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ABSTRA CT

Knowing the user's point of gazehas long held the promise of being a useful methodology
for human computer interaction. However, a number of barriers have stood in the way of the
integration of eye tracking into everyday applications, including the intrusiveness robustness,
availabilit y, and price of eye-tracking systems. The goal of this thesisis to lower thesebarriers
sothat eye tracking can be usedto enhancecurrent human computer interfaces.

An eye-tracking system was dewveloped. The system consists of an open-hardware design
for a digital eye tracker that can be built from low-cost o -the-shelf componerts, and a set of
open-sourcesoftwaretools for digital image capture, manipulation, and analysisin eye-tracking
applications. Both infrared and visible spectrum eye-tracking algorithms were developed and
usedto calculate the user's point of gazein two typesof eye tracking systems,head-mourted
and remote eye trackers. The accuracy of eye tracking was found to be approximately one
degreeof visual angle.

It is expected that the availability of this system will facilitate the developmert of eye-
tracking applications and the evertual integration of eye tracking into the next generation of

everyday human computer interfaces.



CHAPTER 1. OVERVIEW

Eye tracking measureswhere a personis looking. Eye tracking can be usedas a scierti ¢
tool and in many applications for Human Computer Interaction (HCI). Analog techniques
for eye tracking have been available for many years. Howewer, they are a bit uncomfortable
and unwieldy for the users. Recerly, the o -the-shelf video-basedeye trackers are available
becausethe price of high-quality digital camerashas dropped precipitously and new image
processingand computer-vision techniquesfor eye tracking have beendeweloped. This chapter
alsoreviewstwo typesof imaging approadesthat are usedin eye tracking (visible and infrared
spectrum imaging), remote and head-mourted eye tracking systems, and two kinds of eye

tracking algorithms (feature-basedand model-basedapproades).

1.1 Intro duction

1.1.1 Human eye structure

A human eye is an organ that sensedight. An image of eye anatomy is shavn in Fig-
ures1.1(a). Sewral important parts of human eye related to eye tracking are described here.
The corneais a transparent coatin front of eyeball. The iris is the musclethat cortrols the size
of pupil, which is like the aperture in a camerato let light goesinside. The iris hascolor and is
di erent from personto person,thus can be usedin biometrics. The sclerais the tough outer
surfaceof the eyeball and appearswhite in the eye image. The limbus is the boundary between

the scleraand the iris. An image of eye captured by digital camerais showvn in Figures 1.1(b).
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Figure 1.1 Human eye. (a) Eye anatomy. (b) Eye image. Theseimage are
from the website http://www.wikip edia.organd are permitted
to copy, distribute and modify under the terms of GNU Free

Documertation License.



1.1.2 Eye trac king as a scientic tool

Eye tracking has been used for closeto a certury as a tool for neuroscietic and psy-
chological study (1; 2). Eye movemens can be related to cognitive processingwith a model
(3). The behaviors can be analyzedfrom measuringthe user's eye movemert while the useris
viewing web pages(4). Eye tracking can be usedto study the recognition processin picture
viewing (5). Eye trackers can record and monitor the eye movemert of driversto analyzethe

distraction and vigilance while completing seweral driving tasks (6; 7).

1.1.3 Eye trac king for HCI

Only more recerily, has the potential integration of eye movemeris in human computer
interfaces been seriously investigated (8). Much resear® has indicated the potential of eye
tracking to enhancethe quality of everyday human computer interfaces(9; 10). Two typesof
human computer interfacesutilize eye-movemernt measures{ active and passiw interfaces.

Activ e interfaces allow usersto explicitly cortrol the interface though the use of the eye
(8). In onesud application, eye typing allows the userto look at keyson a virtual keyboard to
type instead of manually pressingkeysaswith a traditional keyboard (11). Similarly, systems
have beendesignedthat allow usersto cortrol the mousepointer with their eyesin a way that
can support, for example, the drawing of pictures (12). These systemsusually use the eye
movemerts to cortrol the cursor position and use eye blinks to trigger mouseclicks or other
events (13). Active interfaces that allow userswith movemert disabilities to interact with
computers may also be helpful for healthy usersby speedingsometasks sud asicon selection
and windows zooming in graphical userinterfaces(14; 15) or object selectionin virtual reality
(16).

Passiw interfaces, on the other hand, monitor the user's eye and use this information to
adapt someaspect of the display or to react accordingto the users'behaviors. For example,in
video-transmissionand virtual-realit y applications, gaze-cotingent variable-resolution display
techniquespresert a high level of detail at the point of gazewhile sacri cing level of detail in the

periphery where the absenceof detail is not distracting (17; 18). The driver's visual attention



level can be determined by monitoring the eye and the eye lid. In casethat the attention level
is too low, a warning signal can be generatedto remind the driver (19). Furthermore, The size
of human pupil is signi cantly related to the emotional stimulation, which provides a cue of

human emotion (20).

1.2 Eye trac king techniques

1.2.1 Analog techniques

While eye tracking hasbeendeployedin a number of researt systemsand to somesmaller
degreeconsumer products, eye tracking has not readed its full potential. Importantly, eye-
tracking technology has beenavailable for many yearsusing a variety of methods (e.g., electro-
oculography, contact-lens basedeye-coil systems,Purkinje-re ection based;see(21) for a sur-
vey of classical eye-tracking technology). For example, electro-oculography method places
electrodes on the skin near the eyes. The eye movemert can be measuredbecausewhen the
eye balls move, the electrical changesin activity can be detected (22). Contact-lens basedeye
coil systemsplacescontact lens with axed medanical lever or magnetic coil into the eyes.
And then eye movemen can be tracked by tracking thesea xed objects (23). A comparison

of these eye tracking techniquescan be found in (24).

1.2.2 Video-based eye-trac king metho ds
1.2.2.1 Infrared and visible imaging

Two typesof imaging approacesare commonly usedin eye tracking, visible and infrared
spectrum imaging (25) (seeFigures 1.2 for the eye imagescaptured with visible and infrared
spectrum imaging). The three most relevant features of the eye are the pupil - the aperture
that lets light into the eye, the iris - the colored muscle group that controls the diameter of
the pupil, and the sclera,the white protective tissue that coversthe remainder of the eye.

Visible spectrum imaging is a passiwe approad that captures ambient light re ected from

the eye. In theseimages,it is often the casethat the bestfeature to track is the contour between
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Figure 1.2 Eye images. (a) Eye image captured with visible spectrum
imaging. (b) Eye image captured with infrared spectrum imag-
ing.

the iris and the scleraknown asthe limbus. Visible spectrum eye tracking is complicated by
the fact that uncortrolled ambient light is used as the source, which can cortain multiple
specular and di use componenrts. Infrared imaging eliminates uncortrolled specular re ection
by actively illuminating the eye with a uniform and cortrolled infrared light not perceivable by
the user. A further benet of infrared imaging is that the pupil, rather than the limbus, is the
strongest feature cortour in the image (seee.g., Figure 2.1(d)). Both the scleraand the iris
strongly re ect infrared light while only the sclerastrongly re ects visible light. Tracking the
pupil cortour is preferable given that the pupil contour is smaller and more sharply de ned
than the limbus. Furthermore, due to its size, the pupil is lesslikely to be occluded by the
eye lids. The primary disadvantage of infrared imaging techniquesis that they cannot be used
outdoors during daytime due to the ambient infrared illumination.

Infrared eye tracking typically utilizes either a bright-pupil, dark-pupil technique or both.
The bright-pupil technique illuminates the eye with a sourcethat is on or very near the axis
of the camera. The result of sud illumination is that the pupil is clearly demarcated as a
bright region due to the photore ectiv e nature of the badc of the eye. Dark-pupil techniques
illuminate the eyewith an o -axis sourcesuch that the pupil is the darkestregionin the image.

while the sclera,iris and eye lids all re ect relatively more illumination. In either method, the



rst-surface specular re ection of the illumination sourceo of the cornea (the outer-most
optical elemen of the eye) is alsovisible. The vector betweenthe pupil certer and the corneal
re ection certer is typically usedasthe dependert measurerather than the pupil certer alone.
This is becausethe vector di erence is lesssensitive to slippage of the head gear - both the
cameraand the sourcemove simultaneously. The combined use of both bright and dark pupil
techniques can be seenin (26; 27; 28). Those imaging systemsusually include the LEDs on
and o the axis of the camera. The interlaced bright-pupil image and dark-pupil image are
obtained by switching between either LEDs on or o the axis of the camera. The di erence

image obtained by subtracting these imagesis thresholded, which results in an image of the

pupil.

1.2.2.2 Remote and head-moun ted systems

Eye-tracking systems can be divided into remote and head-mourted systems (see Fig-
ures 1.3). Each type of system has its respective advantages. Both visible-spectrum and
infrared-spectrum imaging techniques have beenapplied in the context of remote video-based
eye tracking. The single most attractiv e reasonfor using a remote eye-tracking systemis that
its use can be completely unobtrusive. However, a limitation of a remote systemis that it can
only track eye movemeris when the useris within a relatively con ned areaof operation. And
the accuracyof remote eye-tracking systemsusually worsethan the head-mouned eye-tracking
systems. Stereocamerascan be applied to achieve better eye-tracking accuracy (29; 30). The
designof remote eye-tracking systemsmust considerthe three way trade-o betweencost, ex-
ibilit y and quality. For example, the exibilit y to track eye movemerts over a wide area can
be improved by using a pan-tilt camera, but such camerasare quite expensive. Furthermore,
the quality of eye tracking can be improved by capturing a high-resolution image of the eye
using a zoom camera(31), with the trade-o of a reducedoperational areaand higher cost. Al-
though, there are a number of promising remote eye tracking approaces(e.g., see(32; 33)), it
currently appearsthat a head-mourted system has a greater potential to achieve a reasonable

compromisebetweenall of thesefactors.



The innovative work of Je Pelz and colleagues(34; 35) at the Rochester Institute of
Tednology (RIT) onthe construction of low-costminimally invasive head-mouned eyetrackers
is particularly noteworthy. In their system, analog camerasare mounted onto safety glasses
(in a similar con guration as that showvn in Figure 2.2(a)) and video of the user's eye and
the user's eld of view are interleaved in a single interlaced video frame and recorded using a
mini-DV camcorderstowed in a badkpack. Point of gazecomputation is then performedo -line
using proprietary hardware and software purchasedfrom a production house. Given our goal
to integrate eye movemen measuremets into human computer interfaces,this dependenceon
high-cost proprietary equipmert is a seriouslimitation of their approac. Furthermore, the
o -line nature of the systemis another limitation assomedegreeof real-time performancewill
be necessaryin many HCI applications. However, their innovation in head-geardesign and

low-cost approad is laudable and we adopt both in our own e orts.

