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ARGUS — A Real-time Gaze-tracking
Utilizing System

Abstract

Asmouse and keyboard use becomes more frequent and extensive so the potential risk of users
devel oping symptomssuch ascarpa tunne syndrome becomesincreasingly likely. Therefore, thedevel -
opment of applicationsthat reduce over-usage of these peripheralshasbecomeessentia. Gazetrackingis
one of the commonly used methods; however, most gaze tracking systemsare either intrusive to human
body or require costly equipment. The purposeof thisproject wasto devel op anon-intrusiveand efficient
gazetracking systemwith cost-effective equi pment.

We acquired theuser’ sfacial imagesusing avideo camerathrough the Video4L inux interface. Some
efficient algorithmsweredes gnedto automaticaly locatetheposition of theeyes. Animagedifferentiating
algorithm was used to detect random movementsand create asiIhouette of the user’ sfacefrom theimage
series. A stepper motor bound to the camera was connected to the parallel port, enabling the camerato
rotate according to the user’ sface movement. Then wedesigned aposition and col or distribution heuristic
model to determinethe position of the eyes. We devel oped aback-propagation neural network to process
theimage data. Theinput consisted of the color valuesof the eyesin binary format and the output repre-
sented the geometric partition wherethe user iscurrently gazing. Then wewrotea3D browser to let the
user navigatethrough the scenejust with eyes.

Variousfactorsregarding the network sizes and encoding methodswere examined. Using Winner
Take All and Gaussian Output Representationwith 1100 input units, 100 hidden unitsand 50 output units,
thesystemyielded only 2.1 degree of mean error whilst maintaining 19.5 FPSof grabbing framerate after
1000training iterations. The system possessesthe potentia for widespread applications; asan alternative
to usngamouse, asameansof providing moreredistic entertainment and asan aid for the disabled.

| ntroducti on

Asmouse and keyboard use becomes more frequent and extensive so the potential risk of users
devel oping symptomssuch ascarpa tunnd syndromebecomesincreasingly likely. Therefore, thedevel -
opment of applicationsthat reduce over-usage of these peripheralshasbecomeessentia. Gazetrackingis
oneof thecommonly used methods; however, most gaze tracking systemsare either intrusive to human
body or require costly equipment. The purpose of thisproject wasto devel op anon-intrusiveand efficient
gazetracking systemwith cost-effective equipment.

Equi pment

(2) Intel x86-compatible Processors
(2) Video Camera

(3) Stepper Motor

(4) PCI frame grabber
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(2) Facid ImageAnaysis
1. Color Heuristic Mode
Facial featuresdiffer from personto person soit isdifficult tolocatethefacethisway. Wea so hope
to keep thetracking processefficient whilemaintai ning accuracy. Althoughidentifying with specific char-
acterigticsyieldsquite preciseresults, theconsumption of caculaiontimeisrédatively noticeablesoitisnot
feasibleto apply thismethod to real-time gaze tracking.

Hence, welocate the human face by its color distribution. Every acquired pixel isrepresentablein
RGB values. However, itisnot practical to determinethefacerange directly from RGB values because
thoseva uesmay vary duetoilluminationand different skincolors. Therefore, wee iminatethisproblemby
mapping the 3-dimensiona RGB vauesto 2-dimensiona vauesasfollows:

r=R/(R+ G+ B) (@)
g=G/(R+ G+ B) 2
b=B/(R+ G+ B) 3

Obvioudy, b=1-r-g. Sincebisredundant and can be determined from apair of r and g values, we
only need to consider (r,g) asthe new color value.

After thisnormdization, thenew rgb val uesdo not contai n brightnessinformation and thustheillumi-
nation problem can be resolved.

The upper left picture isthe original image and the upper right picture is the image filtered with
color heuristic model. The Program only extracts areas containing skin color and is not affected by

the illumination and the surrounding objects.




