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Abstract

We locate the eye corners, eyelids, and irises in every frame of an image sequence, and analyze the movements of
the irises and eyelids to determine changes in gaze direction and blinking, respectively. Using simple models for the
motions of the head and eyes, we determine the head-independent motions of the irises and eyelids by stabilizing for
the head motion. The head-independent motions of the irises can be used to determine behaviors like saccades and
smooth pursuit. Tracking the upper eyelid and using the distance between its apex and the center of the iris, we detect
instances of eye closure during blinking. In experiments on two short image sequences, in one of which the subject
was wearing glasses, we successfully located the irises in every frame in which the eyes were fully or partially open,
and successfully located the eyelids 80% of the time. When motion information in the form of normal 7ow was used,
the irises were successfully tracked in every frame in which the eyes were fully or partially open, and the eyelids were
successfully located and tracked 90% of the time. ? 2002 Pattern Recognition Society. Published by Elsevier Science
Ltd. All rights reserved.
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1. Introduction

Analysis of the behavior of the eyes has many use-
ful applications. Some of these applications are in
human-computer interaction; for instance, the computer
may want to know what the user is looking at on the
screen. Other applications can be found in compres-
sion techniques like MPEG4, where eye information is
part of the communication stream. Still another appli-
cation can be found in driver behavior analysis. In this
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application, attentiveness on the driver’s part is directly
related to safety. For example, the car may want to know
when the driver is tired and keeps closing his=her eyes;
if the car Ends that the driver is not attentive it may send
visual or auditory signals to get the driver’s attention.
In Ref. [1] we described a method of detecting the

corners of the eyes in color images. The corners provide
information relating to the sizes of the eyes and the irises
through anthropometric averages. Additionally, localiza-
tion of the eyes in an image provides us with left and
right eye regions. These regions are used in this paper to
determine the locations of the irises and the eyelids, as
explained in Section 3.
The motions of the eye corners from frame to frame

determine the motion of the head, as the eye corners rep-
resent a rigid portion of the face. Eye gaze direction is
determined by the global (image-based) positions of the
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Fig. 1. Examples of images used in our experiments.

iris centers over the image sequence. To detect eye move-
ments that are independent of head movements (such as
saccades or smooth pursuit), after determining the head
motion we use eye-centered coordinate systems to deEne
the head-independent motions of the irises. Detection of
blinking is also based on iris-centered coordinate sys-
tems. Using the fact that the eyelid does not cover the
center of the iris of a seeing eye, we determine the ver-
tical position of the eyelid with respect to the iris center,
and thus determine when the eye is in the act of clos-
ing for a blink. We describe our frame-to-frame iris and
eyelid tracking methods and results in Section 4.
In our experiments, we found that frame-to-frame eye

part tracking was not always successful, particularly as
regards the eyelids. In Section 5 we show how the track-
ing can be improved by using normal 7ow information.
We use a 7ow-based method using head, iris, and eyelid
motion models to track the eye corners, irises, and eye-
lids in a video sequence. The iris and eyelid motions have
multiple components, one of which is the head motion.
We de-couple the head component of motion from the
iris and eyelid components, and perform activity analysis
for the irises and eyelids based on the head-independent
7ow information.
In Section 2 we review previous work on methods of

detecting and tracking eye parts in video sequences, and
point out limitations of these methods. (Literature on eye
part detection by active sensing [2,3] and on face track-
ing and facial expression detection [4–9] is not reviewed
here.) The methods described in this paper can auto-
matically detect and track eye parts under fairly general
assumptions.
In the experiments in this paper we used short color

image sequences that were collected using a high-quality
progressive-scan digital video camera. The resolution of
the images was 640×480. A restriction imposed on the
subject was that both eyes should be visible in the im-
age. This limited the degree of change in head pose. The
subject was asked to assume that she was sitting in front
of a computer screen and was allowed to perform natural
tasks involving blinking, saccades, and tracking objects

on the screen. Two images from our sequences are shown
in Fig. 1; note that in one of the images, the subject is
wearing glasses.
Eye corner detection as in Ref. [1] was performed

on these sequences frame by frame at half (320×240)
the original resolution. We used anthropometric averages
based on these corners to extract regions containing the
left and the right eye.
The images were converted from color to a 256-level

grayscale. Edge detection, cleaning, and labeling were
performed on these image; for the details see Ref. [10].
The result was a set of edge segments, terminating either
at end points or at junctions with other edge segments.