1.3 Video-based eye trac king algorithms

1.3.1 Feature-based and model-based approac hes

Eye-tracking algorithms can be classi ed into two approadestypically: feature-basedand
model-basedapproacdes. Feature-basedapproadesdetect and localize image featuresrelated
to the position of the eye. A commonality among feature-basedapproadesis that a criteria
(e.g., a threshold) is neededto decidewhen a feature is present or absen. The determination
of an appropriate threshold is typically left as a free parameter that is adjusted by the user.
The tracked features vary widely acrossalgorithms but most often rely on intensity levels or
intensity gradients. For example, infrared imagery the dual-threshold technique, an appro-
priately setintensity threshold can be usedto extract the region corresponding to the pupil.
The pupil certer can be taken as the geometric certer of this identi ed region. The intensity
gradient can also be usedto detect the pupil contour in infrared spectrum images(36; 37) or
the limbus in visible spectrum images(38; 39). Least-square tting (38; 36; 40) or circular
hough transform (41) canthen be usedto t an ellipseor a circle to thesefeature points. How-

ever, since feature point detection may be a ected by eyelashesand eyelids, someadditional
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Figure 1.3 Two kinds of eye trackers. (a) Head-mourted eye tracker. (b)
Remote eye tracker.



processis neededto eliminate false feature points (outliers). Pupil feature points are detected
along radial vectorsin (37), but a method of rejecting outlines is not given. Feature points
are delimited in a quadrilateral formed by the eye corners, the uppermost point of the upper
eyelid and the lowermost of the lower eyelid (38). A double ellipse tting approad is usedin
(36). First, roughly detectedfeature points are usedfor ellipse tting. And then feature points
are detected again using the certer of rst ellipse as starting point. Finally, an ellipseis tted
to the feature points that are closeenoughto the rst ellipse. A curvature function is applied
to eliminate the artifacts of pupil edgein (40). Howewer, these methods may not be robust
enoughto a relatively large number of outliers and may not be able to remove all the outliers.
On the other hand, model-basedapproaches do not explicitly detect features but rather
nd the best tting model that is consistert with the image. For example, integro-di erential
operators can be usedto nd the best-tting circle (42) or ellipse (43) for the limbus and
pupil contour. This approac requires an iterativ e seard of the model parameter spacethat
maximizesthe integral of the derivative along the contour of the circle or ellipse. The model-
basedapproac can provide a more preciseestimate of the pupil certer than a feature-based
approad giventhat a feature criteria is not applied to the imagedata. However, this approacd
requires searting a complex parameter spacethat can be fraught with local minima. Thus
gradient techniques cannot be used without a good initial guessfor the model parameters.
Thus, the gain in accuracy of a model-based approad is obtained at a signi cant cost in
terms of computational speedand exibilit y. Notably, however, the use of multi-scale image
processingmethods (44) in combination with a model-basedapproac hold promise for real-

time performance(25).

1.4 Reseach approach

The primary obstacleto integrating eye tracking techniquesinto human computer interfaces
is that they have beeneither too invasive or too expensiwe for routine use. Sometechniques
require equipmert sud as special cortact lenses, electrodes, chin rests, bite bars or other

componerts that must be physically attached to the user. These invasive techniques can
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quickly becometiresome or uncomfortable for the user. Video-basedtechniques capture an
image of the eye from a camera either mounted on head gear worn by the user or mounted
remotely. The invasivenessof eye tracking has been signi cantly reduced with advancesin
the miniaturization of head-mourted video-basedeye-trackers (34; 35). Furthermore, remotely
located video-basedeye-tracking systemscan be completely unobtrusive (e.g., see(45; 32)),
although at somecost to the robustnessand quality of the eye tracking.

Given these advances, the most signi cant remaining obstacle is the cost. Currently, a
number of eye trackers are available on the market and their prices range from approximately
5,000to 40,000US Dollars. Notably, the bulk of this costis not due to hardware, asthe price
of high-quality digital cameratechnology has dropped precipitously over the last ten years.
Rather, the costsare mostly assaiated with custom software implementation, sometimesin-
tegrated with specializeddigital processorsto obtain high-speedperformance.

This analysis clearly indicates that in order to integrate eye tracking into everyday human
computer interfaces,the developmen of widely available, reliable and high-speed eye-tracking
algorithms that run on general computing hardware needto be implemented. Towards this
goal, we have deweloped the openEyessystemwhere the hardware constructions plans and the
software implementations are freely available. The eye-tracking algorithm integrates feature-
basedand model-basedapproacesand we have made its implementation available for distri-
bution in an open-sourcepadkage. In combination with low-cost head-mourted eye-tracking
systems(34; 35), there is a signi cant potential that eye tracking will be widely incorporated
into the next generation of human computer interfaces.

This thesisfocuseson the software and hardware designof low-cost eye-tracking for human
computer interaction. Chapter 2 describes the open-hardware design for a head-mourted
infrared eye tracker. The parallax error introduced by placing the scenecameraand tracked
eye on di erent optical paths is discussedin Chapter 2. Chapter 3 introducesthe Starburst
algorithm for infrared eye tracking which combines feature-basedand model-basedapproad.
Chapter 4 describesthe algorithm for visible spectrum eye tracking and its application to two

visible spectrum eye-tracking systems,a head-mourted mobile eye tracker and a remote eye
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tracker. Eye typing, an application using the desktop remote eye tracker for human computer
interaction, is given in Chapter 5. Chapter 5 also presens some further directions for this

researd.
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CHAPTER 2. AN OPEN-HARD WARE INFRARED EYE TRA CKER

2.1 The openEyes system

In spite of the promise of this researd, eye-tracking technology is not usedin everyday
computer interfaces. The absenceof eye tracking in consumer-gradehuman computer interfaces
can be attributed to the signi cant intrusiveness,ack of robustness,low availabilit y, and high
price of eye-tracking technology.

We have deweloped a low-cost head-mourted eye tracker. This eye tracker consistsof two
consumer-gradeCCD camerasthat are mounted on a pair of safety glasses(seeFigure 2.1).
One cameracaptures an image of the eye while the other captures an image of the scene.The
two camerasare syndironized and operate at 30hz, ead capturing 640 480 pixels per frame.
In this paper we focus on developing an eye-tracking algorithm applicable for usewith images
captured from this type of head-mourted system. However, the proposedalgorithm could also
be applied to video captured with a remote system.

We refer to our eye tracker asthe openEyes system becausewe make freely available both
the hardware constructions plans and the software that implemernts the algorithm. The open-
hardware designis available in a detailed step by step tutorial on our website
(http://hevl.hci.iastate.edu/op enEyes). The software is also freely available in the form of an
open-sourcepackage licensedunder the General Public License. We hope that the availabilit y
of software, easeof construction and open design of the openEyes system will enable inter-
face designersto begin exploring the potential bene ts of eye tracking for human computer
interfaces. Furthermore, the exibilit y provided by our open approac should allow system
designersto integrate eye tracking directly into their systemor product. We expect that the

availability of the openEyes system will signi cantly enhancethe potential that eye tracking
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will be incorporated into the next generation of human computer interfaces.

The motivation for this researti stemsfrom the recognition in the eye-tracking and human
computer interaction communities of the needfor robust inexpensive methods for eye tracking.
The openEyes system addresseshis need by providing both an open-hardware designand a
set of open-sourcesoftware tools to support eye tracking. The open-hardware designdetails a
procedureto construct a minimally invasive, digital head-mourted eye tracker from low-cost
o -the-shelf componerts capable of an accuracy of approximately one degreeof visual angle.
The open-sourcesoftware tools provide a ready to useimplementation of a robust eye-tracking
algorithm that we dewveloped. This implementation can be run on general-purpose hardware

and thus can be widely employed in everyday human computer interfaces.

2.2 Open-hardw are design

In this section, the design of the openEyes eye-tracking hardware is described in a way
that shaws the ewlution of the systemto its nal form. This approac provides insight into
principles, decisions, bene ts and limitations of the system. The description is limited to
the most important construction details given that an extensive description of the system
construction is available on the openEyes website. This description includes a step by step
tutorial on head-gearconstruction as well as a detailed parts list accompaniedby hyperlinks
to vendor web sites.

The rst designconsideration after having chosento use a head-mounied system was the
con guration of the head gear. The most signi cant issuewas where to mount the cameras.
Giventhat until recerily cameraswere quite large, a number of commercial systemsplace the
cameraseither above the eyes, on top of the head or above the ears, primarily for ergonomic
reasons. Thesecon gurations necessitatethe integration of a mirror or prism in the camera's
optical path. Instead of taking this approad, we adopt the solution dewveloped at RIT of
placing the eye cameraon a boom arm sucd that there is a direct line of sight betweenthe
cameraand the eye (seeFigure 2.2(a)). The primary advantage of this designis that it avoids

the needfor expensive optical componerts. Half-silvered infrared-re ecting mirrors or prisms
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(a) (b)

() (d)

Figure 2.1 Eyetracker and the captured images. (a&b) Head-mourted eye
tracker (c) Image of a sceneobtained by the eye tracker. (d) Im-
ageof the user'sright eyeilluminated with infrared light. Note
the clearly de ned dark pupil and the specular re ection of the
infrared LED. Also note the degreeof line noisepreser in the
captured images due to the low-cost eye-tracker construction
basedon consumer-gradeo -the-shelf parts.
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can be expensive and glasscomponerts can posesigni cant danger of eye damagein near-eye
applications. We were unable to locate an inexpensive sourceof half-silveredinfrared-re ecting
mirrors constructed of plexiglass. Sud mirrors are typically usedin commercial systemsbut
must be purchasedin bulk to achieve a reasonableprice. The primary disadvantage of a boom
arm designis that a portion of the visual eld is blocked by the cameraand the armature.
Given the small extent and peripheral positioning of the camera/boom, we view this as an
acceptablecompromise. In fact, becausethese componerts are attached to the head gear and
thus static in the user'svisual eld, they are easily ignored just asthe frames of normal eye
glassesare ignored.

