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Abstract In general, the problem ofye-gaze estimation
involves two geps: Erst, the orientation of the sulgect'
In this paperwe present a ne approac to eye-gaze  head needs to be estimated ("global?e direction) and
estimation using eenspaces. The comteof our applica-  second, the orientation of the subjeayes within their
tion is monitoring car drives. Wthin this contet, eye- soclets needs to be estimated ("locabizg direction).
gaze information will be an important component in the The overall gaze direction can be obtained by greging
development of systems that monitor the driver and alertthe global and local directiondMost techniques in the
him/her of any insecerdiving conditions. Based on the literature deal with the "local" direction onlgssuming
requirements of our application, acaie gaze estimates that the position of the head is&@&xAlthough this might
are ot really necessaryOn the other hand, speed is very be a alid assumption in certain applications (e.g., medi-
important. The apmach we have talen involves classify-  cal applications), it is a rather restrigti sssumption in
ing gaze into (Eve dations ("staight”, "up”, "down", mary other applications. @ build a general purpose/e-
"left", and "right"). Eat gaze diection is modeled by a gaze estimation system, both problems need to be tack-
distinct eiggnspaceNowvel gaze diections ae dassiCEed led. Here,we concentrate on the estimation of the
as one of the alve (Eve gaze elations by computing the "local" gaze direction only
d?stance of the nm_l directiqn fom eab eigens_paceThe Methods for ge-gaze estimation usually rely on
eigenspace ass_omate_d with the smallest dlstance_-detertechmques such as measuring the resection of some light
mines the classiEcatiasult. The pposed ap@adis  hat is shone onto theye, measuring the electric poten-
very simple and fast. Also, it is not intrusive and does Notja| of the skin around theyes or applying special con-
required etracting any special feates. Our peliminary ¢t |enses [4][5].Although these techniquesovk rela-
results illustate that it is a ppmising appoad. tively well, they are intrusve, thus, not acceptable in
o o evay application domain. Recentlg lot of emphasis has
Keywords: eye-gaze estimation, principal components peen on using no-intrusi cmputer vision techniques
analysis, eigenspace. [1]-[3]. These techniques are aimed atracting visual
characteristics from images of the subjeSeveral criti-
. cal steps are wolved when gze estimation is based on
1. Introduction image data. First, theaée of the subject needs to be
The problem of ge-gaze estimation has reved a detected. Methods based on neural e [6] and
lot of attention lately mainly because of its potential skin-color [3] are ery popular in this case. Then, the
applications in bilding adwanced interaction dé&es to locations of the yes need to be found within thack
improve human-machine communication [1]-[3]. The region. Among the numerous methods proposed for this
goal of gje-gaze estimation is to determine where a sub-in the literature [1]-[3], the method in [7] iadt and reli-
ject is looking from the appearance of the subgesfes. able since it is based on thect that humans must peri-
The cont&t of our application is usingye-gaze for mon-  odically blink to leep their ges moist. After the yes
itoring car drvers. Eye-gze information rgarding the have keen detected, the last step is tlazegestimation
movement of a drer's line of sight may ha te poten-  step.
tial to indicate a dvier's intention and his/her piical or

o . ) S The most common probably approach éazeesti-
mental conditions. & normal dving, the line of sight is

mation is based on the reeection of some light shone
front. When people are drsy or drunlen, for @ample,  onto the ge. SpeciCEcallthe qze direction is estimated
their visual avareness cannot ver a wide enough area.  from the relatie position between the pupil and the glint
Consequentlyeye-gaze information will be an important ;¢ the brightest light spot on thgeedue to light resec-
comp(_)nent in the dr_elopment of_systems thf'it monitor tion) [2][5][8]. This approach is not completely non-
the drver and alert him/her of aninsecure driing con-  inyrysive and requires good localization of the pupil and
ditions. the glint. © avoid localizing these featuresglicitly, the

use of neural netarks has been proposed [8]. In [9], the



gaze direction vas estimated using the shape of the iris 2. Method Overview

or the pupil in the image. Since circles are projected on

the image plane as ellipses, the idesswo estimate the
pose of the iris from the distortion of its projection (i.e.,
ellipse) in the imageThen, the gze is estimated based
on the recwered pose. The main challenge with this
approach is that it requires a closewid the ge.