2. Literature review

Several methods of detecting and tracking eye parts
in video have been described in the literature, but these
methods all have limitations.
In Ref. [11] a deformable template, similar to the one in

Ref. [12], is used to describe the shape of the eye and thus
identify eye behavior. The template is hand-initialized
by manually locating the eye region. Its parameters are
also similarly initialized. Once this is done the template
is allowed to deform in an energy minimization manner.
The position of the template in an initial frame is used as
a starting point for deformations that are carried out in
successive frames. The values of the parameters in each
frame are used to identify eye behavior.
Ref. [13] describes a method of tracking the three-

dimensional (3D) motion of the iris in a video sequence.
The main theme is to determine the torsional (rota-
tional) component of iris movement that takes place
when the eyes converge to fuse the pair of images into a
single binocular image. A Eve-parameter scalable and
deformable model is developed to relate horizontal and
vertical translations, rotation (torsion), uniform scal-
ing due to changes in eye-camera distance, and partial
scaling due to expansion and contraction of the pupil. The
method requires very high-quality and high-resolution
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images; a typical resolution is 240×180 pixels showing
only the eye. The initial iris position is manually deter-
mined and templates are used to track the iris motion.
This method is able to track the iris very well as long
as the rotational components are relatively small. The
authors mention that it failed when the rotation became
larger than 10

◦
. This was due to the spherical nature of

the eye which the fronto-parallel model was not able to
cope with.
In Ref. [14] the outline of the head is found by using

snakes; the approximate positions of the eyes are then
found by anthropometric averages; Enally, the corners of
the eyes are found using edge information. The corners
are detected as regions that have high edge curvature
values. Four corners are located for each eye: the left and
right corners of the eye as well as the corners formed by
the iris and the upper eyelid. After locating these corners
an energy minimization approach is used to Et a model
of the eye to the image. This model consists of parabolas
for the eyelids and a partial circle for the iris. A speedup
is obtained over the method used in Ref. [12] by using the
positions of the corners of the eye. This method requires
the presence of four corners on the eye, which occur
only if the iris is partially occluded by the upper eyelid.
When the eyes are wide open, the method fails because
it cannot End corners that do not exist.
In Ref. [15] an iris tracking scheme based on Kalman

Eltering is described. The eye region is determined us-
ing gray level histogram based thresholding and binary
search. The irises and the eyelids are modeled by circles
and parabolas that have pre-determined parameters. The
eye region is divided into seven parts: the whole eye re-
gion, two regions representing the sclera, the whole iris,
the unoccluded portion of the iris, and the occluded parts
of the iris. Under the assumption that the head motion
is negligible (this assumption is relaxed in later work
[16] using cascaded Kalman Elters), the eye region and
its parts are tracked using model-based Kalman Eltering.
The authors performed experiments on two sequences; in
one the irises moved to the right, while in the other they
moved to the left. In Ref. [16] the authors used the center
of the eye to identify the head motion. Their experiments
used two cascaded Kalman Elters; the Erst determined
the iris motion as explained above, and the second used
the center of the eye to determine the head motion. They
mention that they translated the image to simulate head
motion and used it to determine a stabilized iris motion.
Such a scheme would not be able to determine the 3D
motion of the head and would work only when the head
motion is very small.

3. Eye part detection

In this section we describe our methods of iris and
eyelid detection.

Fig. 2. Edges in an eye region (black squares), and the selected
iris center and iris edge (hollow circles).

3.1. Iris detection

We use a method of iris detection which does not re-
quire hand initialization and does not restrict the position
of the iris in any way. The possible extreme cases that we
deal with are: iris rolled to either corner of the eye, eyes
wide open (no occlusion of the iris by the upper eyelid),
and eyes only partially open (up to half of the iris oc-
cluded by the upper eyelid, as in the cases of squinting,
blink in progress, or opening after a blink).
In an intensity image the iris is always darker than

the sclera no matter what color it is, so that the edge
of the iris is relatively easy to detect as a circular arc.
Anthropometric averages give a very tight bound on the
size of the iris relative to the size of the eye, and iris
movements have limits imposed on them by the size of
the eye. For a person to be able to see, the upper eyelid
should not cover the pupil, so that a majority of the iris
must be visible. This to detect the iris, we can look for
the lower half of the iris boundary.
The diameter of the iris can be approximated to be

one-third of the length of the eye. Let r represent the
iris radius. To allow for variations in the size of the iris
we used a tolerance �r of one pixel. We used a simple
method to search for the edges of the iris. A semicircular
template centered at the center of the iris was applied
to the region containing the eye. Since �r=1, we used
a semicircular annulus three pixels thick to select edge
pixels located in the annulus region.
We imposed the constraint that the directions of the

edge gradient and the normal to the annulus should
diKer by at most �=6. We chose as the location of the
iris the position for which the annulus contains the
largest number of edge pixels that satisfy this constraint.
Fig. 2 shows an example of iris detection using this
method; the edges detected in an eye region are shown
as black squares, and the iris center and edge are shown
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Fig. 3. Iris detection results on the images in Fig. 1.

