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ABSTRACT
Wepresent a multi-camera vision-basedeye tracking method
to robustly locate and track user's eyesas they interact with
an application. We proposeenhancements to various vision-
basedeye-tracking approaches, which include (a) the use of
multiple camerasto estimate head poseand increasecover-
age of the sensorsand (b) the use of probabilistic measures
incorporating Fisher's linear discriminant to robustly track
the eyes under varying lighting conditions in real-time. We
present experiments and quantitativ e results to demonstrate
the robustnessof our eye tracking in two application proto-
types.

Categoriesand SubjectDescriptors
I.4.m [Image Pro cessing and Computer Vision ]: Mis-
cellaneous;I.4.0 [Image Pro cessing and Computer Vi-
sion ]: General| Image ProcessingSoftware ; G.3 [Probabilit y
and Statistics ]: Probabilistic algorithms

GeneralTerms
Algorithms, Human Factors, Design

Keywords
EyeTracking, Multiple Cameras,Fisher's Discriminan t Anal-
ysis, Computer Vision, Human Computer Interaction

1. INTRODUCTION
Head poseand eye gazeinformation are very valuable cues

in face-to-face interactions between people. Such informa-
tion is also important for computer systems that a person
intends to interact with. The awarenessof eye gazeprovides
context to the computer system that the user is looking at
it and therefore supports e�ectiv e interaction with the user.
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In this paper, we present a real-time vision-based eye
tracking system to robustly track a user's eyes and head
movements. Our system utilizes robust eye tracking data
from multiple cameras to estimate 3D head orientation via
triangulation. Multiple camerasalso a�ord a larger tracking
volume than is possible with an individual sensor, which is
valuable in an attentiv e environment. Each individual eye
tracker exploits the red-eye e�ect to track eyes robustly us-
ing an infrared lighting source. Although our system relies
on infrared light, it can still track reliably in environments
saturated with infrared light, such as a residential living
room with much sunlight.

We also present experiments and quantitativ e results to
demonstrate the robustnessof our eye tracking in two appli-
cation protot ypes: the Family Intercom [15], and the Cook's
Collage [19]. In the Family Intercom application, eye gaze
estimation is used to make inferences about the desire of
an elderly parent to communicate with remote family mem-
bers. In the Cook's Collage application, eye gazeestimates
are used to assist a user while cooking in a kitc hen as well
as to evaluate the e�ectiv enessof the Collage's user inter-
face. In both cases,our tracking system works well under
real-world environments, subject to varying lighting condi-
tions, while allowing the user interaction to be unobtrusiv e
yet engaging.

2. RELATED WORK
A signi�can t amount of past research in human factors

suggeststhat humans are generally interested in what they
look at [20, 5]. A signi�can t relationship between eye gaze
and attention has also been emphasized[3, 4]. In addition,
there is evidenceto suggestthat eye gazeis a very important
aspect of day-to-day perceptual-motor activities [2].

Such important observations from real scenarioshasprompted
researchers to develop and useeyetracking systemsin human-
machine interface applications. These eye-tracking systems
are used to measurevisual attention and to facilitate di�er-
ent kinds of user interaction tasks. Most of the technology
used to locate and track eyes has been relativ ely cumber-
some and invasive, requiring a user to wear a special ap-
paratus. For example, Aaltonen et al. [1] use eye gaze to
perform user interaction in basic PC interface tasks. Gold-
berg et al. [8] use eye movements to infer user intent in
real-time interfaces.

Recently , there have beena few technologies that support



Figure 1: A three camera eye trac king setup.

non-invasive measurement of eye locations and apply them
to interaction tasks. Jabrain et al. [11] use eye trackers to
test the importance of eye gazein a videoconferencingappli-
cation. Stiefelhagen et al. [18] use eye trackers to estimate
user attention in group meetings.

Several researchers haverecently proposedstand-alone com-
puter vision-based head pose tracking systems. Harville et
al. [10] have used linear depth and brightness constraints
along with twist mathematics to obtain 3D head pose. Mat-
sumoto et al. [12] have used compact 3D face models to es-
timate head pose. Lik e Matsumoto et al. [12], Schoedl et al.
[17], and Cascia et al. [7] use more complicated polygonal
head models for tracking head pose.

Our work signi�can tly di�ers from the head posetracking
performed in these works in two ways. First, unlik e Aal-
tonen's and Goldberg's head mounted hardware, our sys-
tem is completely non-invasive. Secondly, our system works
in real-time and is signi�can tly more robust than the com-
mercial systems used by Jabrain et al.. Unlik e the work of
Matsumoto et al. and Schoedl et al., our algorithms are
simple enough that they run well on consumer-level com-
puters without any need for special purp osehardware. Our
method is unique in that it tracks using multiple cameras.
This abilit y to track head poseand estimate eye gazeusing
multiple cameras is very important for large environments
where the mobilit y of usersis much greater than the desktop
workspace.