2. Motion Detectionand Tracking

(1) Stepper Motor

In order to deal with movements of the human face and keep theimagein avisiblerange, we set up
astepper motor and bound it to the video camera. The stepper motor was connected to the paralldl port,
enabling the camerato rotate according to the user’ sface movement.

User

er motor
Controlling Circuit

(2) ImageDifferentiating
The user'sface movesfreguently when using the computer. Therefore, we can locate the face posi-
tion by differentiatinga gorithms. Wedefineh(x,y), thedifferentiatedimageof twoimagesf(x,y) andg(x,y),
asfollows:
h(x,y) =g(x,y) —f(x,y)
For every f(x,y) and g(x,y), we have
0 f(x, vy) 255
0 g(x, vy) 255,
Therefore, 55 h(x, vy) 255
Wethendefine

h(x,y) =19(x, y) =f(x,y) |

We collect three consecutiveimagesfromimage seriess: f_ (x,y), f.(x,y) and f . (X, y), thenwe
calculatethedifferentiated imagesd(x, y) of f_.(x,y)-f.(x,y),andd ,(x,y) of f(x,y)-f (X, y). We
convertd and d,, into binary values, that is, m andm .. Finaly, we calculate the result of m(x, y) and
m,,(X,y) with AND logic gateand get thefina binary imagem,,. Thisfinal result canberecognized asthe
contour of themoving object. Thismethod isfast enoughto track theface movement with color heuristic
modd.

3.EyeTracking

(2) PositionHeuristicModel

Human eyesarelocated at acertain portion in the face so we can narrow down the searching space.
After confining an areaconsi sting low-brightness pixel swith high activation, we can spot theeyes.

(2) LockingMechanism
Theuser seldom movesafter settled downinfront of the computer. Therefore, we can narrow down
the searching space after the second frame and reduce the computation time.

s



(3) Neural Network Structure

We implemented a back-propagation neural network to process the input and output data. The
system acquiressomeinput examplesfirst and then startstraining the network to recognizewheretheeyes
aregazing. A few encoding methodswere examined and are explained in detailsasfollows.

1. Direct Representation

Wemultiply thetwo output va ueof theneural network with thewidth and height of thescreendirectly
and cal cul ate the coordinates on the screen respectively. When doing back-propagation training, we use
the same method to convert the training datainto floating values between O and 1:

X=N*§,

Y=N*S§

where X andY aretheactua coordinatesonthescreen, N and N, areoutput valuesof the neurons,
and S, and S representsthewidth and height of the screen measured by the pixel.

2. Binary Output and Gray Code

We al so examined thelearning performance of the neural network when weincreased the number of
theinput and output units. We converted theinput valuesto binary values and Gray code and tested the
performanceunder different input and output units.

3. Geometric Partitioning and Winner Take All Strategy

We separated the screen into afew parts and mapped them to different output units. While the
network wasbeing trained, theactivation va ueof the partitionthat the user isgazing at woul d beincreased.
Weused 0.95for the highest activation value and 0.05 asthe lowest when producing training datafor the
network. For the network output, we only sel ected unit with the highest output val ue asthe actua output

partition.
, Output Units (x
a8 ¥
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Output Units (y)

a \ Gazing Point

Monitor




4. Gaussian Output Representation

In order to increase the accuracy of the geometric partitioning agorithm, we employed Gaussian
variation, asknownasnormal distribution, and expect more accurate output val ues. While processing the
output val ues, wetake the unit which hasthe maximum output value and modify the coordinate by multi-
plying theval ue of the Gaussian function at selected interva sby theval ue of the network’soutpui.

The Gaussian functionisshown asfollow:

l _(X_#)1

e 20 2
\ 2no

The unit with the most significant activation valuewas aligned to the center of the bell curve. The
other output valuesare multiplied with their respective Gaussian val ues.