as hollow circles. Fig. 3 shows detected iris centers
superimposed on the images in Fig. 1.

3.2. Eyelid detection

The duration of a blink in a video sequence can range
from 5 to 15 frames. Feature detection algorithms that
rely on the eye being open to locate the eye will not
work when the eye is closed. It is therefore important
that blinks be detected. Knowledge of the start and the
end of a blink in a video stream can then be supplied
to feature detection algorithms, thus improving their
reliability.
The upper eyelid has great freedom of motion,

ranging from wide open to closed, whereas the lower
eyelid moves much less freely. To describe normal eye
behavior, it is suLcient to determine the movement of
the upper eyelid. We used the upper eyelid to detect
blinking. The edge of the upper eyelid is deformable; it
intersects the sclera and (possibly) the iris. In a closed
or near-closed position this edge is almost like a hor-
izontal line, whereas in a wide-open position it is a
concave arc. Due to its deformable nature we cannot
use a simple template-based method to detect it, as we
did for the iris. However, iris detection provides us with
additional information that we can use for detecting the
eyelid.
For eyelid edge detection we use information about

the eye corners and the iris center. The upper eyelid edge
in Fig. 2 forms an arc that bounds the eye above the
iris center. However, as the eye opens widely, the upper
eyelid recedes into the fold on top of the eye, so that the
eyelid edge becomes fragmentary.
Depending on the degree of eye opening, the num-

ber and shape of the edges representing the eyelid vary.
However, if we look for edges along a vertical line go-
ing upward from the iris center, the eyelid edge should
be the Erst one that we encounter, followed by the edges
formed by the eyelid fold.

We used the following facts in developing an algorithm
for detection of eyelid edges:

• The eyelid edge is above the center of the iris when
the eye is able to see.

• The eyelid edge is an arc joining the two corners of
the eye.

• The more open the eye, the greater the curvature of
this arc.

We modeled the eyelid edge as a polynomial with
horizontal support bounded by the horizontal positions
of the left and right corners of the eye. In Ref. [3] the
eyelid was modeled by a second-degree polynomial, but
we found that this was not adequate. Due to fragmen-
tation we sometimes had to combine two or three edge
segments together to form a representation of the eyelid
edge. In doing so, we required that when two segments
are combined, their Etted polynomials should have aver-
age curvatures (in the support deEned by the segments’
horizontal extents) of the same sign. When we used
a second-degree polynomial, many candidate segments
were eliminated by this criterion. We therefore modeled
the eyelid as a third-degree polynomial.
We used an over-determined system of equations to Et

a third-degree polynomial to the edge pixels in each edge
segment. This eliminated all edge segments that were less
than four pixels long.
We deEned goodness of Et by the root mean square

diKerence, where the mean is taken over the support re-
gion deEned by the horizontal extent of the segment. A
segment for which this measure was less than a threshold
was selected for further consideration. If the horizontal
extent of the segment was more than 1=3 the horizontal
length of the eye, the segment was selected as a possible
eyelid edge; otherwise, it was put on a candidate list for
possible combination with other segments.
A two-segment pairing was considered only if the

two segments had the same sign of curvature and were
non-overlapping along the horizontal axis. We then
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Fig. 4. Examples of eyelid edge detections.

looked for third segments that could form a triple with
each selected pair. Here again, we considered only
non-overlapping segments taken from the candidate list.
We could similarly proceed to consider quadruples,
quintuples, etc., but in our experiments we found that
triples were suLcient.
The above procedure gave us three lists of possible

candidates for the eyelid edge. The Erst one contained
all selected single segments, the second contained all
selected pairs, and the third contained all selected triples.
We will now describe our method of selecting the best
candidate from these lists.
We mentioned earlier that the eyelid edge should be

the Erst edge segment that we encounter when we search
upward from the iris center. Sometimes, however, this
segment is a small edge segment and is not the best choice
for the eyelid edge. To get the best choice, we examined
all the edge segments whose distances above the iris cen-
ter were close to the minimum and chose the one that
had the greatest number of pixels. We also required that
these segments must be curving downward and must not
have large slopes. Fig. 4 shows two examples of eyelid
edges that were detected using these rules.