The seconddesign consideration concerned nding a way to capture and processdigital
images for real-time eye tracking. The RIT system used inexpensive low-resolution CMOS
camerasto generateanalogvideo output. The camerasthat they usedare amongthe smallest
available onthe market and, in general,analogcamerasare available in smaller sizesthan digital
cameras. We considereda number of analog image-capture solutions to use in combination
with analog cameras, but all such solutions were overly expensive (i.e. many hundreds of
dollars), would require considerablefabrication expertise (e.g., the use of an A/D chip), or
were not applicable in the mobile context (i.e. required a desktop computer). We therefore
consideredonly solutionsthat utilized digital cameraswith a readily available meansof capture
to a standard laptop computer. For example,a number of small inexpensive USB web cameras
were investigated but the resolution and frame rates were limited by the bandwidth of USB.
We failed to nd any inexpensive USB 2.0 compatible web camerasthat utilized the full
bandwidth of USB 2.0. Ultimately , we settled upon using inexpensive IEEE-1394 web cameras.
The bandwidth of these cameras(400Mbit/sec) is su cien t to capture video simultaneously
from two camerasat a resolution of 640x480pixels with a frame rate of 30hz. Two additional
bene ts of IEEE-1394 camerasinclude the fact that camerason the samebus will automatically
syndironize themselvesand that the IEEE-1394 standard is well supported under Linux with
the 1394-baseddC Control Library.

We examined a number of inexpensive IEEE-1394 camerasavailable on the market. Ini-
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tially, the Apple I-sight camerawas consideredbecauseof its unique construction. The optics
have an auto-focusfeature and the CCD is mounted ona at ex cableapproximately oneinch
long that leadsto the main processingboard. However, after much investigation, we failed to
nd a way to extend this cablein a reasonableway. Any maodi cations would have required
extremely di cult soldering of surfacemount connectors. We nally settled on using the com-
parably priced Unibrain Fire-i IEEE-1394 web camera. One advantage of using this camera
for our application is that more than one cameracan be daisy chained together and thus share
a single power source (seeFigure 2.3(d)). The disadvantage of this camerais that the CCD
sensoris soldereddirectly to processingboard and without removal, the entire board would
be too cumbersometo mount on a head gear. Therefore a technique was developed to detach
the CCD sensorfrom the cameraboard and solder a multi-conductor cable of some length
between the board and the chip. When done carefully, the sensorremains undamaged and
the lensand mount can be re-attached sothat the camerafunctions asbefore. Note, however,
that a degreeof noiseis induced in the captured images(seeFigures 2.5(c&d)). Much of the
work subsequen to this initial designdecisionhasbeento nd a way to reducethis noise(see

below).

2.2.1 Generation 1

The rst generation prototype is shovn in Figures 2.2 and, as can be seen,the prole is
small and unobtrusive. The Sory CCD and lens mount assenbly standard with the Fire-i
camerawere extended from the cameraprocessingboards and mounted on a pair of modi ed
safety glasseavhich have had the plastic lensescut mostly away. Very ne unshieldedwire was
usedto extend the CCD and when routed above the ear and badk to the processingboards
mounted on the badkpadk, its presencewas hardly noticeable. Moreover, the lightness of the
lensesand boom arm did not add to the perceivable weight of the glasseswhen worn. The
presenceof the eye tracker was not overly disturbing in spite of the fact that the camera
occluded a portion of the visual eld.

The design of the rst generation system had three major limitations. First, the CCDs
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(a) (b)

(©) (d)

Figure 2.2 Eye tracker: Generation 1. (a&b) CCDs and lens mounts are
mounted on ato a pair of modi ed safety glasses.(c) The CCDs
are separatedfrom the processingboard via wires such that the
processingboards can be located on a badk padk. (d) A laptop
modied to t within a small badkpack. The laptop captures
and processeyideo from the cameras.
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for this systemwere removed using a soldering iron. Given the small size of the chip and the
proximit y of other componerts on the board, this wasa procedurethat we believe damagedthe
chips and/or board. Second,the thin unshieldedwire lead to signi cant noisein the captured
imageswhen both cameraswere operated simultaneously. The amount of noisewas ampli ed

when the 14 lines for eadh CCD were run adjacert to ead other down to the processing
boards on the badkpack. The degreeof noise was unpredictable and tended to change as the
wearer shifted their headand body. The nal limitation of this approad wasthat we employed
visible spectrum imaging. Due to the low sensitivity of theseconsumer-gradecameras,we were
often unable to image the eye with the user indoors. Furthermore, the presenceof specular
re ections from various ambient light sourcesmade digitally extracting a reliable measureof

eye movemerts particularly di cult.

2.2.2 Generation 2

In the secondgeneration prototype, we attempted to redressmany of the limitations of
the rst generation prototype. Most signi cantly, we moved to an infrared imaging approad.
As can be seenin Figures 2.3, we placed an infrared LED on the boom armature o -axis
with respect to the eye camera. This con guration producesan illumination that allows the
discrimination of the pupil from the rest of the eye. The LED was powered from a free
USB port on the laptop. Unfortunately, this designdecision also required a new lens mount
assenbly on the eye camera. The Fire-i camerascomewith a small, non-standard mount and
lens combination which has an infrared cut- Iter coated on the sensorside of the lens that
could not be removed. To solve this problem, we salvagedthe somewhatlarger lens mount and
lens from an OrangeMicro i-Bot web camera. The infrared blocking Iter was removed from
this lens and replacedwith an 87c Wratten Iter to block visible light and allow only infrared
light to pass. The image captured using infrared illumination can be seenin Figure 2.3(e).
Note that the infrared illumination strongly di eren tiates the pupil from the iris in the image.
Also note the presenceof a specular re ection of the LED. This is an important benet asthe

cornealre ection can be tracked and usedto compensatefor head gear slippage.
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(@) (b)

(©) (d)

(e) (f)

Figure 2.3 Eye tracker: Generation 2 (a&c) Head gear: note the shielded
cable and useof the CS mount & lens. (b) Laptop computer in
small backpack (d) closeupof daisy chained camerahousings(e)
IR-illuminated eye image (f) sceneimage. Note the line noise
inducing a color shift.
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The secondmajor modi cation that we made to the system was to use shielded cables
betweenthe CCD and the processingboards in order to reduce the noise. While the noise
was reducedto somedegree,its presencewas still noticeable and corntinued to depend on the
positioning of the cables. Unfortunately, a secondtype of strong noiseappearedin this system
which was much more problematic although sporadic. For example, when the head gear was
nudged, touched or the userturned their headabruptly, signi cant but transient line noisewas
induced. We suspected that the CCD and processingboards were damagedor that the solder
joints were weak due to the de-solderingand re-soldering. Although we could still maintain
a relatively ergonomic cable con guration, the cablesextending over the ear were much more
noticeable to the userthan in the previous generation. Furthermore, the additional sti ness
of the cablessometimesinduced the head gear to shift when the userturned their head. To
minimize this slippage of the head gear, we employed the use of an elastic head band specially

designedfor glasses.

2.2.3 Generation 3

Having produceda prototype that was capableof infrared eye tracking (albeit with a large
degreeof noisewhich induced frequert tracking errors), we wereencouragedo proceed. Shown
in Figures 2.4 is the third prototype which utilized the samebasic designbut with a number
of important modi cations. First, thin double-shieldedcableswere employed to reduce noise.
These cablesadded a signi cant degreeof sti ness and consequetially the only reasonably
ergonomic con guration of the head gear was for the scenecamerato be mounted on the
left side of the glasses(see Figure 2.4(d)). Second,a Unibrain monochrome Fire-i board-
level camera was used for the eye camerain order to take advantage of its overall greater
sensitivity to infrared light. Third, we extracted the CCDs from the processingboardsusing a
solderlesstechnigue to minimize heat damageand developed an interlocking socket assenbly
(seeFigure 2.4(c)) on which to mount the CCD sensorsto minimize joint stresson the chip.
Together, these modi cations completely eliminated the sensitivity of the camerato spurious

noise during head movemerts or adjustments to the head gear and signi cantly reducedthe
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Figure 2.4 Eye tracker: Generation 3. (a&b) Headgearwith extended
boom arm, new eye cameralens and repositioned scenecam-
era. (c) Exposedview of the eye camerashowing the IC socket
con guration allowing easy exchange of CCD/lens mount and
the more cenrally positioned LED. (d) The housing for both
camera boards using a single connector leading to the scene
and eye cameras. Note that the rewire cablesthat extend to
the computer are not shavn. (e) Eye image. Note the reduced
depth of eld in the eye image due to the zoom lens. (f) Scene
image. Note the radial distortion attributable to the wide eld
of view lens.
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amourt of overall image noise.

Becausewe usedthe I-bot 4.5 mm lensin the secondgeneration prototype, the portion of
the imagethat wasoccupiedby the eye wasquite small. Giventhat the accuracyof eyetracking
is related to the sizeof the eye in the image, we employed a 12mm lensin the third generation
systemto obtain a much closerimage of the eye. While this is clearly bene cial for achieving
high-accuracyeye measuremets, this designdecisioncarried consequencesFirst, the depth of
eld in the imageis smaller and consequetially more attention is necessarjto obtain a correct
focus. Furthermore, the restricted eld of view of the camerarequires proper alignment that
results in a greater sensitivity to head gear slippage. Depending on the particular application,
the choice of a lens between 4 and 12 mm should be made based on the trade-o between
accuracyand exibilit .

A socket assenbly was also constructed for the LED and positioned in a more certral
location in order to maximize the ability to detect the corneal re ection when gazeis non-
certral. A scenecamerawith a wider eld of view was also usedto track a greater range of
eye movemerts. Notably however wide eld of view lensesintro duce radial distortion, which
if not digitally removed, can lead to reduced eye tracking accuracy (seebelow).

In an attempt to improve the modularity of the system, both image processingboards
were housedin a single plastic caseand separatedfrom the head gear using a single multi-pin
connector that routed cablesfrom both cameras. Unfortunately, this design decision was a
seriousmisstep becausewe experiencedsigni cantly more noisethan we had previously. This
was due entirely to the interferencebetweenthe camerasgiven that when only a single camera
was used, the imageswere ertirely noisefree. To eliminate this problem, the image processing

boardswere separatedinto shieldedmetal casesand connectedusing shieldedmetal connectors.

2.2.4 Generation 4

As is shown in the Validation Section (below), the third generation prototype tracked
eye movemeris with an accuracy of approximately 1 degreeof visual angle. Howewver, we

noticed that this level of accuracy was restricted to when the system was tested at the same
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Figure 2.5 Eye tracker. Generation 4. (a) The sceneand eye camerapro-
cessingboards are now housedin separate,aluminum boxesto
reduceinterferencebetweenthe cameras. (b&c) Eye and scene
imageswith signi cantly reducedline noisecomparedto gener-
ation 3.
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distance that it was calibrated. This is due to that fact that the scenecamerais not in the
sameoptical path asthe tracked eye. Thus, depending on the di erence betweenthe calibrated
distanceand the xated distance,the parallax betweenthe eye and the scenecameraintroduces
tracking error. We shaw that the error is tolerable only over a one-foot discrepancybetweenthe
calibrated and xated distancesfor the third generation prototype. In the fourth generation
prototype, the scenecamerawas moved from the left side of the system (6.5 inchesfrom the
tracked eye) to the right side of the system (1.5 inchesfrom the tracked eye). Consequetially,

the tolerance to discrepancieswas greatly improved.