N(x) =

GivenaW*H sizeof screen, and wedividethe screeninto P * P, partitions. L et the network output
fortheX-axisbe [A1A;... A, ] andSbetheindex of the most significant activation unit. The
X coordinateisthen ca culated with thefollowing formula:

1., W W
nggN(u—S)Aqu—sz

TheY coordinate can also be calculated by substituting W withH and using Y valueswith the same
formula
Because the Gaussian function is symmetric, the cal cul ation above can be made fast by lookup
tablesand reduce the computation timeof thisagorithm,

|
e

Thefigureaboveisan ordinary Gaussiandis-
tribution with astandard deviation of 0.8. Thedis-
tribution can yield good resultswhen applied to the
input and output of the neura network.

Slandard devialion =08

(4) Applicationsof the Gaze-tracking System

1. Eye-driven Mouse Cursor
We can apply this gaze-tracking system to mouse cursor controlling since the operation isquite
intuitive to normal users. However, how to trigger mouse clickswill be another interesting subject for
further researching. After the user has gazed at an object on the screen for acertain period of time, the
system canthenemulatetheclicking messageinternaly.

2.Virtua Redlity

In additionto operationsin 2-dimensiona planessuch asthe mouse cursor, our systemisalso appli-
cable to 3-dimensional spaces. We developed a 3-D browser for the user to navigate in the scene by
eyesight. When the user isgazing at abuilding, the system movesthe current viewpoint to that building.
Besides, the system can a so determinethe currently focused position and blur theareathat isout of focus
at thesametime. Navigating through 3-D scenesisnolonger only accessiblewithmiceandjoysticksand
ismuchmoreredigtic.




Theleft pictureistheimagegenerated whiletheuser isgazing at thebuilding. Tosimulatetheactua vision,
thefountainisblurred. Thebuildingintheright pictureisblurred becausetheuser isgazing at thefountain.

Resul ts

Various experimentswere done and the performances of different methodswere examined. Dueto
lacking of output units, the network would not convergeif direct representation was used; the accuracy
wasnot satisfactory after 800 trainingiterations. (Asshown below) TheM SB and L SB problemin binary

codeand Gray code could result in unpredi ctable output and influence the whol e outcome.
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Separating the screen into afew partitions, geometric partitioning could balance theimportance of
each unit and resolvethe M SB and L SB problem caused by the use of binary codeand Gray code. The
number of hidden units of the neural network was one of the most significant factorsthat affected the
training performancein our research. (Asshown below)
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Gaussian output representation hasincreased the accuracy of geometric partitioning and overcome
the partition limitationwhilerepresenting output va ues. (Asshown below)

200 .

e
i g 10 The table below summarizesthe overal
EE performanceof each algorithm.

o

10 ap 0 »
Output Units 50

Method Applied Framesper second Mean errors(deg.)
Direct Representation 20.8 21.1
Binary Code 20.6 25.3
Gray Code 20.6 28.2
Winner TakeAll 20.7 5.5
Gaussian Output Representation 195 2.1
Bi-CameraCalculation 24.1 19

(Tested under the Video4L inux interface. Theimage dimension is640x480 pixelsand 16-bit colors)

Di scussions and Applications

(1) Faceand Gaze Tracking
Toattain high accuracy, ahugeamount of computationsarerequired using traditiona methods. Thus,

they arenot suitablefor applicationintracking. However, by using color distribution heuristic model, the
face can be located rapidly and accurately. When the background noise becomes a concern, position
heuristic model can beintroduced to maintain the accuracy inlocating theface.

(2) The Advantages of the Stepper Motor

The stepper motor ensuresthefaceto be alwayskept in the middle of the grabbed image. Thiscan
not only benefit thetracking of theimagesbut a so the movements of the human body and face. However,
it takesmoretimeto train the neural network when the stepper motor isused.

(3) Direct Representation

In Direct Representation, dueto the Sigmoid Function’sdisability in quickly converging theoutput to
an accurate val ue in Back-Propagation Network, it isunable to generate acceptabl e resultsin the 800-
iteration training process using 2 output neurons. Besides, the network capacity would beunabletoyield
satisfactory resultsby representing an element in aset of 10° elements.