Depending on the application at hand, the acgurac
of the g7e-gaze estimation system caary. In the area of
human-computer inteates, for gample, ge-caze is
used as an input diee to control the screen cursor or for
menu selections. In this casgeepze estimates must be
very accurate. This is also the case whge-gze is
used in medical applications. In the comtef our appli-
cation, havever, we lelieve that a rough estimate of the
driver's eye-gaze, computedast and reliablywill proba-
bly be enough. It should be mentioned thgt-gaze is
not the only characteristic tak into consideration when
monitoring a dwer. Other characteristics include head
inclination, dgree of ge openness, sluggish iadal
expression, and sagging posture [10].

In the proposed approaclyeegaze is estimated by
guantizing it into ®e drections:(1) looking straight,(2)
looking up, (3) looking dawvn, (4) looking left, and(5)
looking right. A ®ner quantization is possible if better
accurag is required. Each ye-gaze direction is repre-
sented by an eigenspace whichudthising fice images,
containing mostly theyes, of people looking into the
corresponding directionGiven a rovd image (a person
looking at some direction), weteact the subimage con-
taining the ges and compute the distancig, see nat
section) from each one of the eigenspaces. The direction
associated with the eigenspaceving the smallest dis-
tance determines theaze direction of the person in the
novel image. Figure 1 illustrates this idea. In thetne
section, we reiew the theory of eigenspace-based recog-
nition.

Input Image

iProject onto each eigenspace

In this paperwe propose an eigenspace approach fg
eye-gaze estimation Eigenspace methodsveatracted
a lot of interest lately mainly because of their simplicity
speed, and relag giccess in numerous application
areas, especially in ate recognition digenface
appmoad) [11]-[14]. Themain idea is gry simple: Prin-
cipal Components Analysis (PCA) [11][12] is used tdg
linearly project images of objects to avaimensional
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subspace (eigenspace). This subspace is de®ned by the

principal components (eigeectors) of the distribtion of
images (i.e., the most important eigectors of the

covariance matrix). Using this approach each object is

represented as a linear combination of ergetors.

Objects under n@l appearances are classi®ed by com-

‘ Compute dffs from each eigenspace

Look Left
(smallest dffs)

Figure 1 The proposed approach for coarge-gaze estimation.

puting their distance from the eigenspace. Here, our

intention is to classify ye-gaze into ®e drections: (1)
looking straight,(2) looking up, (3) looking davn, (4)
looking left, and(5) looking right. Each gze direction, is
represented by a separate eigenspace: d¢ze direc-
tions are classi®ed to one of the ®@ede®ned direc-

tions by computing the smallest distance among the dis

tances from all the eigenspaces. The proposed approa
is very simple, &st, and does not requireyaspecial fea-
tures to bexdracted (e.g., glint).

The rest of the paper isgmized as follas: In
Section 2, we present arvenview of the proposed
approach. Section 3 contains &iea of the eigenspace

approach while Section 4 presents our methodology in

more detail. In Section 5, we present our preliminary
results. FinallySection 6 contains our conclusions.

C

3. Review of the eigenspace apach

The original formulation of the eigenspace method
is based on Principal Component Analysis (PCA)
[11][12], a standard statistical technique for reducing the
(Hmensionality of data while attempting to presecies
much of information as possible in terms ariance.
The ley idea is to represent each data ina thmen-
sional space de®ned by the most important eigetars
of the cwariance matrix of the data disttibon. A com-
plete description of the eigenspace approach, applied on
face recognition, can be found in [11][12].

In this approach, each imagéx, y) is represented
as aN x N vector G. First, the aerage imageyY is com-

1R . . .

puted:Y = R S G, whereR is the number of images in
i=1

the training set. N&, the diferenceF of each image

from the aerage image is computed, =G -Y , and

the cavariance matrix is estimated:



(a) Training L
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®ve drections. During ge-gaze estimationestimation
phas8, the image of a subject is presented to the system.

Then, the subjed’ eye-gaze is estimated by computing

where, A = gFl F,...F Rg' The eigenspace can then

be de®ned by computing the eigectorsu; of C. Since
C is very lage (N? x N?), computing its eigemctors
will be very expensve. Instead, we can computg, the
eigervectors of AT A, an R x Rmatrix. Then,u; can be
computed fromv; as follavs (the details are gn in

[11]): .
ui:SLViij’ jzl,...,R
J:

the distance of the subimage containing thiesefrom
each eigenspace. The smallest distance determines the
classi®cation.

4.1. Preprocessing

To compute the eigenspaces corresponding to dif-

ferent @aze directions, ®rst wexract the subimages cor
responding to theye-region and then we align them
together The procedure used to align the subimages is

similar to that used in [6]. Speci®callthe center of the

Usually we oly need to kep a smaller number of
eigervectors R, corresponding to the Igest eigevalues.
Given a rew imageG, we abtract the mearm(=G - Y )

RlI

and we compute its projectiont = Swu;, where
i=1

w, = Ul F are the coécients of projection.