2.3 Parallax analysis

In our open-hardware design, we desired a low-cost approach and thus adopted the the
head-gearcon guration deweloped at RIT (34; 35). This approach minimizes the number of
optical elemerns required, but placesthe scenecameraand tracked eye on di erent optical
paths, and thus introducesparallax error. If this problem is simpli ed to two dimensions,we
can visualize it asin Figure 2.6(a). For example, if the systemis calibrated for a plane at a
given distance d; and the user xates a plane at a further distance d;, the system will not
be able to compensateand the calibration will introduce a parallax error of distance de. This
error depends on the di erence betweenthe calibrated distance and the xated distance, as
well asthe distance d, betweenthe optical axesof the tracked eye and the scenecamera. We
can solve for the relationship betweenthesevariablesand the parallax error in degreesof visual
angle relative to the scenecamera( ¢). Given the con guration in Figure 2.6(a), where the

optical axesof the eye and scenecameraare parallel, we know:

de + do
o

t+ e=tan X

) (2.1)

where ; isthe angleof the xated point relative to the optical axis of the scenecamera,which
is given by

¢ = tan 1(3—:’): (2.2)
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Figure 2.6 Parallax analysis. (a) 2D parallax diagram (b) Parallax error
(c&d)Measured (symbols) and predicted (lines) accuracyfor (c)
Generation 3 and (d) Generation 4 prototypes.
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The parallax error distance de on the xation plane can be determined via similar triangles:

de _ do.
& d - d (2.3)
d
de = d—°(df do): (2.4)
C
(2.5)
The parallax error visual angle ( ¢) in the scenecamerais thus
do(dy dg)+d
e = tan a. (% o) * do tan 1(% : (2.6)
ds ds

The parallax error is plotted in Figure 2.6(b) as a function of the calibration and xation

distancesfor d, = 1:5 inchesto match the fourth generationprototype. It canbe seenthat the
parallax error is zerowhenthe xated and calibrated distancesare equal (on the diagonal) and
then increasesas they diverge. Interestingly, the parallax error rises faster as the calibration
distance exceedghe xation distanceascomparedto visa versa. This indicates that when the
xated and calibration distancesare expectedto divergein a particular application, that the
calibration should not be conductedin the middle of the working areaasis commonprocedure,
but rather it should be closer. If the minimum dpj, and maximum dnax Working distancesare
known, the optimal calibration distanceis then dmin + (dmax  dmin )=3. It is also clear from
this result that the parallax error is inversely related to the calibration distance.

We experimentally veri ed this solution for the third and fourth generation prototypes by
measuring the visual angle error induced by calibrating at ead of three distances (2.5, 4.5
and 6.5 ft) and testing at the three distances (2.5, 4.5 and 6.5 ft) resulting in nine average
error measuremets. We usedthe Starburst eye-tracking algorithm to processthe video and
calculate the point of gaze. The algorithm is described in Chapter 3. Each error measure
averagesover the error recorded at nine points on the calibration/test plane. The average
error for the generation three prototype (do, = 6:5 inches) is shown in Figure 2.6(c) and the
generation four prototype (do = 1:5 inches) is shawn in Figure 2.6(d). The lines represen the
error predicted from the analytic solution. The parallax error is much more signi cant for the
generation three prototype, but remains lessthan 1 degreeof visual angle for di erences of

approximately 1 foot betweenthe calibrated and xated distances. This degreeof error may



27

be tolerable for some applications, such as measuring eye movemens on a computer screen.
The parallax error is much reduced for the generation four prototype, remaining lessthan
1 degreeof visual angle for di erences of approximately 2-3 feet betweenthe calibrated and
xated distances. This indicates that the generationfour con guration is more appropriate for
applications, sudc as mobile eye tracking, where a much larger working areais required. The
analytical solution for parallax error will be usefulin guiding the design of head-mourted eye

trackersin a variety of applications.
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CHAPTER 3. STARBURST ALGORITHM FOR INFRARED EYE
TRA CKING

3.1 Starburst algorithm

Preserted in this section is a robust eye-tracking algorithm that combines feature-based
and model-basedapproatesto achieve a good trade-o between run-time performance and
accuracy for dark-pupil infrared imagery. The goal of the algorithm is to extract the location
of the pupil certer and the cornealre ection soasto relate the vector di erence betweenthese
measuredo coordinatesin the scenemage. The algorithm beginsby locating and removing the
corneal re ection from the image. Then the pupil edgepoints are located using an iterativ e
feature-basedtechnique. An ellipseis t to a subsetof the detected edge points using the
Random Sample Consensug§RANSAC) algorithm (46). The best tting parametersfrom this
feature-basedapproac are then usedto initialize a local model-basedseard for the ellipse

parametersthat maximizesthe t to the imagedata. The algorithm is shaovn in Figure 3.1.

3.1.1 Noise reduction

Due to the useof a low-cost head-mouned eye tracker described in Chapter 2, we needto
begin by reducing the noise preser in the images. There are two types of noise, shot noise
and line noise. We reducethe shot noiseby applying a5 5 Gaussian Iter with a standard
deviation of 2 pixels. The line noiseis spurious and a normalization factor can be applied line
by line to shift the mean intensity of the line to the running average derived from previous

frames. This factor C for ead line | is

C(:)= 13D+ (@ H)Ci LI (3.1)
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Input : Eye image, Sceneimage

Output : Point of gaze

Pro cedure:

Noise reduction

Detect the corneal re ection

Localize the corneal re ection

Remove the cornealre ection

Iterativ e detection of candidate feature points

© 00 N O 0o~ WDN P

Apply RANSAC to nd feature point consensusset

[EEN
o

Determine best- tting ellipse using consensusset

[EEN
[EEN

Model-basedoptimization of ellipse parameters

[EEN
N

Apply calibration to estimate point of gaze

Figure 3.1 Starburst algorithm

where | (i; ) is the averageline intensity of line | in frame i and = 0:2. Fori = 1,
C(i; 1) = 1(i;1). Note that this noise reduction technique is optional when the algorithm is
usedin conmbination with an eye tracker capableof capturing imageswith lessnoise. The e ect

of the noisereduction can be seenin Figure 3.2 (compare a and b).

3.1.2 Corneal reection detection, localization and removal

In infrared spectrum eye tracking using the dark-pupil technigue, the corneal re ection
corresponds to one of the brightest regionsin the eye image. Thus the cornealre ection can
be obtained through thresholding. Howewver, a constart threshold acrossobseners and even
within obsenersis not optimal. Therefore we use an adaptive thresholding technique in eadh
frame to localizethe cornealre ection. Note that becausethe corneaextendsapproximately to
the limbus, we canlimit our seard for the cornealre ection to a squareregion of interest with
a half-width of h = 150pixels (seethe Parameter Analysis sectionregarding parameter values).
To begin, the maximum threshold is usedto producea binary imagein which only valuesabove

this threshold are taken as cornealre ection candidates. It is likely that the largest candidate
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Figure 3.2 (a) The original image. (b) The image with noise reduction.
(c) The image with the corneal re ection removed after noise
reduction.
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region is attributable to the corneal re ection, as any other specular re ections tend to be
quite small and located o the cornea(e.g., near the corner of the image where the eye lids

meet). The ratio between the area of the largest candidate region and the average area of
other regionsis calculated asthe threshold is lowered. At rst, the ratio will increasebecause
the corneal re ection will grow in sizefaster than other areas. Note that the intensity of the

corneal re ection monotonically decreasegowards its edges,explaining this growth. A lower
threshold will, in general, also induce an increasein false candidates. The ratio will begin
to drop asthe false candidates becomemore prominent and the size of the corneal re ection

region becomedarge. We take the threshold that generatesthe highestratio asoptimal. The

location of the corneal re ection is then given by the geometric certer (Xc;Yc) of the largest
region in the image using the adaptively determined threshold.

While the approximate size of the corneal re ection can be derived using the thresholded
region from the localization step, this region doesnot typically include the entire pro le of the
corneal re ection. To determine the full extent of the corneal re ection, we assumethat the
intensity pro le of the cornealre ection follows a symmetric bivariate Gaussiandistribution.
If we nd the radius r where the averagedecline in intensity is maximal and relate it to the
radius with maximal decline for a symmetric bivariate Gaussian(i.e. a radius of one standard
deviation), we can take the full extent of the corneal re ection as 2:5r to capture 98% of the

cornealre ection prole. We nd r through a Nelder-Mead Simplex seard that minimizes

R
P‘I(r+ ' Xe;Yer ) d
I(r ;XeYe )d

(3.2)

where = 1, and I (r;x;y; ) is the pixel intensity at angle on the contour of a circle
de ned by the parametersr, x andy. The seard is initialized with r = P area=pi, wherearea
is the number of pixelsin the thresholdedregion. The seart corvergesrapidly and on average
requiresonly 2.3 percert of the algorithm's runtime.

Radial interpolation is then usedto remove the cornealre ection. First, the certral pixel of
the identied cornealre ection regionis setto the averageof the intensities along the contour

of the region. Then for ead pixel betweenthe certer and the cortour, the pixel intensity
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1 Input : Eyeimagewith cornealre ection removed,
2 Best guessof pupil certer
3 Output : Set of feature points
4 Pro cedure:
5 lterate
6 Stagel:
7 Follow rays extending from the starting point
8 Calculate intensity derivative at ead point
9 If derivative > threshold then
10 Place feature point
11 Halt march along ray
12 Stage2:
13 For eadh feature point detectedin Stagel
14 March along rays returning towards the starting point
15 Calculate intensity derivative at ead point
16 If derivative > threshold then
17 Place feature point
18 Halt march along ray
19 Starting point = geometric certer of feature points
20 Until starting point cornverges

Figure 3.3 Feature-detection algorithm

is determined via linear interpolation. An example of this processcan be seenin Figure 3.2

(compare b and c).