4. Frame-to-frame tracking

Detection of eye corners, iris edge segments and cen-
ters, and eyelid edge segments was performed indepen-
dently for every frame of two 120-frame sequences in
one of which the subject was wearing glasses. We de-
scribe frame-to-frame iris tracking in Section 4.1, and
frame-to-frame eyelid tracking in Section 4.2. Experi-
mental results on two image sequences are described in
Section 4.3.

4.1. Iris motion

Fig. 5 shows tracks of the eye corners and iris centers
over a 120-frame sequence, overlaid on the Erst frame
of the sequence. (This sequence had two instances of a
blink. Since eye corners and iris centers cannot be found
during an eye closure, we linearly interpolated between

Fig. 5. Eye corner and iris center motions in a 120-frame
sequence.

the positions found just before the eyes closed and those
found just after the eyes reopened.) The iris tracks in
Fig. 5 clearly show that the irises have a compound
motion. Their centers move as a result of both the head
motion, shown by the tracks of the eye corners, and the
independent iris motion, which can be determined by
subtracting the eye corner motion from the compound
iris motion. We see that there is a predominant upward
motion of the eyes over the sequence, and that the eyes
move to the right and then come back to the left.
Fig. 6 plots the independent motion of the irises in

the subsequence beginning with the reopening of the eye
after the Erst blink and ending with its closing in the sec-
ond blink. This subsequence starts at frame 30 and lasts
until frame 97. The plots show horizontal displacements
of the left and right irises in their respective eye-centered
coordinate systems. (The vertical axis indicates the frame
number.) We see that at the start of the subsequence the
irises move to the right (frames 30–50); they stay in this
position (relative to the eye corners) from frame 50 to
85, and then move to the left in frames 85–97. We can
qualitatively describe this motion as a rightward saccade
motion in frames 30–50, a smooth pursuit in frames 50
–85, and a leftward saccade in frames 85–90. At the
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Fig. 6. Horizontal motions of the left (a) and right (b) irises in their respective eye-centered coordinate systems.

beginning of the subsequence the eyes move ahead of
the head motion; the head then follows the eye motion;
and Enally the eyes move back to the other side.

4.2. Eyelid motion

The eyelid deforms as it opens and closes. If we
wanted to do a complete quantitative analysis of eyelid
deformation, we would have to establish a one-to-one
correspondence between the eyelid edge pixels in succes-
sive frames. Fortunately, we are interested in observing
the eyelids only to aid us in detecting blinking; analysis
of eyelid deformation is therefore not necessary. All we
need to know is the vertical displacement of the eyelids
over our sequence. Evidently, some eyelid edge pixels
have larger vertical displacements than others, but for
our purposes it is suLcient to study the vertical displace-
ment of the point representing the apex of the eyelid.
We used the polynomials Etted to the eyelid edges to
End these apexes.
The eyelid heights, deEned as the vertical distances be-

tween the left and right eyelid apexes and their respective
iris centers, are plotted for an entire 120-frame sequence
in Fig. 7. The spikes in the plots are due to mis-detections
of the eyelid.

4.3. Experimental results

Detailed experimental results on two 120-frame se-
quences, in one of which the subject was wearing glasses,
can be found in Ref. [10] together with further details
about the algorithms for iris center and eyelid edge de-
tection. In the sequence without glasses, if we exclude
the subsequences (frames 16–26 and 98–105) in which
the eyes were closed, there was over 95% correct de-
tection of the eye corners and iris centers. The eyelids
were not always detected even when the eyes were open
and their corners were detected, but they were correctly
detected about 80% of the time. The results were essen-

tially the same in the sequence with glasses, if we exclude
the subsequence (frames 43–55) in which the eyes were
closed.