3. VISION SYSTEM
Our system usesIBM BlueEyes infrared lighting cameras

[13]. These camerasare used as sensorsfor our eye tracking
algorithm and the tracked eyes are used in conjunction to
estimate the user's head pose and eye gaze direction (see
Figure 1). Each eye tracker utilizes a simple dynamics model
of eye movements along with Kalman �lters and appearance
models to track the eyes robustly in real-time and under
widely varying lighting conditions. The tracked head pose
is used to estimate a user's eye gaze to measure whether a
user is looking at a previously de�ned region of interest that
the protot ype applications use to further interact with the
user.

Multi­camera IR­basedeye tracking
We use several pre-calibrated cameras to estimate a user's
headpose. For each camera,we usethe tracked eye locations
to estimate mouth corners. These two mouth corners and
eye positions are then used as low level features between
all cameras to estimate the user's 3D head pose. We use
a combination of stereo triangulation, noise reduction via
interpolation, and a camera switching metric to usethe best
subsets of cameras for better tracking as a user is moving
their head in the tracking volume. Further details of our
head pose estimation can be found in [16]. Our results in
[16] show that our multiple camera system gives reliable
head poseestimates for various users and can be used as a
basis for human computer interaction.

Multiple cameras provide both a large tracking volume
as well as 3D head pose information. However, as a user
moves in the tracking volume, it is possible that their eyes
are no longer visible from somecameras. Our systemdetects
when a user's head is moving away from a camera and uses
a di�eren t subset of cameras not including it to estimate
the 3D posemore accurately. This is done becausecameras
with only partial views of the face will have increased eye
tracking errors sincetheir appearance(and possibly motion)
will no longer appear to be eyes. Removing these cameras
from the 3D pose calculation is important becausethe 3D
pose is sensitive to noise since we use a small number of
cameras [16]. In practice, camera subset switching is not
done very often, but must be done for certain head angles
to avoid incorrect poseestimates.

Dealing with infrar ed saturation
Our initial experiments with the system in a residential liv-
ing room setting showed that infrared light coming from
multiple windows during the day was a�ecting the track-
ing. The tracker was initially designedto work in indoor of-
�ce environments with 
uorescent lighting and limited day-
light. The presenceof almost omnidirectional infrared light-
ing complicates the tracking becausethere are many addi-
tional sourcesof infrared light besidesthe LEDs on the cam-
era. Indeed, in an indoor residential setting, infrared light is
picked up by the camerasas it is present everywhere during
the day.

In the eye tracking sub-system,principal component anal-
ysis (PCA) was usedto construct appearancemodels for the
eyes [16]. However, PCA weighs all components of the fea-
ture vectors equally and cannot account for di�eren t noise
contributions in di�eren t variables. The principal compo-
nents cannot capture all variation in eyes and non-eyes lit
di�eren tly throughout the day and from di�eren t windows.
Multiple classescould be created, but it is unclear how to as-
sign the training data to di�eren t classesor what the classes
themselves should be to represent varying lighting.

Fisher's linear discriminant has previously been used to
compensate for varying light conditions for improved facial
recognition [6]. We use it to compute a classi�cation score
for candidate eyesversusnon-eyesand have found it to yield
improved classi�cation over PCA for our data. Figure 2
shows an instance where PCA does not correctly classify
an eye in the presenceof infrared saturation while Fisher's
discriminant does. To train the classi�er, we use training
data consisting of 64 eyesand 64 non-eyes. The discriminant
seeksto �nd the projection matrix W for the training data
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(b)

Figure 2: Comparison of PCA and Fisher's linear
discriminan t in eye trac king. (a) PCA: notice that
one of the eyes is not detected due to infrared sat-
uration. (b) Fisher's discriminan t: both eyes are
classi�ed and trac ked correctly .
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Figure 3: Classifying eyes and non-ey es using
Fisher's discriminan t. The dotted blue line repre-
sents the `eyes' class and the red line represen ts the
'non-ey es' class.

x while maximizing J (W ):

y = W x (1)

J (W ) =
j� F 1 � � F 2 j2

� 2
F 1

+ � 2
F 2

(2)

Figure 4: Data 
o w bet ween the trac king system
and applications. Three eye trac kers are shown to
estimate head pose, though more could be used.

where � F 1 , � F 1 , and � F 2 , � F 2 are the mean and standard
deviation of the projected training images into two classes
(eyesand non-eyes) onto a line (the Fisher space). To max-
imize this equation and compute J as an explicit function
of W , the ratio between the between-classscatter (Sb) and
within-class scatter (Sw ) is maximized:

Sb = (� 1 � � 2)( � 1 � � 2)T (3)

Sw =
NX

i =0

[(x i � � 1)( x i � � 1)T + (x i � � 2)( x i � � 2)T ] (4)

W = arg max
W

kW T SbW k
kW T Sw W k

(5)

where N is the number of training samples and � 1 , � 2 are
the means of the training images into the eyes and non-
eyes classesrespectively. Once the projection matrix W is
computed, all the training samples are projected into the
discriminant space for scoring. For a given eye candidate
region x, we �rst project the intensity values into the Fisher
spaceresulting in xp , its projection. We then compute the
Mahalanobis distance betweenxp and the meansof the two
classesin the Fisher spaceto compute scoresthat are used
by the eye tracker, Pey e and Pnotey e (in the notation of [9]).

Pey e(xp ) = kxp � � F 1 k (6)

Pnotey e(xp ) = kxp � � F 2 k (7)

Figure 3 shows the clear separation betweenthe two classes
in the discriminant space. We obtain this separation even
in the presenceof signi�can tly varying infrared (sunlight)
lighting conditions from multiple sources(windows).

Headposeand softwareapplication integration
We integrate the head pose and eye gaze estimates from
the vision system as an noninvasive user interface for the
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Figure 5: (a) Family In tercom setup. Red box: fam-
ily pictures, green boxes: cameras, (b) sub ject us-
ing the Family In tercom, (c) A portrait of an elderly
paren t that can be used to monitor their eye gaze
activit y lev el.

HCI applications by treating the vision system as a server.
The vision system can be queried by applications to �nd out
how many eyes are in the scene,what the estimated head
pose is and whether there is any overlap between applica-
tion de�ned regions of interest and the user's head position.
Treating the vision system as a service abstracts the tech-
nical details of the tracking and allows HCI researchers to
focus on using the data provided by our system to support
user interactions more e�ectiv ely.

Figure 4 pictorially depicts our system and how it is used
by software applications. Multiple eye trackers are con-
nected to a server that merges the eye position estimates
to calculate a head pose vector. The head pose vector is

then made available for applications to access,as well as the
eye positions that were found. We also allow applications
to query the history of contin ued gaze towards a particular
region as this may be of interest to the application as well.

The applications can also request that the data be �ltered,
in casesome higher-level statistics are of interest. For ex-
ample, the Family Intercom application seeksto understand
trends in gazeduration of family pictures over several days.
As a result, the server averages the gaze data to provide
statistics that are of greater relevance to the application.
On the other hand, the Cook's Collage is a real-time sys-
tem, where the gaze direction is used to make inferences
about the user's distractions from cooking, so raw data is
made available instead.

4. EXPERIMENTS
We have experimented with two applications to support

user interaction through estimates of eye gaze. Knowing
the direction of a user's gaze allows us to construct atten-
tiv e applications that are otherwise intrusiv e. Both of our
applications consist of displays mounted in a residential set-
ting, with camerasnear the displays. Users need only be in
front of the displays for user interaction to take place. The
setups are shown in Figure 5 (Family Intercom) and Figure
7 (Cook's Collage).

Family Inter com
The Family Intercom project investigatescontext-aware fam-
ily communication between homes [15]. The intent is to
provide interfaces that facilitate a person's abilit y to decide
whether a proposedconversation should be initiated or not.
The user-gazeinterface shown in Figure 6 provides feedback
to the caller to help them determine whether it would be
appropriate to initiate a voice conversation.

In one home, the vision-based eye tracking system tracks
user gazetowards a collection of framed family photographs.
Figure 5 shows the setup of the eye trackers on a common
household table in an elderly parent's home. The red box
shows the picture frame, and green boxes show the cameras
used for eye tracking. In the secondhome, the remote panel
is based on the Digital Family Portrait [14] and displays a
portrait and a qualitativ e estimate of activit y for the fam-
ily member pictured from the �rst home. Figure 6b shows
the interface at a remote family member's house. When a
family member notices the digital portrait of their family,
they simply touch the portrait to create a connection. The
remotely collected eye-gazedata is displayed to provide con-
text for the caller to gaugea time when the remote member
desiresfamily conversation.

The visual gaze tracker conveys statistics of the callee's
eye gaze towards the family pictures to the caller and fa-
cilitates the appropriate social proto col for initiating con-
versations between the users. In previous protot ypes [15]
[14], only the room location of the callee was available via
radio-frequency identi�cation (RFID) tags worn by the fam-
ily member. The RFID tracking provided coarseestimates
of activit y, but our gaze tracker may be used to infer �ner
time intervals when a conversation is more desirable.