3.1.3 Pupil contour detection

We have developed a novel feature-basedmethod to detect the pupil contour. While other
feature-basedapproadesapply edgedetection to the ertire eye imageor to a region of interest
around the estimated pupil location, these approadiescan be computationally wasteful asthe
pupil contour frequertly occupiesvery little of the image and not all the pupil contour points

are necessarilyneededfor accurate estimation of the pupil cortour. We, instead, detect edges
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Figure 3.4 Pupil feature detection. (a) Pupil contour edgecandidatesare
detected along the length of a seriesof rays extending from a
best guessof the pupil certer. Pupil contour candidates are
marked using crosses. Note that two contour candidates are
incorrect - one ray readhesthe border and doesnot generatea
candidate. (b) For ead pupil contour candidate another set of
a rays are generatedthat create a secondset of pupil contour
candidates(c) pupil contour candidatesnot on the pupil contour
canleadto additional feature points not on the contour however
theseare typically not consistert with any single ellipse.
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Figure 3.5 Pupil feature detection. (a) The original starting point (yellow
circle) shoots rays (blue) to generate candidate pupil points
(green crosses). (b&c) The candidate pupil points shoot rays
badk towards the start point to detect more candidate pupil
points. (d) All the candidate pupil points are shovn. The av-
erageof theselocations is showvn as a red circle. This location
seedsthe next iteration. (e) The results of the seconditera-
tion. (f) The starting locations from all iterations show a rapid
corvergence.
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along a limited number of rays that extend from a certral bestguessof the pupil certer. These
rays can be seenin Figure 3.4a. For robustnessto inaccuracy of the starting point, edges
are also detected along a limited number of rays extending from the initial set of detected
featuresreturning in the direction of the starting point. Thesereturning rays can be seenin
Figure 3.4b&c. This two-stage detection method takes advantage of the elliptical prole of
the pupil contour to preferertially detect featureson the pupil contour. The feature-detection
algorithm is shown in Figure 3.3.

For eat frame, a location is chosenthat represens the best guessof the pupil certer in
the frame. For the rst frame this can be manually determined or taken asthe certer of the
image. For subsequeh frames, the location of the pupil certer from the previous frame is used.
Next, the derivatives along N rays, extending radially away from this starting point, are
independenly evaluated pixel by pixel until athreshold is exceeded.Giventhat we are using
the dark-pupil technique, only positive derivatives(increasingintensity asthe ray extends) are
considered. When this threshold is exceeded,a feature point is de ned at that location and
the processingalong the ray is halted. If the ray extendsto the border of the image, no feature
point is de ned. An example set of candidate feature points is shavn in Figure 3.4a.

For ead of the candidate feature points, the above described feature-detection process
is repeated. Howewer, rays are limited to = 50 degreesaround the ray that originally
generatedthe feature point. The motivation for limiting the return rays in this way is that
if the candidate feature point is indeed on the pupil cortour (as shown in Figure 3.4b), the
returning rays will generateadditional feature points on the opposite side of the pupil suc that
they are all consistent with a singleellipse(i.e., the pupil contour). Howeer, if the candidate is
not on the pupil (e.g., seeFigure 3.4c), this processwill generateadditional candidate feature
points that are not necessarilyconsistert with any single given ellipse. Thus, this procedure
tends to increaseratio of the number of feature points on the pupil contour over the number
of feature points not on the pupil cortour. Giventhat feature points de ned by a large are
more likely to be located on the pupil contour (as this is the strongestimage contour), the

number of returning rays is variable and setto 5 = . Note that the minimum number of rays
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is 5 becauseby de nition a feature point is determinedby >=

The two-stage feature-detection processimproves the robustnessof the method to poor
initial guessedor the starting point. This is a problem when an eye movemert is made as
the eye can rapidly change positions from frame to frame. This is especially true for images
obtained at low frame rates. For example, shown in Figure 3.5ais such a case. While the
initial set of rays only detects two feature points on the pupil contour, the return rays from
thesetwo points detect many more points on the contour (seeFigure 3.5b). The combined set
of feature points is showvn in Figure 3.5d and the number of points on the contour well exceed
thoseo of the contour. However, the feature points are biasedto the side of the pupil contour
nearestthe initialization point. Although another iteration of the ray processwould minimize
this bias, the computational burden grows exponertially with ead iteration and thus would
be an ine cien t strategy.

At this point, an ellipse could be tted to the candidate points, however, the bias would
induce a signi cant error into the t. To eliminate this bias, the above described two-stage
feature-detection processis iterated. For ead iteration after the rst, the averagelocation of
all the candidate feature points from the last iteration is taken as the next starting location.
The red circle in Figure 3.5d shaws the starting point for the seconditeration. The detected
feature locations for the seconditeration are shown in Figure 3.5e. Note the absenceof a strong
bias. Figure 3.5f shows how the certral locations rapidly corvergeto the actual pupil certer.
The iteration is halted when the certer of the detectedfeature points changeslessthan d = 10
pixels. When the initial guessis a good estimate of the pupil certer, for example during eye
xations which occupy the majority of the frames, only one iteration is required. When the
initial estimate is not good, typically only a few iterations are required for convergence. The
histogram of the iteration court is shown in Figure 3.7afor the videosrecordedasdescribed in
Section 3.2. Note that 93% of the iteration counts are lessthan or equalto 5. If convergence
is not readhed within i = 10 iterations, as occurs sometimesduring a blink when no pupil is
visible, the algorithm halts and beginsprocessingthe next frame. The tested videoscontained

over 50;000 frames and only 1:7 percert of the frames are of this kind. On average, the
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feature-detection processrequires 27 percert of the algorithm's runtime.

3.1.4 Ellipse tting

Given a set of candidate feature points, the next step of the algorithm isto nd the best
tting ellipse. While other algorithms commonly use least-squarestting of an ellipse to all
the feature points, grosserrors made in the feature-detection stage can strongly in uence the
accuracy of the results. Consider the detected feature points shown in Figure 3.6a and the
resulting best-t ellipse using the least-squarestechniques shovn in Figure 3.6b. Notice that
a few feature points not on the pupil cortour dramatically reducesthe quality of the t to an
unacceptablelevel.

To addressthis issue,we apply the Random Sample Consensus(RANSAC) paradigm for
model tting (46). To our knowledge,oursis the rst application of RANSAC in the context of
eye tracking, however RANSAC is frequertly applied to other computer-vision problems (e.q.,
see(47)). RANSAC is an e ectiv e technique for model tting in the presenceof a large but
unknown percertage of outliers in a measuremeh sample. An inlier is a samplein the data
attributable to the medanism being modeledwhereasan outlier is a samplegeneratedthrough
error and is attributable to another medcanism not under consideration. In our application,
inliers are all of those detectedfeature points that correspond to the pupil contour and outliers
are feature points that correspond to other contours, such asthat betweenthe eye lid and the
eye. Least-squaresmethods useall available data to t a model becauseit is assumedthat all
of the samplesare inliers and that any error is attributable exclusively to measuremen error.
On the other hand, RANSAC admits the possibility of outliers and only usesa subset of the
data to t the model. In detail, RANSAC is an iterativ e procedure that selectsmany small
but random subsetsof the data, usesead subsetto t a model, and nds the model that has
the most agreemen with the data set asa whole.

In most cases,our two stagefeature-detection processresults in very few outliers (e.g., see
Figure 3.6¢) while in other casesutliers are much more prevalent (e.g., seeFigure 3.6d). The

distribution of outlier percertages for our test videos is shavn in Figure 3.7b. On average,
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Figure 3.6 (a) Example set of feature points with only 2 outliers. (b)
Poorly t ellipse resulting from least-squaresapproac. (c) In-
liers (green) and outliers (red) di erentiated by RANSAC. (d)
An example with more outliers. (e) Best- tting ellipse using
only inliers. (f) Best- tting ellipse using model-basedoptimiza-
tion.
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17 percert of the feature points are outliers. This relatively high amourt of outliers is due to
the fact that we are using a low-cost eye tracker constructed from o -the-shelf parts, which
intro duces signi cant image noise into the videos. Given the presenceof these outliers, it
is important that we use the RANSAC paradigm to nd the ellipse that best ts the pupil
contour.

The following procedureis repeatedR times. First, v e samplesare randomly chosenfrom
the detected feature set given that this is the minimum sample size required to determine all
the parametersof an ellipse. Singular Value Decomposition (SVD) (48) on the conic constraint
matrix generatedwith normalized feature-point coordinates (47) is then usedto nd the pa-
rameters of the ellipse that perfectly ts these v e points. The parametersof the ellipse must
be real, the ellipse cernter must be inside of the image, and the major axis must be lessthan
two times the minor axis. Otherwise, v e more points are randomly chosenand an new ellipse
t, until theseconstraints are met. Then, the number of candidate feature points in the data
set that agreewith this model (i.e. the inliers) are counted. This setis called the consensus
set. After the necessarynumber of iterations, an ellipseis t to the largest consensusset (e.g.,
seeFigure 3.6e).

Inliers are those sample points for which the algebraic distance to the ellipse is lessthan
somethreshold. This threshold is derived from a probabilistic model of the error expected
basedon the nature of our feature detector. It is assumedthat the averageerror variance of
our feature detector is approximately one pixel and that this error is distributed asa Gaussian
with zero mean. Thus to obtain a 95% probability that a sampleis correctly classi ed as an
inlier, the threshold should be derived from a 2 distribution with one degreeof freedom (47).
This results in a threshold distance of 1:96 pixels.

Becauseit is often computationally infeasibleto evaluate all possiblefeature point combi-
nations, the number of random subsetsto try must be determined in a way that assuresthat
at least one of the randomly selectedsubsetscortains only inliers. This can be guaraneed

with probability p= 0:99, if

R = log(1 p)

“log@ W) o
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wherew is the proportion of inliers in the sample. Although w is not known a priori , its lower
bound is given by the size of the largest consensusset found. Thus R can initially be set
very large and then set lower basedon Equation 3.3 as the iteration proceeds. The number
of necessaryiterations can be further reduced eat time that a new largest consensusset is
detected, by iterativ ely re-estimating the model using all the members of the consensusset
until the total number of inliers remains constart. The histogram of RANSAC iterations for
the tested videosis shaowvn in Figure 3.7c. Note that the median number of iterations is only

8 and the RANSAC model tting on averageutilizes 5.5 percen of the algorithm's runtime.

3.1.5 Mo del-based optimization

Although the accuracy of the RANSAC t may be su cien t for many eye tracking appli-
cations, the result of ellipse tting can be improved through a model-basedoptimization that
doesnot rely on feature detection. To nd the parameters,the major and minor axis a and b,
the certer coordinate (x;y) and the orientation  of the best tting ellipse, we minimize

R
RI(a+ b+ 5 sxy; )d
l(a ;b ; ;xvy;)d

(3.4)

using a Nelder-Mead Simplex seart where = 1 and | (a;b; ;x;y; ) is the pixel intensity at
angle on the contour of an ellipse de ned by the parametersa,bx,y and . The seard is
initialized with the best- tting ellipse parametersas determined by RANSAC. An example of
model-basedoptimization canbe seenin Figure 3.6f. The probability distribution of optimiza-
tion iterations is showvn in Figure 3.7d. The mean number of iterations is 74 and, on average,

model-basedoptimization requires 17 percert of the algorithm's runtime.