5. Flow-based tracking

As we have just seen, frame-to-frame eye part track-
ing was not always successful, especially in tracking the
eyelids. In this section we describe a 7ow-based method
of tracking the eye corners, irises, and eyelids using sim-
ple head, iris, and eyelid motion models. The iris and
eyelid motions have multiple components, one of which
is the head motion. We de-couple the head component
of motion from the iris and eyelid components, and an-
alyze the motions of the irises and eyelids based on the
head-independent 7ow information.
We use an approach similar to that used in Ref. [4];

but in that paper, each eye was treated as a whole, and a
statistical analysis of the motion vectors in the eye was
used to determine blinking and other expressions. Evi-
dently, we cannot rely on this approach to determine iris
or eyelid behavior. Furthermore, we require very precise
motion information to track the iris and eyelid between
successive frames. We will derive this motion informa-
tion from the optical 7ow associated with the edge seg-
ments of the irises and eyelids.
We use normal 7ow (e.g., Ref. [17]) to compute the

apparent displacement vectors of edge pixels. We iden-
tify the edge segments associated with the silhouette of
the head, which we regard as an essentially rigid part of
the head, and we use the normal 7ow associated with
these segments to drive an aLne head motion model.
Using the parameters obtained from this model for each
frame, we “stabilize” the motions of the irises and eye-
lids by warping the next frame onto the current frame.
Then we compute the normal 7ow for the edge segments
representing the irises and eyelids based on the stabi-
lized version of the next frame; this yields 7ow vectors
that represent the independent motions of the irises and
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Fig. 7. Heights of the eyelid apexes above their respective iris centers for the (a) left and (b) right eyes. The spikes in the plots
indicate mis-detections.

eyelids. These 7ow vectors are then used to identify the
iris and eyelid motions based on their models.
In Section 5.1 we describe our method of normal 7ow

measurement. Section 5.2 describes how we identify re-
gions of interest (the head outline and interior) and de-
scribes our head and eye motion models. In Section 5.3
we show how 7ow information is used in conjunction
with the head motion model to estimate the head motion.
In Section 5.4 we describe how to decouple the motions
of the irises and eyelids from the head motion. Finally,
in Sections 5.5 and 5.6 we describe how we track the
irises and eyelids, and show results on our two image
sequences.

5.1. Normal 7ow measurement

To measure normal 7ow we proceed as follows: For
each edge element in a frame, say at r̃, we resample the
image locally to obtain a small window with its rows par-
allel to the image gradient direction ñr =∇I=||∇I ||. For
the next frame we create a larger window, typically twice
as large as the maximum expected value of the magni-
tude of the normal 7ow. We then slide the Erst (smaller)
window across the second (larger) window in the gradi-
ent direction and compute the diKerence between the im-
age intensities. Let the zero of the resulting function be
at distance un from the origin of the second window; note
that the gradient of the function at the positions close to
un must be positive. Our estimate of the normal displace-
ment Eeld at r̃ is then−un, and we call it the normal 7ow.

The normal 7ow associated with the edge pixels found
in one of the frames in Fig. 1 is displayed in Fig. 8 as
vectors emanating from the edge pixels. The lengths of
these vectors have been exaggerated by a factor of 10 for
display purposes.
Fig. 9 zooms in on the left (a) and right (b) eye regions

and displays the 7ow vectors in these regions. We see that
these vectors show motions diKerent from those shown

Fig. 8. Normal 7ow displayed as vectors emanating from the
edges found in one of the frames shown in Fig. 1.

by the vectors on the head boundary. SpeciEcally, the
7ow vectors on the iris edges indicate that the irises are
moving upward and to the right, and the 7ow vectors on
the edges of the upper eyelids indicate that these eyelids
have an upward (opening) motion.

5.2. Regions of interest and motion models

In Ref. [1] we described a method of locating the face
in an image based on the 7esh-tone region, and of lo-
cating the eyes in the face image. We deEne an interior
region of the face, bounded horizontally by the outer eye
corners; the vertical extent of this region is determined
by anthropometric averages. The head boundary 7ow is
the 7ow associated with the edge segments that lie in
the face region, but outside the interior region. This 7ow
is regarded as arising from the head outline, which we
regard as a “rigid” portion of the head. As we see in
Fig. 8 the 7ow associated with the edge segments in the
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Fig. 9. Normal 7ow in the left (a) and right (b) eye regions in Fig. 8.

interior region arises from the facial features, including
the eyes and mouth.
Since the restrictions on our subject limited the extent

of her head motion, and since head motion from frame
to frame is small, we used an aLne motion model to
represent the motion of the head(
�x

�y

)
=

(
A B

C D

)(
x(m)

y(m)

)
+

(
Tx
Ty

)
: (1)