Let us assume that our training set contaarse f
images. A ne& image is considered to be acé if the
mean square error (called thestance fom face (dE))
between its representation using the most important
eigervectors and its normalized counterpart (e.g., the dif-
ference of the input image and the mean image), is small.

Images with different
gaze directions

Input Image

(b) Estimation i

[ Extract subimages with e}es

[ Extract subimage with e}es

L Preprocessing

Align eye-subimages ;
Light-correction ang - -
Histogram Equalization ! Project onto Eignespaces
Training Data

Figure 2 The main steps during training and estimation
phases.

Preprocessing

i
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4. Methodology

In this section, we discuss the steps of the pro-
posed methodology (see Figure 2)o Tuild the
eigenspacedr@ining phasg we use images (i.e., subim-
ages containing mostly thges) of people looking at all

eyes and the tip of nose (pe#t manually) are used to
normalize eachye-rggion to same scale, orientation and
position. The steps are described belo

Stepl:Let F be a ector which contains thever-
age positions of each labeled featureeroall
subimages. Initializé= with the feature locations
in the ®rst subimagg .

Step2: The feature coordinates iR are trans-
formed so that thevarage locations of theyes
(P4 andP,) and tip of the noseR;) appear at pre-
determined IocationsP({,Pé,Pé respectiely) in a
N x M window (see Figure 3)A 40 x 50 windav
was wsed in our gperiments. An @ne transforma-
tion is used to gister the images:

P! =AP +b
P} =AP,+b
Pl=AP;+b
The abee auations can be weitten as
PC = px
Pc; = py
where
&G Y, 1
P=SX, Y, 1Y
& i 1
X0 &N énu &
Px :gxz:?f Py:ngf?j 01:23123 szé 228
6X30 &0 ebig ebag

(c; andc, are the parameters of the®ake transfor
mation).

Step3: For every subimage in the training set, we
compute the best@he transformation to align the



features (ges, tip of the nosd¥; with the aerage  4.2. Eigenspaceepresentation

feature locationg=. Let's call the aligned feature All the images in the training set were prepro-

locationsF . cessed asxplained in the pndous section. Then, these

_ images were subjected to PCA to generate the
Step4: UpdateF by averaging the aligned feature  gjgenspaces. Figure 6 stmthe most important eigenim-
locationsF{ for each subimagie ages of the "looking straight" set.

Step5: If the error betweelr andF, calculated in

the previous iteration, is less than some threshold, F )
then stop; otherwise go to step 2. Em:: 3 %E
@F% @F§ Figure 6. (top) Some of the images in the dataset "look
straight", (bottom) the mean image and the top four
eigenimages of this dataset.
O P3
— 4.3. Eye-gaze estimation

During eye-gaze estimation, the image of the sub-

Figure 3 A typical face shwing the features of interest. ject is captured and hiade is detected using a skin-color

algorithm [3]. Then, theyes are detected and a subim-
The alignment algorithm ceerges usually within sen  age around theyes is cropped out and mapped to a
iterations. Br each subimage, it yields ar®ake transfor 40 x 50 windav, followed by light-correction and his-
mation that maps that subimage to thexZD windaw. togram equalization. No alignment is performed at this
To avoid gaps in the normalized subimage, each point instep. Also, theyes are detected using an iterathresh-
the desired subimageas actually determined through olding approach [3]. d estimate the gze direction asso-
the inverse a®ne transformation. Figure 4 she some  ciated with the input subimage, we project it onto each
examples of images before and after normalization. eigenspace. Then, for each eigenspace, we reconstruct

the input subimage using the most important eigen

tors of this eigenspace and we compare #irsg the

!\ - !\ - & - & - !\ ’ \ original subimage. The comparison yields an errds)df
: which is considered to be the distance of the subimage
- ) from the eigenspace under consideratide smaller
_ the error the closer the image is to that eigenspace. The
gaze direction associated with the eigenspaagénigathe
smallest distance determines thazg direction of the
subject.

Figure 4 Examples before and after normalization.

