = A% - m,). In this transfortoation,
dimenzion reduction is performed while preserving the
cornponents that conttibute most of the variance We can
select an arbitrmry number of significant eigenvectors for
projecting an irnage into the eigenspace. As the number
of eigenvectorsis increased, a better representation of the
irrage is obtained. TTsually the number of irra ges used for
traiming (W) is less than the oamber of pixzels (M) in an
image. In order to simplify the expensive process of
gl genvectors calculation dirnensionality reduction of C,
tmatnx iz performed. The overall recognition rate for the
PCA decormposition is usually displayed as a function of
the number of eigenvectors. Obwiously, the recognition
rate itnproves as we increase the number of eigenvectors
to form eigenspace. Simlar, to the concept of etgenfaces,
we call the eigenwvectors obtained from eyes imnages as
ELJREVES.

These eigeneyes are found by applying PCA on eyes
databasze. The process of finding the eigeneyes is the
training stage of systern. Once the system is trained,
we test it on a munber ofimages. Obwiously, these test
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Fig. & Miean image

Fig. & The first 4 eigeneyes

itmages are not used in the training process. These test
itnages (after retnoving tnean) are projected onto the
eigenspace. Similarly, all training images in the database
are projected onto the egenspace. We then compute the
distance between the projection of the unknewm (test)
itmage and all the projections from the training images of
the database. The class which gives the mininmun distance
iz declared ay the claze of the uvnknown test itmage.
Euclidean distance metric is used in this case. The first
four eigeneyes can be seen in Fig 9. In the nest study, we
propose a new method for improving cassification veng
the least sgquares approach.

IMPROVIN G PCAUSING LEAST SQUARES

The problem with the tradition PCA is that each of
theimages from the same class (person) are considered to
bea classin itself In this research, we propose to uee the
least sguares estimate of the uiknown ima ge projection to
itmprove classification. In this method, the process
requires a model that relates the wnknown image to the
itmages in each clase. This can be done with the help of
one or more cosfficients The image obtained by veng
theze coefficients iz called fitted image To awoid the
cotmplexity that occurs due to the large size of image we
uee the projections of the images onto the egenspace.
The difference between the projection of the unknown
image (x) and the projection of the fitted image (%) is
defined as error (€, also called residual.

e=x%-% ()

Motethat theimages x and % are in vector form. The

least squares method minimizes the swnmed sguare of
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residuals to obtain the coefficient estimates Tet us say we
decide onusng only three training images per class, then
we need three coefficients (ul, a2, @3). These can be
found veing the following Eg:

E=0hHE, tOH, + Ozl +
£,
E=(H %, ]| o, [+E

o

(&)

E=3 O+ &

Here, 2, is a matrizx, unigque for each class, formed by
the projections of three #nages for that clase and € iz the
error vector. The L3 estimate ofthe coefficent vector, &,
can be found by
X TXE

[

8= "x

b= (X, % )% T x

Thiz & iz used to find ¥ givenin Eg. 5 as:

§=X.4 ©
Estimnated images ( £ are calculated for all classes for
the given test image. After that we evaluate the enclidean
distance between the test image and estimated images.
The class of the estimated image that gives tmininmun
distance is saidto be the class of the unknown image.

EXPERIMENTAL RESULTS

We are uging the AT and T face databaze in our
experimments There are ten different images of each of 40
diginet sibjects. The eyer database was created vsing
this face database The experiments for face recognition
were performed for 2 different mumbers of training
samples. The first result of Fig 10 compares the
recognition rate when this technique was applied to faces
and eyes separately.

It can be zeen that the resulty are guite satisfactory
if we do not consder the high computation time required
for identifyring faces (dueto large size).

The results show that as we increase the munber of
eigeneyes used for classification the recognition rate
itnproves. The recognition rate can also be increased if we
increaze the mumber of training samples. Figure 11
compares the resmilts when the system was trained with
four and six eyes per person. The results show that the
itnprovement in recognition rate is very good By usng
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PCA-eyes vs PCA-faces (with four
90- training samples per persons)
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Fig. 10: Comparison of recognition rate when PCA was
applied to whole face vs only eyes
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Fig. 11: Comparison of recognition rate (different number
of training samples)
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Fig. 12: Comparison of the two techniques discussed in
the study

the least squares method to classify an unknown (test)
image we can further improve the recognition rate for the

eves database. This is shown in Fig. 12, where we have
used the least squares estimate of the unknown mmage.

The reseaerch in Hjelmas and Wroldsen (1999)
discussed the face recognition problem using only eyes.
They have used the same AT and T face database for thus
purpose. Both eyes of a face are extracted separately
using manual location of eyes centers. Using the minimum
distance classifier of city block distance they were able to
achieve a recognition rate of 84.4% as compared to 86%
for the least-squares method proposed m tlus study
(without manual interference). The maximum recognition
rate for this database is 96% reported by Lucas (1997).
This was achieved using the whole face images.

CONCLUSION

For a database with large variations, we are able to
get good result by using only the eyes. The recognition
rate can be increased significantly if we use more samples
for training. The least squares method proved to be more
efficient and effective. The proposed techmque 1s rotation
and has the huge advantage of low
computational complexity given the small size images we
work with.

invariant
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