3.1.6 Calibration

In order to calculate the point of gazein the sceneimage, a mapping must be constructed
between eye-position coordinates and scene-imagecoordinates. Either the pupil certer or
the vector di erence betweenthe pupil certer and the corneal re ection certer can be used.

Howewer, aswill be shown in the Algorithm Validation Section, the vector di erence leadsto
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superior performancebecauseit reducessensitivity to the slippageof the headgear. The map-
ping can be initialized by relating known eye positions to known scenelocations. The typical

procedurein eye-tracking methodology is to measurethis relationship through a calibration

procedure (49). During calibration, the useris required to look at a 3 3 grid of scenepoints

for which the positions in the sceneimage are known. While the useris xating ead scene
point Si = (Xsi;VYsi), the eye position & = (Xei; Yei) iS measured.

The particular mapping usedby di erent eye-tracker manufacturers and di erent researt
group varies widely. Therefore, we examined the optimal mapping for our head-mourted
systemby examining the accuracyof the mappingsderived from the rst nine-point calibration
in our validation study (seeAlgorithm Validation Section). The rst mapping that we examined
was a rst-order linear mapping. For ead correspondencebetweens; and &, two equations

are generatedthat constrain the mapping:

Xsi = axo + ax1Xej + ax2Yei (3.5)
Ysi = a@yo T ay1Xei T Ay2Yei (3.6)

whereay and ay; are undetermined coe cien ts of the linear mapping. This linear formulation

results in six coe cien ts that needto be determined. Given the nine point correspondences
from the calibration and the resulting 18 constraint equations,the coe cien ts can be solved for

in the least-squaressenseusing SVD. Nonlinear mappings were also be consideredusing this

framework including second-orderand third-order polynomial mappings. The second-order
mapping included all six additional higher order terms. Becausea full third-order mapping

would require 20 parameters and the number of unknowns would exceedthe number of con-
straints, crossterms were not consideredto allow for a solution.

Another non-linear method that we consideredwas to use a homographic mapping. We
generatethe mapping H, 3 3 matrix that has eight degreesof freedom, betweenthe scene
point s = (Xs;Ys; 1) and the pupil-CR vector € = (Xe; Ye; 1). To determine the entries of H,
a constraint matrix is generatedusing measuredpoint correspondences.Each correspondence
generatestwo constraints and thus four correspondencesare su cient to solve for H up to

scale (47). Finally the null spaceof the constraint matrix can be determined through SVD
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Calibration Error
Method (degrees)
Linear 0.77

2nd-order polynomial 0.57
3rd-order polynomial 0.64
Homographic 0.58

Table 3.1 The accuracy of di erent calibration methods.

to provide H. SVD producesthe mapping H that minimizes the algebraic error. Once the
mapping is determined, the user's point of gazein the scenefor any frame can be established
ass= He.

The average errors obtained are showvn in Table 3.1. All mappings provide reasonable
accuracy Howewer, the second-ordermapping and homographic mappings result in the best
performance. The lack of cross-termshurts the third-order mapping. However, we expect
that the third-order mapping would result in an accuracy comparable to the second-order
mapping, if su cien t corresppndenceswere available to include the cross-terms. Overall, we
concludethat the choice of mapping makeslittle di erence but that a non-linear model should
be preferred. However, a more comprehensie investigation that examinesthe ability of these

mappingsto extrapolate outside of the nine-point calibration grid would be valuable.

3.2 Algorithm validation

An eye-tracking evaluation was conducted in order to validate the performance of the
algorithm. Video was recorded by cvHAL from the head-mourted eye tracker described in
Chapter 2 while three usersviewed two movie trailers presenied on a laptop computer.

cvHAL is a Linux-basedopen-sourcecomputer vision software padagethat we developed
to provide an automated systemfor discovery, con guration, networking of video cameras. The
software allows a developer to focus on computer vision algorithm developmert by abstracting
away from hardware-speci ¢ cameraissues.cvHAL is an always-on daemonthat processese-
guestsfor video streamsfrom clients on the network. While there exists other similar software,

cvHAL is targeted at the computer-vision community by implementing advanced functional-
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ity sudh as multiple-camera syndronization, color-format transformations and the ability to
provide sener-side pre-processingon video streams. A major advantage of cvHAL is that
with the recert availabilit y of low-cost gigabit networking and high-speedwirelessnetworking,
consumer-gradeo -the-shelf camerascan be easily turned into \smart cameras” by connect-
ing them to any networked computer. cvHAL provides cameraabstraction for the openEyes
systemand can be downloaded from the openEyeswebsite.

Prior to and after the viewing of eadh movie trailer, the user placed their headin a chin
rest and xated a seriesof nine calibration marks on a white board positioned approximately
60 cm away. The evaluation was conductedtwice for ead user. During the secondevaluation,
the narrow eld of eld lens(56° Field of View (FOV)) usedon the scenecamerawas replaced
with a wide eld of view lens (111° FOV, and signi cant radial distortion) to evaluate the
decreasdn eye-tracking quality attributable to the non-linear distortion of the lens. The video
captured during the evaluation, with eye movemen predictions, is available for viewing at
http://hcvl.hci.iastate.edu/op enEyes.

Shown in Table 3.2 are the accuracy estimates derived from the 1st, 2nd and 3rd viewing
of the calibration grid separately Accuracy is measuredasthe distance betweenthe estimated
point of gazeand the actual location of the calibration marks in the sceneimage averaged
over all nine calibration points. Note that the rst viewing of the grid is usedto generatethe
mapping for all predictions. Five sets of results are shavn in Table 3.2, eadh specifying the
error in degreesof visual angle for ead calibration and both typesof lens. The rst set of
result shows the poor accuracy of the dual-threshold algorithm. The dual-threshold algorithm
takesa low threshold to get the pupil certer and a high threshold to get the cornealre ection.
Most commercialeye trackersusethis technigque. This poor performanceof this algorithm with
our noisy low-cost hardware originally motivated the developmen of the Starburst algorithm.
The secondset of results were obtained with the dual-threshold algorithm run on the noise
reducedimagesgeneratedby the algorithm in Section3.1.1. The results are improved but still
signi cantly aected by the residual noise. The third set of results were obtained with the

Starburst algorithm and shaov an average accuracy of one degreeof visual angle, a ten-fold
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improvemert in performance comparedto the simple dual-threshold algorithm. Notably, the
error of the wide FOV camerais slightly higher than that of the narrow FOV cameradue to
presenceof radial distortion. If additional accuracyis desiredwhen using a wide FOV camera,
the distortion can be easily be digitally removed oncethe camerahas beencalibrated.

The fourth set of results is generatedby the Starburst algorithm without the nal model-
based optimization step. Comparing these results to the full algorithm, there is an approx-
imately 3 percert improvemert in accuracy attributable to the model-based optimization.
While the model-basedoptimization takesapproximately 17 percert of the algorithm's total
runtime, our measuresof accuracy only quartify the improvemen attributable to the coor-
dinates of the ellipse certer. Based on visual inspection, the optimization also improves the
other parametersof the ellipse, which may be useful in other applications.

The nal set of results show the performance of the Starburst algorithm when only the
pupil certer is used as a measureof eye position. Performance on the initial calibration is
actually slightly superior than when the vector di erence betweenthe cornealre ection certer
and the pupil certer is used. This e ect canbeattributed to the greatervariabilit y of the vector
di erence. Notably, however, the accuracyis dramatically reducedfor subsequen calibrations.
The error tends to increaseatfter ead calibration and is likely due to slippageof the eye tracker

on the participant's head.

3.3 Parameter analysis

To determine the robustnessof the Starburst algorithm, a number of analyseswere con-
ducted. In the algorithm, the pupil certer of previous frame is used as the best guessfor the
current frame, which can be a poor guessduring eye movemens. The goal of the rst analysis
was to examine the sensitivity of the algorithm to the quality of the initial best guessof the
pupil certer usedto seedthe feature-detection process.This analysisincluded the nine images
from the rst calibration in ead of the six videosin which a useris xating on a calibration
point. The ground truth ellipse parametersin ead eyeimageweredetermined by using a start-

ing point setat approximately the certer of the pupil asdetermined by obsenation. Then, 36



46

Dual-Threshold 1st 2nd 3rd
Narrow FOV 10.858(11.696) 15.370(14.281) 14.884(11.166)
Wide FOV 7.907(9.977)  7.901(9.057) 10.384(10.003)
DT (noise reduced) 1st 2nd 3rd
Narrow FOV 1.838(1.688)  3.062(3.063) 4.221(4.006)
Wide FOV 3.272(1.926)  3.083(1.878)  4.039(3.075)
Starburst 1st 2nd 3rd
Narrow FOV 0.596(0.288)  1.025(0.563)  1.049(0.459)
Wide FOV 0.642(0.326)  1.113(0.471) 1.366(0.894)
RANSAC only 1st 2nd 3rd
Narrow FOV 0.621(0.342) 0.961(0.472) 1.072(0.466)
Wide FOV 0.706(0.390)  1.328(1.193) 1.266(0.373)
Pupil Certer only 1st 2nd 3rd
Narrow FOV 0.349(0.156) 6.520(2.674) 10.264(4.716)
Wide FOV 0.546(0.279)  7.376(3.027) 12.357(5.606)

Table 3.2 The averageerror and standard deviation (in parentheses)are
shown in the table in terms of degreeof visual angle.

starting points equi-distant from the true pupil certer were selectedin 10 degreeangular steps
and usedto initialize the algorithm. Performanceat a range of distanceswas examined and
is shown in Figure 3.8a. Performanceis given as the probability of error, where the result is
classi ed asan error if the distance betweencalculated pupil certer and the ground truth was
greater than 4 pixels, or the major or minor axis radius was di erent than 4 pixels from the
ground truth. Even with such stringent criteria, the averageerror stays under 15 percert for
starting points misplacedby one-half of the imagewidth. With the 30 hertz frame-rate camera
that we use, the distance that the eye movesbetweenframesis typically lessthan 100 pixels
from the pupil certer and thus error rates due to poor starting points should be lessthan 2
percen.

The robustnessof our algorithm to its free parameters was also examined. The rst free
parameter examined was the threshold  cortrolling feature detection. All 6 videos were
processedwith a variety of thresholds. The accuracy of the algorithm in predicting the point

of gazein the scenefor the rst calibration grid was examined and is shown in Figure 3.8b

separatelyfor eat video. With athreshold in the range of 15to 20, the error is approximately
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one degreefor all videos. The degreeto which the algorithm requirestuning of the threshold
dependson the quality of the recordedvideo and the degreeof image cortrast available. Image
quality will vary with illumination intensity and the re ectance of the user'siris, which can
vary from individual to individual. This variabilit y can be seenin the di erent tracesin Figure
3.8b.

