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ABSTRA CT

This paper describesa computational approadc for ac-
curately determining the location of human eyesin un-
constrained monoscopicgray level images. The pro-
posedmethod is basedon exploiting the °ow "eld char-
acteristics that arise due to the presenceof a dark iris
surroundedby a light sclera. A novel aspect of the pro-
posedmethod liesin its useof both spatial and tempo-
ral information to detect the location of the eyes. The
spatial processingutilizes °ow “eld information to se-
lect a pool of potential candidate locations for the eyes.
Temporal processingusesthe principle of continuity to
“Tter out the actual location of the eyesfrom the pool
of potential candidates. Extensions for gazeangle de-
termination, and the tracking of human point-of-regard
are indicated.

1. INTR ODUCTION

The ability to estimate the location, gaze angle, and
the trajectory of eyes from unconstrained visual im-
ages nds application in the design and implementa-
tion of next-generation man-madine interfaces. For
example, such a system would allow the eyesto act
as an alternate input modality for computer usersin
general and disabled usersin particular [3] by replac-
ing point-and-click of a mousewith glane-and-blink of
the eyes (seealso [4]). In addition to potential useas
a pointing device, it is also possible to make use of
point-of-regard data to enhancehuman computer in-
teraction in ways which are not apparer to the user.
For example, a user may be preseried with additional
information basedupon current area(s) of interest in
the visual display|as determined by recen gaze xa-
tions [5]. Additionally, it would be possibleto render
compleximagessud that maximum detail is presen at
the user'scurrent areaof interest while ne details out-
side of the areaof interest are ignored|un til sud time
as the user's focus of attention shifts. Suc a system
would give the impression of displaying higher quality

graphics than might ordinarily be capable at a given
throughput. Further, if the movemerts of the eyes at
di®erent levels of alertnesscan be characterized, then
it may be possibleto assesperator vigilance.

Invasive eye-tracking techniqueshave beenemployed
for a number of years by cognitive psydologists seek-
ing to study eye movemerts with regard to perception
[6]. Such methods involved mounting cumbersomede-
viceson a subject's headand often required the headto
be immobilized by meansof a bite-plate or other sta-
bilizing medanism. These techniques have produced
acceptableresults in the controlled scenariosof cogni-
tive psychology experimerts, but they are undesirable
if one hopesto leave the subject completely uninhib-
ited. A truly non-invasive eye-tracking system should
make no assumptionsabout lighting conditions, should
not inhibit the subject(s), or alter their surroundings
in an appreciableway. More recertly, a number of non-
invasive eye-location and eye-tracking systemsemploy-
ing digital camerashave beenproposed. Thesesystems
all use monoscopicgrayscaleimagesof the subject be-
ing tracked. Vincent [7] usesa hierarchical technique
which employs neural networks to locate the features.
The “rst stage performs a coarsesegmetmation of the
image by locating areasin a low-resolution version of
the original image which may contain the desired fea-
tures (i.e. the left eye, right eye and mouth). The high
resolution seard areasisolated by the rst stage are
then processedby another neural network to extract
more detailed information about the precise position
of the eyes. Starker [5], and Hutchinson [3] placean in-
frared light sourcein the location of the cameraand use
a camerawhich is sensitive to infrared. Due to the re-
°ectivit y of the eye, a bright specularre®ection appears
on its surface (seealso [1]). With this technique, the
grosslocation of the eyesare determined and the image
may be processedfurther to extract detailed point-of-
regard information. Additionally, the location of the
infrared spot itself may be usedsinceit will remain es-
sertially static relative to the moving pupil. Once the



eyesor potential candidatesfor eyesare located within
the image, detailed information about their exact posi-
tion must be extracted. Yuille [8] usesdeformabletem-
platesto describe eye-location and shape. It is assumed
that a grossimage segmemation has already beenper-
formed (i.e. the center of the deformabletemplates are
closeto their evertual valuesfollowing minimization of
an energy functional).

In the following, we propose a method which ac-
curately locates eyesin monoscopicgray scaleimages
under normal lighting conditions and a variety of poses
without using infrared re°ections to locate the irises.
A novel aspect of the proposed method lies in its use
of both spatial and temporal information to detect the
location of the eyes. The spatial processingutilizes
°ow “eld (gradient direction "eld) information to se-
lect a pool of potential candidate locations for the eyes.
Temporal processingusesthe principle of cortinuity to
“Tter out the actual location of the eyesfrom the pool
of potential candidates.

2. DETERMINING EYE LOCA TION

The most signi cant feature of the eyes,in a grayscale
image, are the iris' ellipsoidal shape and the stark con-
trast between the iris and the surrounding area|the
sclera. A dark circular area, like the iris, on a light
background, causesan outwardly radiating °ow "eld to
appearin agradiert direction plot of the image. Figure
1 shows the local gradiert direction at ead location of
the image, and is a typical example of the outwardly
radiating °ow “eld around the iris.

Figure 1: Gradient directions in a typical image.