Let r̃(k) be an edge pixel location, and let ñr(k),
be the gradient direction associated with r̃(k). Let
nf(k)= 〈�̃r(k); ñr(k)〉 be the normal 7ow, where 〈: ; :〉
indicates inner product. Then

nf(k)= �x(k)nx(k) + �y(k)ny(k): (2)

Using Eqs. (1) and (2) we get
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Then

Nf=XA: (5)

Eq. (5) is solved forA using least-square approximation
applied to an over-determined system of equations.
Since we are considering an essentially frontal face

image, the motions of the iris and eyelid are very sim-
ple. We assume that the iris motion is approximately a

translation:(
�x

�y

)
=

(
Tix
Tiy

)
: (6)

Using the expression for the normal 7ow magnitude
gives

nf=Tixnx + Tiyny (7)

which we can solve for the translation parameters to de-
termine the motion of the iris. Similarly, we assume that
the apex of the eyelid moves only vertically, so we can
immediately solve for its vertical translational parameter
Tey.

5.3. Head motion

A majority of the edge segments outside the inner face
region represent the head boundary, but some segments
are erroneous. We will now describe a method of se-
lecting edge segments that more accurately represent the
head boundary, so that we can more accurately determine
the parameters of the head motion model.
We use 7esh-tone color segmentation (see Ref. [1])

to obtain a connected component (“face blob”) rep-
resenting the face region. This blob often has interior
holes associated with the eyes, nostrils, and lips, or with
high-re7ectance areas. We perform morphological oper-
ations on the face blob to get a Eve-pixel thick boundary
of the face region. We then select edge segments that
lie inside this boundary zone. The boundary zone cor-
responding to the face in Fig. 8, and the 7ow vectors
associated with the edge segments that lie in this zone,
are shown in Fig. 10.
The normal 7ow associated with these segments

is used to solve Eq. (5). At frame m the computed
rotation and translation parameters indicate the head
motion between frame m and frame m + 1. These in-
stantaneous motion parameters could be used to track
the head over our sequence, but head tracking is not our
primary goal. We use the motion parameters only to de-
termine the frame-to-frame head motion, which is then
subtracted from the motions of the irises and the eyelids.
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Fig. 10. (a) Head boundary after applying morphological operations to the face blob. (b) Flow vectors of Fig. 8 that emanate from
the head boundary.

Once the head motion components of the iris and eyelid
motions are removed, we are left with their independent
motions.

5.4. De-coupling motion components by stabilization

Fig. 9 showed an example of the normal 7ow in the two
eye regions. These 7ow vectors represent the composite
motions of the irises and the eyelids. Two methods can
be used to remove the head motion from these compos-
ite motions. The Erst method is simple subtraction of the
head motion component (computed, at each pixel posi-
tion, from the motion model parameters) from every 7ow
vector in the eye regions. The second method involves
image stabilization based on the head motion parameters.
We used the second method because the irises have the
potential of moving much faster than the head. Since the
normal 7ow computation assumes a maximum thresh-
old on the 7ow vector magnitudes, it might be possible
to miss rapid motions of the irises in situations where
the head and irises are moving in the same direction.
Therefore, to maximize 7ow detection on the irises, we
stabilize the image sequence based on the head motion
estimates—i.e., we warp each frame to zero out the head
motion estimated in the preceding frame. The 7ow com-
puted for the eyelid and iris segments between a given
frame and the warped version of the next frame then in-
dicates their independent motions.
Let Im(x; y) and Im+1(x; y) be the image intensities in

the frames at times m and m+1. The stabilized version of
Im+1(x̂; ŷ) is determined by warping its intensity values
as follows:(
x̂

ŷ

)
=

(
A+ 1 B

C D+ 1

)−1 [(
x

y

)
−
(
Tx
Ty

)]
: (8)

Eq. (8) is a backward warping of frame m+1 on to frame
m. We now recompute the normal 7ow between Im(x; y)
and Im+1(x̂; ŷ). This stabilized 7ow, associated with the

iris and eyelid segments, approximates their independent
motions.
Fig. 11 shows an example of the result of the stabiliza-

tion process. The head motion (predominantly upward)
in this example is signiEcant; the stabilized and unstabi-
lized 7ow vectors are noticeably diKerent.