The e ect of manipulating the number of rays and the step size(in pixels) along the rays
usedin calculating the derivative was also examined. Figure 3.8c shaws the eye tracking error
asa function of the number of rays usedin the rst stageof the feature-detectionprocess.It can
be seenthat beyond 8 rays, the bene ts in terms of accuracy will be probably be outweighed
by the additional computational cost. Figure 3.8d shaws the eye tracking error as a function
of the step size along the rays. For either small or large step sizes,performanceis poor. For
very small step sizes,it is dicult to exceedthe threshold for feature detection and for large
step sizes,accuracy in localizing the feature is sacri ced. A intermediate step size of 8 pixels

results in the besttrade-o betweenspeedand accuracy of computation.

3.4 Discussion

We deweloped a hybrid algorithm for eye tracking that combines feature-basedand model-
basedapproacdes. Both the cornealre ection and the pupil are located through feature-based
techniques. Then the RANSAC paradigm is applied to maximize the accuracyof ellipse tting
in the presenceof grossfeature-detection errors. Finally, a model-basedapproach is applied
to further re ne the ellipse t. We conducted a validation study which indicates that the
algorithm out performs standard algorithms on video obtained from a low-cost head-mourted
eye tracker. The algorithm is alsorobust to variation in its parameters, but this robustnessis
directly linked to the quality of the video obtained from the eye tracker.

A number of improvemerts could be made to our current implementation. For example,
instead of remaoving the cornealre ection from the image, which can be quite time consuming,
the corneal re ection region could simply be ignored in the other steps of the algorithm.

There is also room for additional improvemen given that our current algorithm essetially
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Figure 3.8 The parametersanalysis. (a) The probability of error over the
distance betweenstarting point and true pupil certer. (b) The
visual error when changing the threshold of pupil feature de-
tection. (c) The visual error when changing the step size of
pupil feature detection. (d) The visual error when changing the
number of rays to detect features.
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processesmagesindependertly (with the exceptionthat the estimate of the pupil certer from
the previous frame is used as the best guessof the pupil certer in the current frame). For
example, we are exploring the improvemert obtainable through prediction of the pupil certer
using a Kalman Iter (50). Howewer, the potential benet of this technique for our hardware
is di cult to estimate given the low frame rates and the high velocity of eye movemens. We
are also exploring automatic calibration. Currently the calibration requires manual input to
indicate the location of calibration points in the sceneimage, which can becometiresome.
We expect automatic detection of calibration crossesn the sceneimage will be possibleusing

image processingtechniques.
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CHAPTER 4. VISIBLE SPECTR UM EYE TRA CKING

4.1 Motiv ation

The researt in the previoustwo chapters utilized an infrared-basedeye-tracking technique.
Howewer, there are somecircumstanceswhere infrared-basedeye tracking doesnot work. For
example, if the user wants to use an infrared-basedeye tracker outside, it is very challenging
for the algorithm to track the eye due to the presenceof signi cant ambient infrared light.
Thus, we have developed an algorithm for visible spectrum eye tracking, which is presened
in this chapter. Another reasonwhy we are interested in visible spectrum eye tracking is that
visible-spectrum imaging is a passiwe approad and thus a visible spectrum eye tracker can be
built with lesse orts than an infrared eye tracker.

The eye is more dicult to track in an image captured using visible spectrum imaging
than infrared spectrum imaging. In the visible spectrum eye image, the eye feature which can
most easily be tracked is the limbus. The limbus is the boundary between the iris and the
sclera. Unfortunately, the limbus is not as well de ned as the pupil boundary is in infrared
spectrum imaging. The limbus is also more likely to be occluded by eyelids and eyelashesdue
to its larger size. Finally, uncortrolled specular re ections can be preser in visible spectrum
imagery.

This chapter presers an algorithm for visible spectrum eye tracking. Section4.2 describes
the eye tracking algorithm. Section 4.3 describestwo kinds of eye tracking systemsto which

this algorithm is applied, a head-mourted mobile eye tracker and a desktop remote eye tracker.
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Input : Eye image (Sceneimage)

Output : Point of gaze

Pro cedure:

Detect candidate limbus feature points

Usedistance lter to remove featurestoo far or too close
Apply RANSAC to nd feature point consensusset
Determine best- tting ellipse using consensusset

0 N o o0k~ WDN P

Apply calibration to estimate point of gaze

Figure 4.1 Algorithm for processingvisible spectrum imagery

4.2 Algorithm

The most notable feature in the eye visible spectrum imagery is the limbus. The geometric
shape of the limbus can be modeledas an ellipse. Thus we adapted the Starburst algorithm in
the previous chapter to track the limbus instead of the pupil. Becausethe Starburst algorithm
hasbeendesignedto be robust to noise, it is ideally suited to handle the uncortrolled specular

re ections from ambient light sourcespresert in visible spectrum imagery.

4.2.1 Lim bus feature detection

The method of limbus feature detection is similar to that of the rst stageof pupil feature
detection of the Starburst algorithm in the previous chapter (seethe algorithm in Figure 3.3).

First, the algorithm usesthe limbus certer of previous frame as the starting point (see
Figure 4.2(a)). The certer in the rst frame is determined manually or by thesholding the
image. The limbus feature points are found by computing the derivativesalong rays extending
radially away from a starting point, until a threshold is exceeded.For ead ray we detect two
features before halting. The detected features are shavn in Figure 4.2(b).

Becausethe limbus is more likely to be occluded by the eyelids and eyelashes,we con ne
the rays to within a certain angle. The range of the angleis a user-dependernt parameter based

on the fact that the opennessof the eye could be di erent from personto another person. In
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Figure 4.2 Algorithm for obtaining limbus. (a) An eye image with the
starting point shown in yellow circle. (b) Overall detected fea-
tures (green). (c¢) Remaining features after distance ltering
(green). (d) Inliers (green) and outliers (red) di erentiated by
RANSAC (e) Best tting ellipse using only inliers.
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Input : Visible spectrum eye image,
Best guessof limbus certer

Output : Set of feature points

Pro cedure:

© 00 N O o1 A WDN P

10
11
12
13
14
15
16
17
18
19
20
21

Limbus feature detection:
Follow rays extending from the starting point
Calculate intensity derivative at ead point
If derivative > threshold then
Place feature point
If found 2 features
Halt march along ray
Else
Continue to extend the ray to nd another feature
Center = Starting point
Distance lter
For eadt feature point detectedin Stage 1
Calculate the distance d; from ead feature to the certer
Calculate the averagedistance d standard deviation of d
Filter the feature whosedistanced; > d+ 1:5 ordi<d 1.5
Center = geometric certer of features
Iterate the distance lItering once

Figure 4.3 Limbus feature detection and distance Iter
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the exampleof Figure 4.2, werestrict the anglerangeto ( 45°;45°) and (135°; 225°). Howeer,
if we could calculate the curvature of the eyelid and then the opennessof the eye is measured,
thus the angle range could be determined automatically. Angle range restriction of limbus
feature detection is one of the di erences from pupil feature detection in the previous chapter.

Another dierence is that we do not use the returning rays to detect more features in
limbus feature detection to limit the false detection of the limbus featuresdue to uncortrolled
specular re ections inside the limbus. In order to detect more features, we shoot 1 ray per

degreefrom the starting point. The number of total rays is depend on the angle range.

4.2.2 Distance lter

Becausetwo features are detected along eadh ray, there are someredundant features. A
distance lter is applied to remove the featuresthat are too closeor too far away. First, the
averagedistance d from ead feature to the starting point and the standard deviation are
calculated. The features whosedistance from the starting point are greaterthan d+ 1.5 or
lessthan d 1.5 areremoved. The processis iterated one more time by replacing the starting
point with the geometric certer of the features. The remaining features after Itering are
shawvn in Figure 4.2(c). The pseudocode for limbus feature detection and distance ltering is

shown in Figure 4.3.

4.2.3 Ellipse tting

An ellipse is tted to the limbus feature points using the Random Sample Consensus
(RANSAC) paradigm (46). The candidate limbus feature points may still contain falsealarms
after Itering, which would strongly in uence the accuracy of the results if a least-squares
tting approad was used, as discussedin the previous chapter.

RANSAC is an e ectiv e model estimation method in the presenceof a large but unknown
percertage of outliers in a measuremen sample. The inliers are the feature points on the edge
of limbus and are shown in greenpoints in Figure 4.2(d). The outliers are the feature points

not on the limbus and are shavn as red points in Figure 4.2(d). The nal ellipse t is shavn
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in Figure 4.2(e).

In order to improve the robustness of the algorithm, we introduce restriction on the
RANSAC tting process. First, the ratio betweenthe minor axis and the major axis is not
allowed to drop below > 0:75. Second,the area of the ellipse should not be too large or too
small. To enforcethis, we calculate the mean and the standard deviation of the ellipse areas
during 9-point calibration and we only acceptellipseswith areasthat are within the range of

1.5 and +1:5 standard deviations of the meanarea. In the processof calculating the number
of inliers, we use a more restrictiv e criterion. In the previous chapter, we used 1:96 pixels
for threshold, which meanswhen the coordinates of a candidate feature is substituted in the
ellipse equation, if the algebraic error is lessthan 1.96, the candidate is consideredan inlier.

We use 0:5 pixel for the threshold in limbus ellipse tting due to the noise.

4.2.4 Calibration

To calculate the point of gazein the sceneimage, a mapping betweenthe limbus certer
and the point of gaze must be determined. The user is required to look at a 9-point grid,
for which the scenelocations are known. We use the second-orderpolynomial mapping for
calibration, becauseit result in the best performance, as described in the previous chapter.
After calibration, the user's point of gazein the scenefor any frame can then be established

using this mapping.

4.3 Visible spectrum eye trac king systems

To test the visible spectrum eye tracking algorithm, we usedit to track eye movemerts in

two di erent systems,a head-mourted mobile eye tracker and a remote eye tracker.