After the alignment of all subimages, each subimage is
processed to account for f@ifent lighting conditions [6]. 5. Experimental Results
First, we ®t a linear model to the intensities of the image,

having the follaving form: In this section, we report a number of preliminary
experimental results to illustrate the performance of the
f(x,y) = ax+by+cxy+d proposed approach. In thesgeriments, we captured 65

where f(x,y) denotes the image ana,b,c,d are the images (5 images from 13 imitiuals, one image per
coefdcients to be determined.oTsolve for the cog®- ~ 9ae direction ). Br training, we used 8 of the inafiu-
cients, we use a least squares approdtten, the linear ~ &lS (40 images) while the rest 5 (25 images) wengt k
®t image is subtracted from the original image to accounfOr testing. Figure 7 shs the images used to construct
for lighting differences. Then, histogram equalization is the "looking straight” eigenspace. It should be mentioned
performed to impree ontrast. The results of these pre- that the lighting conditions were not changed signi®-

processing steps are illustrated in Figure 5. cantly in our &periments. Althoughwe apply seeral
normalization steps to account for lighting changes (see
- e

section 4), the original eigenspace approach -used here-
is not \ery rolust to diferent lighting conditions.
Improved versions of the the eigenspace approactv- ho
eva, ae more successful in tolerating changes in lighting
Figure 5 Examples shaing images after light correc- [14].

tion and histogram equalization.




Table 2. The smallest computed distances for test2 (Fig. 9).

Smallest Distances
Input Front Left Right Up Down
Front | 1560.8 | 1930.1 | 1821.7| 1679.3 19521
Left 1936.1 | 1624.2 | 1993.9 | 1827.9] 19193
Right 1739.0| 1943.5| 1698.4 | 1804.5| 1714.3
Figure 7. The training data used taid the eigenspaces | Up 1845.1| 2166.2 | 2076.2] 1705.9 | 2327.5
("look-straight"). Down | 1686.6| 1785.3] 1758.3 1686/41658.3

Figures 8-12 shw the test cases considered. Since our
focus is on estimating the "localage direction onlywe
have asked all the subjects to e teir gyes only trying

to keep their head at a ®# location. Besides the sub-
jects' efort to keep their head still, there arefdiences

in the head orientation as we can see welmost of
them, havever, were \ery well tolerated by the proposed
approach). ables 1-5 she the distance of the input
images (i.e., ye-regions only) from each eigenspace (the
smallest distance is sia in boldfce).

In test case 3, all theage directions were estimated -cor
rectly without ay problems. The subject hagft his
head still and the diérent qazes are clearly distinguish-
able.

Figure 10. The third test case.
In test case 1, all & gaze directions were estimated-cor
rectly (the smallest distance corresponds to theTable 3. The smallest computed distances for test3 (Fig 10).
eigenspace associated with the correategdirection). Smallesi Disances
What is interesting to note about this subject is that h i
has not lept his head still while ming his ges. Despite | Input | Front | Left Right Up Down
the changes in head orientation, the proposed approachFront | 1609.1 | 1933.4 | 1870.1] 1650.2 17349
was able to estimate theage direction correctly Left 1618.7 | 1612.5| 1848.2 | 1626.7| 1722.1
Right | 1739.0| 1943.5| 1698.4 | 1804.5| 1714.3
Up 1570.0| 1888.5| 1729.8| 1567.5| 1717.9
Down | 1580.0| 1818.6/ 1746.2 1656/61450.4

Figure 8 The ®rst test case. In test case 4, the "look-left'age direction \&s misclas-
si®ed as "look-up".However, the diference in the dis-

Table 1. The smallest computed distances for testl (Fig 85".3”Cﬁ computed for the "look-left" direction isry
small.

Smallest Distances
Input Front Left Right Up Down
Front | 1821.5| 2044.8 | 2195.3] 2012.9 20622
Left 2134.0 | 1772.7 | 2459.3 | 2264.6| 2348.f
Right | 2109.1| 2444.3 | 1908.4 | 2304.9 | 2437.0 )
Up | 2366.2| 2425.9| 2450.6| 2262.5 | 2498.7 Figure 11. The fourth test case.
Down | 2101.3| 2227.5] 2246.9 2232/41711.8

Table 4. The smallest computed distances for test4 (Fig 11).

Test case 2 is a rather good test case since the subject has Smallest Dls.tances
kept his head as still as possible. All @drections hae Input | Front | Left Right Up Down
been estimated correctly Front | 1514.2 | 1920.4| 1657.9] 1521.1 16115

Left 1618.5 | 1579.7 | 1866.3| 1530.8 | 1783.9
Right | 1605.8| 1780.0 | 1521.5| 1566.0 | 1802.5
Up 1666.4 | 1853.7 | 1750.4| 1470.2 | 1734.6
Down | 1582.4| 1799.7/ 1786.7 1579/81465.9

Figure 9 The second test case. ) )
The subject of test case Jsvaskd to sit not ery close
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