Cook's Collage
The Cook's Collage application exploreshow to support ret-
rospective memory, such as keeping a record of transpired
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Figure 6: Family In tercom: (a) A son checks on his
elderly paren t through the picture frame, (b) Gaze
activit y at remote family lo cation; the box repre-
sents the curren t time.

events, using a household cooking scenario [19]. The Col-
lage is composedof an attentiv e environment that captures
the cook's actions and shows them on a display. Figures 7
and 8 show the Collage's overall setup and display. We use
three eye trackers to provide additional information about
user behavior while cooking. Our system estimates user at-
tention in three regions: the Collage's display, recipe, and
cooking area.

Figure 7 shows the setup for this experiment with our
eye tracking system. We use three cameras (green boxes)
to track the user's head pose within the three regions (red
boxes). Currently , we use the head pose data to evaluate
the usabilit y of the Collage's display. The Cook's Collage
expects the user to refer to its display every time the cook re-
turns to cooking after an interruption for additional cooking
prompts. Ignoring the display after an interruption could
suggestthe need for additional user interface improvements
or a better placement of displays.

Figure 7: Co ok's Collage setup. Red boxes from
left to righ t: cooking recip e, cooking area, Collage
displa y, green boxes: cameras.

Figure 8: Co ok's Collage displa y showing cooking
steps.

5. RESULTS
Our quantitativ e results demonstrate the e�ectiv enessof

the head pose calculation subsystem. Since both applica-
tions usehead posedata in the form of regions gazedby the
user, we verify whether gaze estimates by a human are the
sameas those actually estimated by the system. The results
are given in form of percentage of correct recognition by our
tracking system.

Our subject pool consists of 4 subjects for the Family In-
tercom and 4 the for Cook's Collage. For the Family Inter-
com experiment, a subject performs a regular daily activit y
lik e reading or eating while sitting near a table containing
the user's family pictures. A separate 15 minute sequence
consisting of 225 frames is recorded throughout the experi-
ment to capture ground truth for veri�cation. The video is
hand labeled to represent the ground truth of regionsviewed
by the user. These hand labeled frames are compared with
the regionsestimated by the headposetracking system. The
percentage of accuracy givesthe fraction of frames estimated
correctly by the system.

For the Cook's Collage experiment, subjects were asked
to cook a recipe provided to them and a video was also
recorded to capture ground truth. Since the length of this
experiment is shorter than the Family Intercom experiment,
a 10 minute sequencewas usedfor comparison instead. This



Sub ject Correct estimate
Subject 1 87%
Subject 2 88%
Subject 3 90%
Subject 4 84%

Averagecorrect estimate 87.25%

Table 1: Statistics of estimated eye con tact for the
Family In tercom.

Sub ject Correct estimate
Subject 1 81%
Subject 2 84%
Subject 3 78%
Subject 4 82%

Averagecorrect estimate 81.25%

Table 2: Statistics of estimated eye con tact for the
Co ok's Collage.

is also motiv ated by the fact that the user is more actively
involved in the cooking experiment, which provides a larger
amount of head posesfor comparison purp oses.

The Family Intercom experiment consists of one region
where the user needs to look and in the Cook's Collage
experiment there are three regions. The result set of the
Cook's Collage experiment doesnot distinguish betweenthe
individual gazes at these three regions. Rather, the data
shows the accuracy of head pose estimation for the entire
experiment. Thus, one of the possible reasonsfor having a
smaller accuracy for the Cook's Collage experiment might be
due to having to track user head poseat more regions. The
large accuracy of gazerecognition demonstrates the practi-
calit y of head poseestimation for attentiv e user interfaces.

6. SUMMARY & FUTURE WORK
In this paper, we demonstrate the abilit y of our system

to track user head poseover multiple camerasin indoor set-
tings. We are able to perform the tracking under varying
lighting conditions for several users very robustly . In addi-
tion, we present a framework to seamlessly integrate our
vision-based system with application protot ypes to make
higher-level inferences about user behavior. Our experi-
ments with users in realistic applications shows the relia-
bilit y of our system and its practicalit y in di�eren t kinds of
application protot ypes.

We plan on adding more training data to our recognition
model to make it a true `black box' to be used with dif-
ferent experimental applications in our laboratory by other
researchers. We are also working with HCI and psychology
researchers to design user studies to evaluate complete sys-
tems using the tracker. The feedback from theseuser studies
could be used to modify the granularit y of head pose data
provided by the tracking system. We also plan to investi-
gate how e�ectiv e the gazedata has beenin facilitating fam-
ily communications and what new social implications arise
from these kinds of perceptual systems. We would also lik e
to conduct more experiments with several other application
protot ypes in our laboratory to explore new avenues for us-
ing perceptual interfacesbasedon vision-basedeye tracking.
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