4.3.1 Head-moun ted mobile eye trac ker

We built a head-mourted mobile eye tracker using two Deja View Model 100 cameras($350
US dollars ead1). One camerasened as the eye cameraand the other camerasered as the

scenecamera. This wearable camerais lightweight and can record full-motion video at 30
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Figure 4.4 Mobile eye tracker. (a-d) A mobile eye tracker built from two
analog cameras. (e) Eye image. (f) Sceneimage.
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(a) (b)

(©) (d)

Figure 4.5 Result imagesof mobile eye tracking. The eye imagesare em-
bededin the upper left corner of the sceneimages. The limbus
ellipse is marked in green. The points of gazeof the user are
marked with a greencross.
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frames per secondwith an image resolution of 320 240. We attached thesetwo camerason
a pair of safety glasses.The eye camerapoints at the user's eye and captures eye images(see
Figure 4.4(e)). The scenecamerais located above the user'seye and capturesthe sceneimages
(seeFigure 4.4(f)). The scenecamerawas positioned to minimize parallax with respect to
tracked eye. The cameraboxesare small (5:5 3:75 1:1inches)and canbe clampedto user's
belt. The head-mourted mobile eye tracker is showvn in Figure 4.4(a-d).

The cameracapturesvideo, compressevideo to in an MPEG video format and then stores
it on a 512\ B SecureDigital (SD) card. Up to 1 hour of video can be recorded. After
recording eye-tracking videos, the videos can be transferred to PC and analyzed using our
Matlab software padage basedon the algorithm above. Becausethis head-mourted mobile
eye-tracking system usesvisible-spectrum imaging, it can be usedoutside.

We usedFirewire camerasin the infrared head-mourted eye tracker describedin Chapter 2.
One of the advantages of Firewire camerasis that they automatically syncronize themselwes
when on a camera bus. But Deja View camerasdo not provide sudh syndironization. To
syndironize the videos, we usea ash of light. At the beginning of the recording videos, we
trigger a ash that will be visible by both cameras. Before processingvideos, we syndironize
the eye video and scenevideo by nding the brightenedimages. During the calibration process,
the useris required to look at a3 3 grid of scene,for which the locations in the sceneimage
are known. Then we can establishthe mapping betweenlimbus certer and point of gazein the
sceneimages. We smooth the point of gazeover 5 framesto reducethe noise. The calibration
error after noisereduction in terms of pixels in the sceneimageis 5:28 pixels. The FOV of the
scenecamerais 60° (from the product manual). Thus the calibration error in terms of visual
angle is about 0:99°. Se\eral frames of result video with the marked point of gazeare shown

in Figure 4.5.

4.3.2 Remote eye trac ker

The remote eye tracker usesa normal webcam, Unibrain Fire-i camera (about $95 US

dollars, seeFigure 4.6(a)). The construction of this low-cost desktop eye tracker is easy First,
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(a) (b)

(©) (d)

Figure 4.6 Remote eye tracker. (a) A Unibrain Fire-i webcam. (b) A
Unibrain Fire-i webcam mounted with a zoom-in lens (¢) The
chin rest with the camera mounted. (d) A useris using the
low-cost desktop eye tracker.
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in order to get the zoom-in eye image, we replace the original lens with a 12mm zoom lens
(about $70US dollars, seeFigure 4.6(b)) which required the addition of CSlensmount (about
$10 US dollars). The eye image captured by the camerais shown in Figure 4.2(a). Then the
camerais mounted on the extendedarm of a chin rest (seeFigure 4.6(c)). The systemrequires
the userto placeshis/her headin the chin rest to assureproper alignment of the camera(see
Figure 4.6(d)) and usethe remote eye tracker for desktop applications.

During calibration process,the useris required to look at a3 3 grid of calibration points
shown on the screen. Then the mapping betweenlimbus certer and the point of gazein the
screencoordinate is obtained. We have measuredthe error of the remote eye tracker. The
distance betweenthe user's eye to the monitor is 26 inches. The width of the screenis about
15 inches, corresponding to 1280 pixels. Sothe visual angle of the screenis about 32:2°. The
averageerror of eye tracking in terms of pixels of 36:0. Thus the averageerror in terms of
visual angleis 0:90°. The point of gazeon the calibration grid is shovn in Figure 4.7.

A limitation of the remote eye tracker is that it requiresthe userto hold his/her headvery
still. It is a bit tiring for the userto hold the headstill while using the application. And head
movemert would introduce the error of estimated gazeon the screen. Howewer, if the user's
head s tracked, we can usethe head position and orientation to compensatethe error caused

by head movemert to make the system more usable.
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Figure 4.7 Points of gazewith the calibration grid. The points of gazeare
shownn as blue cross, while the 3 3 calibration grid is shovn
as red cross. The x axis and y axis correspond to the screen
coordinate.
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CHAPTER 5. APPLICA TION AND FUTURE DIRECTIONS

5.1 An eye tracking application - eye typing

Point of gazecan be used as a natural and intuitiv e mode of input given that it is easy
for a userto cortrol their point of gaze(51). Eye typing allows a user to type by looking at
the keysshown in a virtual or projected keyboard (11). For the peoplewith seere disabilities
(e.g. quadriplegic), eye typing is neededbecausethe eye is one of the few options remaining
for communication.

Eye typing systemusually consistsof two componerts, a graphical userinterface of a virtual
keyboard and an eye tracker to measurethe point of gaze. First, the user focuseshis/her eye
on a key in the virtual keyboard. Audio or visual feedba& can help the user better realize
whether akey is beingfocusedon. Then the usercanselectthe xated key by blinking (52). An
intended blink for selectionmust be separatedfrom the unconsciousblinks. Another selection
method is to use xation dwell time. If the user keepsfocusing a key long enough (typically
600 msto 1 s), then the key is selected.

The speed of eye typing rangesfrom seweral words to 34 words per minute (53; 54). The
input method and the keyboard layout can e ect the speed of eye typing. For example,
a hierarchical keyboard layout divides keysinto seweral groups. The user can rst selectthe
group containing the key, and then selectsthe key inside the group. Regular computer keyboard
layout or alphabetic keyboard layout are also usedin somesystems.

We built a simple eye-typing application. The desktop remote eye tracker, which consists
of a low-cost webcam and a chin rest, as described in Chapter 4 was used. The user must
place his/her head on the chin rest to reducehead movemert. The user rst looks at a 9-point

calibration grid point by point to calibrate the systemto obtain the mapping betweenlimbus
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Figure 5.1 Eye typing application.
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certer and screencoordinate. We useda QWERTY keyboard layout and the usercan selectthe
keys by dwelling on the keys about 600-700ms. The user interface of this simple application

is shovn in Figure 5.1.

5.2 Future work

The goal of this researt was the developmert of a low-cost but high-quality eye tracking
systemthat is capable of robust real-time measuresof the user's point of gazefor application
to desktop and mobile applications. We expect that given the combination of open-source
eye-tracking software with low-cost eye-tracking hardware built from o -the-shelf componerts,
motivated interface designerswill be able to explore the potential of eye movemerns for im-
proving interface designand that this will leadto an increasedrole for eye tracking in the next
generation human computer interfaces.

A number of improvemerts could be readily made to improve the current system design
if cost was lessof a concern. First, the ertire system could be made more mobile with the
use of a smaller lighter-weight computer. Computers with su cien t computational power to
perform eye tracking are already available in form factors that would easily t in a shirt or
jacket pocket. Thesecomputerstypically costa factor of three more than a similarly powerful
laptop. Second, high-resolution digital camerasare also readily available in a form factor
comparableto our solution, but cost a factor of ten more than the o -the-shelf camerathat
we utilized. Notably, however, the superior resolution in combination with a wide eld of
view lens could simultaneously improve accuracyand exibilit y giventhat there is a trade-o
between the size of the eye in the image and the quality of eye tracking. Third, a higher
speed camera could be employed. An issuewith all low frame-rate eye-tracking systemsis
that point of gazeestimates during eye movemerts can be poor. This is due to the motion
blur induced by the long CCD integration times assaiated with the low frame rates and low
sensitivity to infrared light of o -the-shelf cameras. Fortunately, eye movemerts are very rapid,
lasting on the order of 10 milliseconds, while xations are much longer, lasting hundreds of

milliseconds. Thus only 5-10% of the captured imagesshaow the eye in motion and for many
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of these frames, the motion blur is small enoughthat an accurate estimate of the point of
gazecan still be obtained. The use of readily available, yet more expensive, camerascapable
of exible integration times, higher sensitivity and higher frame rates would eliminate this
problem. Fourth, further consideration could also be givento selectingthin and exible cable,
devising specializedelectronicsto remaove the noise,or moving to a wirelesssolution. We expect
that theseconsiderationswould help minimize a degreeof head gear slippageand increasethe
overall comfort of wearing the system. Finally, we used 9-point calibration to achieve a good
tradeo betweenthe accuracy and the time for the userto calibration the system. If we use
16-point calibration, the accuracy may be improve a little bit, but it would take longer to
calibration the system. At least 4 calibration points are required to calculate the coe cien ts of
homographicmapping and at least 6 calibration points are required to calculate the coe cien ts
of secondorder polynomial mapping.

While we have madessigni cant progressin designinga robust low-cost mobile eye-tracking
system, there still is much work to do to facilitate the integration of mobile eye tracking
into applications. We expect that this task will not necessarilybe trivial but its dicult y
will necessarilydepend on the particular application. For example, using eye movemerts to
monitor the attentivenessof a user through blink rate and scan path analysis would require
only post processingof the eye movemerts data provided by our system. However, to cortrol
a cursor on a computer screenwould require additional information. Becausethe useris free
to make head movemerts, the relationship betweenthe scenecameraand the computer screen
must be known. One way is to track the user's head with a magnetic or optical tracker. Such
a measuremen would then allow the eye movemerts recordedin the coordinate frame of the
user's head to be transformed to the coordinate frame of the monitor. A more attractiv e
alternativ e that we are currently exploring is to use image processingtechniques to extract
the location of markersin the scenethat have known location and orientation and to infer the
poseand location of the scenecamera. We expect that this approad will becomepart of the
openEyessystemin the future.

Our researd is aimed at developingreliable eye-tracking algorithms that canrun on general-
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purposehardware and that can be widely employed in everyday human computer interfaces.
Giventhat the lack of freely available eye-tracking software hasbeenone obstaclein achieving
this goal, we are making the implementation of our algorithm available in an open-sourcesoft-
ware packageunder the GNU public license(GPL). This software can be downloadedfrom our
website at http://hcvl.hci.iastate.edu/op enEyes. This implemertation is written in Matlab
and operatesat approximately 1.5 frame per second. We have alsoreleaseda C++ implemen-
tation that runs in real-time neededfor human computer interaction applications. Finally we
have made our Matlab implementation of the visible spectrum algorithm in Matlab available
for download. We expect that giventhe combination of open-sourceeye-tracking software with
low-cost eye-tracking systemsbuilt from o -the-shelf componerts (35; 34), interface designers
will be ableto explorethe potential of eye movemerts for improving interfacesand that this will

lead to an increasedrole for eye tracking in the next generation of human computer interfaces.
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