5.5. Iris motion

We are interested in two kinds of analyses relating to
the irises’ motions. The Erst involves global tracking of
the irises to determine changes in gaze direction. The
other is analysis of the head-independent motions of the
irises.
We use the 7ow vectors associated with the iris seg-

ments to solve Eq. (7), for the left and right irises, to give
us Tix and Tiy pairs in every frame. Let �x̂l(m)=Tix and
�ŷ l(m)=Tiy for the left iris in frame m. The right iris
similarly gives �x̂r(m) and �ŷ r(m). When we solve Eq.
(7) for every frame we get the instantaneous translations
of the centers of the irises in the x and y directions. In
this computation, we can use either the unstabilized or
stabilized 7ow vectors. If we use the former we obtain
the global (i.e., total) motions of the irises; if we use the
latter we obtain their independent motions.
If we compare the unstabilized and stabilized 7ow vec-

tors (Fig. 11), we indeed see that the former tend to ex-
tend further in the upward direction than the latter. The
crossover points are also somewhat further to the left in
the unstabilized frames than in the corresponding stabi-
lized frames; this indicates that the head is also moving
slightly to the left.
Plots of the iris motion in frames 70–96 are shown

in Fig. 12. To compute these plots, we computed
�x̂l(m); �x̂r(m); �ŷ l(m) and �ŷ r(m) for each frame m
in the sequence using Eq. (7). Let �̃rl(m)= ĩ�x̂l(m) +
j̃�ŷ l(m) be the instantaneous (stabilized or unstabilized)
motion vector of the left iris in frame m, and let �̃rr(m)
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Fig. 11. Top row: normal 7ow in (a) left and (b) right eye. Bottom row: normal 7ow after stabilization.

Fig. 12. Tracks of iris motion. The solid line and dot-dash lines are the left and right iris motions from the 7ow computations. The
dash-x and dot-dash-star lines are the displacements of the left and right irises obtained from the frame-to-frame tracking of the iris
center positions. (a) shows the tracks for the unstabilized 7ow and (b) for the stabilized 7ow.

be deEned similarly for the right iris. The tracks of the
irises in the sequence were obtained by concatenating
the individual vectors in a head-to-tail fashion. These
tracks are plotted in Fig. 12(a) and (b) for the unstabi-
lized and stabilized motions, respectively. The solid line
in each Egure is the track of the left iris and the dot-dash
line is that of the right iris. As Fig. 12 shows, the irises
are moving to the left and upward. As we see by com-
paring Fig. 12(a) to (b), almost none of the leftward
component of this motion is due to head movement; but
a signiEcant fraction of its upward component is due to
head movement. We see that the irises move upward
and rightward; after they reach their rightmost points
they move back leftward, but still slightly upward. For

comparison, the frame-to-frame tracks of the iris center
position are shown on the same plots, as dash-x (left)
and dot-dash-star (right) curves. The tracks of the un-
stabilized motion in Fig. 12(a) closely resemble the
frame-to-frame tracks, but the tracks of the stabilized
motion in Fig. 12(b) are markedly diKerent. This shows
the eKective de-coupling of the head motion from the
iris motion using stabilization.

5.6. Eyelid motion

The method of eyelid detection in a single frame de-
scribed in Section 3.2 was not always reliable. In this
section we show that the eyelid can be detected more
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reliably using 7ow-based tracking. Here too we assume
that the iris is at least partially visible.
To track the eyelid using 7ow we proceed as follows:

In the Erst frame of the sequence we locate the eyelid
using the method described in Section 3.2. The edge pix-
els of the eyelid that have 7ow vectors associated with
them are used to End edge pixels in the next frame. This
is done by examining a 2×2 window in the next frame
centered at the position indicated by the 7ow vector at
each pixel in the current frame. All edge pixels found in
this way in the next frame are labeled as possibly belong-
ing to eyelid segments. We Et a third-order polynomial
to these edge pixels. All the edge pixels that lie in the
neighborhood of this Etted polynomial are labeled as the
eyelid segment of the next frame. Tracking is achieved
by repeatedly using these 7ow-identiEed eyelid segments
to End eyelid segments in successive frames.
When the iris is visible and we have located its center,

opening and closing of the eyes can be completely de-
scribed by the position of the eyelid apex relative to the
iris center. Eye closing is indicated by a decrease in this
distance, and eye opening by an increase. Even when the
center of the iris is not visible, as long as some of the
iris is visible, eye opening is indicated by an increase in
the amount of visible iris, and eye closing is indicated
by a decrease in this amount. This allows us to handle
cases of eye closing which occur when the iris rolls up
into the upper eyelid, the upper eyelid moves down over
the iris, or both. Note that in this situation the iris cen-
ter is at a negative distance below the eyelid apex. Eye
opening is then indicated by a decrease in the absolute
value of this negative distance, and eye closing by an in-
crease. An important consequence of using these relative
measures is that we do not have to take head motion into
account, since it has no eKect on the relative positions of
the eyelid apex and the iris center.