Sincethe °ow "eld around an iris radiates outwards
it must intersect at a point if extrapolated in a direc-
tion opposite to the gradient (the gradient points in
the direction of increase of a function, hence points
outwards | from the darker iris to the lighter sclera).
We thus use a 2-dimensional array of bins, initialized

to 0, which sene as accumulators. A line drawn at
ead edgepoint along the direction opposite the gradi-
ent passesthrough seweral of thesebins. The bins are
incremerted ead time one sud line passeghrough it.
This processis shavn for two arbitrary local gradients
in Figure 2. Note that the bin which lies at the inter-
section of the two local gradients has the largest accu-
mulation (shown by a lighter shade). This illustrates
the fact that a bin which lies at the intersection of lines
in the direction of local gradients will be incremerted
a large number of times comparedto bins elsewherein
the image. This is the basis for our algorithm. It is
clear that a radiating °ow "eld suc asthat found at
an iris will causea similar additive e®ectin the bin(s)
located approximately in the certer of the iris.
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Figure 2: lllustration of the bin-incrementing scheme
for two arbitrary local gradients. The broken lines sep-
arate the pixels in the image, while the solid lines show
the bins. Lighter bins indicate greater accunulation.

There are two variablesin the above processwhich
have an impact both in terms of exciency and e®ectie-
ness. The sizeof ead bin (in terms of pixels) is one of
these. Larger bins require lesscomputational accuracy
at the expenseof localization accuracy Through ex-
perimentation we have found that a bin sizeof 5 pixels
provides a reasonabletrade-o®betweenlocalization ac-
curacy and computational e+cacy for a wide range of
camera-sulject distances (%2 3|12 feet). The second
factor which addsto the computational e+ciency is to
only consider gradierts of signi cant magnitude (e.qg.
above the rms magnitude). This servesto reducecom-
putation and is unlikely to Tter out the local gradients
along the edgesof the iris due to their high magnitude.

In an ideal situation one might anticipate that two
bins (corresponding to the two eyes)will show the largest



accunulations. Due to the badkground noise, patterns
on the subject's clothesetc. it is likely that more than
two bins shav comparably large accunulations. We
have dealt with this in two ways. The rst of these
methods usesfurther processingof the bin accumula-
tions (spatial processing),and the secondusestempo-
ral information to ascertainthe correct location of the
eyes. We discussthe two methods below.

Method 1: To obtain the correct eye locations from
a pool of potential candidates, we use two heuristics:
() the bin accunulations for both the eyesshould be
reasonablyclose, (ii) the eyesshould be spatially close
in terms of the y coordinate. Both the conditions are
reasonablebut only for an upright subject. Denoting
the bin accunrulations at location (i; j ) by by , the above
translates into nding the two bins which minimize:

J=(by i bgo)?+, (i 9 1)
where, (i; j) and (i%j 9 denotethe locations of the two
bins, and , cortrols the relative weighting that ead of
the abovetwo criteria have. To prevent a combinatorial
growth of the bin pairs considered,one might limit the
seart to r bins having the highest accunulations.

Method 2: The secondmethod of choosing the cor-
rect eye locations from a pool of prospective candidates
relies on the principle of continuity in the location of
the eyesfrom one frame to the next. Succinctly,

BY™D = f(B{))e ¢+ KV )

where, k has been added to index the frames (time),
and ¢ cortrols the rate at which the cumulative accu-
mulations decay, mn denotesthe bin within a spatial
neighborhood bin ij , and f is a function that rapidly
decreasesnonotonically with the distance from bin ij .
Thus, the total bin accunulation of ead frame is a
proportion of the total accurulation of itself and its
neighbors, and its current accunulation. There aretwo
advantagesof this method: (i) it doesnot allow incon-
sistert results of a single frame to eliminate the correct
eye locations, and (ii) it provides a more sophisticated
method to mark the areasof the next frame to which
processingshould be restricted (those areaswith the
highest cumulativ e accunulations). Results of the this
second method are particularly robust if a one time
‘calibration’ step is performed which identi es the eye
locations. Indeed, a combination of methods 1 and 2
can be used if the assumptions of method 1 can be
justi ed in a particular application.

We now show the results of the above algorithm on
a set of sampleimages(Figure 3) chosento maximize
typical variations in facial characteristics (e.g. glasses,
beard, long hair etc.).
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Figure 3: Testimages

The results of the bin incremerting processare shavn
in Figure 4. Low bin counts are represetted by dark
pixels while high bin courts are shown asbright pixels.

Figure 5 shows the result of further spatial process-
ing basedon method 1. Shown in Figure 5 are the two
bins which minimized the costfunction of equation (1),
overlaid on the original images. Note the correct loca-
tion of the eyesin ead instance.

3. DISCUSSION AND CONCLUSION

In this paper we preseried a principled approac to-
wards detecting the locations of human eyesin uncon-
strained images. We have obtained reliable results over
a wide range of subjects using the approac preseried
above. Extensionsto allow for gazeangle determina-
tion and tracking the human point-of-regard are un-
derway. Our approadc to gazeangle determination is
basedon the changein the eccertricit y of the iris asthe
gaze angle increasingly deviates from 0deg (straight
ahead), adjusted basedon deviation of the vertical axis
of symmetry of the facewith the Odegline. Due to the



Figure 4: Bins for the imagesof Figure 3

presenceof saccadicand smooth movemerts in the eye,
our approad to tracking human point-of-regard relies
on the useof modular neural networks composedof two
experts, ead individually responsible for saccadicand
smooth movemerts of the eyes[9].
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