Fig. 13. Plots of the vertical distance between the eyelid apex, found by tracking using 7ow, and the iris center. (a) Left eye, (b)
right eye.

Figs. 13(a) and (b) show plots of the vertical distance
between the eyelid apex and the iris center for an entire
120-frame sequence. (Results of both iris tracking and
eyelid tracking for another sequence, in which the subject
was wearing glasses, are shown in Ref. [10].) The eye-
lid edges are found using the tracking method described
above. The eyes are closed in two subsequences (approx-
imately frames 20–30 and 100–110); for these frames no
distance is plotted, but the plots show negative distance
in two cases where the iris was detected just before the
eyelid closed, and its (invisible) center was above the
eyelid. In the right eye plot (Fig. 13(b)) the distances are
incorrect between frames 60 and 70, because track was
lost; but the correct distance was found again after frame
70 when the tracking was re-initialized.
When the iris is entirely invisible, there are two pos-

sible situations: (1) the eyelids are entirely closed; (2)
the eyelids are partly open, but the iris is rolled up or
down and is entirely hidden by an eyelid. In the Erst
case, the edges of the eyelids will not be visible, making
tracking impossible. In the second case, the eyelid can
be tracked, but its motion upward or downward may be
due to head movement rather than to closing or open-
ing of the eye. Thus in this case, eye closing or opening
is indicated by the stabilized eyelid motion being down-
ward or upward. In our image sequences, cases in which
the iris is entirely invisible but the eyelids are not closed
(and the head is moving) did not occur, so we cannot
show an example of eyelid tracking when the irises are
invisible.
Detailed results of the experiments on the two

120-frame sequences can be found in Ref. [10]. The
irises were successfully tracked in every frame in
which the eyes were even partially open, and the eye-
lids were successfully located and tracked 90% of the
time.
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6. Conclusions

We implemented methods of tracking the motion of
the head and the independent motions of the irises and
upper eyelids in an image sequence. We made use of the
detected eye corners [1] to deEne eye regions for further
analysis. Our methods required no manual initialization
and did not depend on assumptions about the relative
positions of the irises and eyelids, unlike the methods
reviewed in Section 2.
We used a vote accumulation method to locate the

edge of the iris. Since the upper part of the iris may
not be visible, we accumulated votes by summing edge
pixels in a U-shaped annular region whose radius ap-
proximates the radius of the iris disk. The annulus cen-
ter that received the most votes was selected as the iris
center.
To detect the edge of the upper eyelid, we examined all

edge segments in the eye region. We Etted a third-degree
polynomial to each segment, as well as to pairs and triples
of segments, and applied the following criteria: An eyelid
segment must have edge pixels above the iris center;
the polynomial Etted to it must not have a large slope,
and must be concave downward, above the iris center; it
should ideally be the segment closest to the iris center,
but if several segments are almost equally close above
the iris center, we chose the one with the largest number
of pixels.
We Etted an aLne head motion model to the eye cor-

ners in successive frames. To determine the independent
motions of the irises, we used the head motion model
to correct the frame-to-frame motions of the iris centers.
The unstabilized iris center motion can be used to deter-
mine changes in gaze direction, including saccades and
smooth pursuits. Changes in the vertical distance between
the upper eyelid apex and the iris center can be used to
detect closing of the eyes.
In experiments on two 120-frame sequences, the eye

corners were detected in about 95% of the frames in
which the eyes were not closed. The iris centers were
correctly detected in every case where the eye corners
were detected, and the upper eyelids were correctly
detected in about 80% of these cases. These results
were obtained whether or not the subject was wearing
glasses.
We also tracked the head and eye parts by using nor-

mal 7ow to compute the apparent displacement vectors
of edge pixels. We used the normal 7ow associated with
edge segments of the head silhouette to drive an aLne
motion model. The parameters obtained from this model
were used to stabilize the motions of the irises and eye-
lids by warping each frame onto the preceding frame be-
fore computing the 7ow. The stabilized 7ow vectors thus
obtained were used to identify the independent iris and
eyelid motions. By using this 7ow-based tracking ap-
proach we were able to improve eyelid detection perfor-

mance to about 90% and to obtain better estimates of iris
motion.
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