(4) Binary & Gray Code Representation

Sincethe sigmoid function can never attain zero or one, it isnecessary to convert 0to 0.05and 1 to
0.95 to speed up the convergence when we use Binary or Gray Codefor output representation. However,
theM SB (Most Significant Bit) and the L SB (L east Significant Bit) will not balance, resultinginabiased
weighingintheneuron output, whichisthemainreasonfor theerror. Unfortunately, the problem cannot be
solved using either Gray Code or other codeswith similar characteristics.
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(Table: Binary Code and Gray Code)

Deci mal Bi nary G ay Deci mal Bi nary Gr ay
Val ue Code Code Val ue Code Code
0 0000 0000 8 1000 1100

1 0001 0001 9 1001 1101

2 0010 0011 10 1010 1111

3 0011 0010 11 1011 1110

4 0100 0110 12 1100 1010

5 0101 0111 13 1101 1011

6 0110 0101 14 1110 1001

7 0111 0100 15 1111 1000

Asshown above, the output will be greetly atered when the value of the leftmost neuron changes
fromOto 1. Thisimpliesthat evenlittleerror intheleftmost neuronisunbearable because thewhol e output
would beserioudy affected.

(5) Geometric Partitioning & Winner Take All Strategy

Using Geometric Partitioning, the screenisdivided into severa partitions, each represented by an
output neuron. Thisequalizesthewei ght of every neural output, Agreetly reducing theerror dueto unequal
weighing and conquering what Binary Code and Gray Code are deficient inthis. On the other hand, the
implementation of “Winner TakeAll Strategy” guaranteesthe one-to-onere ationship between each out-
put and partition on the screen, in every training and output demondtration. All thisshowsthat itisdistin-
guished coding method.

(6) Gaussian Output Representation

Gaussian Output Representati onisan advancement targeted at Geometric Partitioning. As Geomet-
ric Partitioning is only accurate to the quotient of screen width and the number of partitions, by using
Gaussian Output Representation, the network output can transcend the partition limitation withtheaid of
Normal Distribution Formula, to calculate amore accurate value. The research revealsthat acting in
concert with Geometric Partitioning, thisisthebest coding and representation method for neurd networks.

(7) Applicationsof the Gaze-tracking System

Inthisresearch project, the eye-focustracing system has quite satisfactory applications.
1. Eye-driven Mouse Cursor

Thegreatest problem encountered inimplementing the eye-driven mouse cursor ishow to determine
whether to emulatethe clicking action. Inthislight, we plan to design an adaptabl e program to determine
actionsaccording to users’ habits. Asanon-intrusive device, our system cannot attain the accuracy of
head-wearing devices, but is still capable of general mouse operations. When the cameras are of better
resolution or when the determination program is advanced, the computer will be able to have better
accuracy, enabling the eyesto control more ddlicate dements.




2.Virtua Redlity

Theapplication of thisproject invirtua reality has good prospectusin car-driving automation and
entertainment enterprise. Controlling through the eyes, the system becomes more user-friendly and conve-
nient to use. Incorporating 3D spectaclesor even hol ographic technologies, real eye-focus detection can
beachieved, transforming the2D operating environment into areal 3D visualization, breaking theapplica
tionboundaries.

3. TheFuture

At present, therearetill lotsof theoriesthat can beimplemented toimprovethissystem, for instance,
Fuzzy Logicand Bayesian Approach. By applying suchtheories, thedisadvantagesinindeterminateva ue
anticipation and tolerance using the current approach will be greatly improved. In addition, there are
possibilitiesfor further optimizationfor thestructureand parametersof the neural networks.

We are now planning to make advancements based on the current researching method and to patch
the defects, to cater for everyone' sneed, i.e. to enhance the adaptability of the system to different facia
characteristics, appearancesand environments. Wewill also continueto find out how toincreasetracking
accuracy using both current and better equipment. Last but not |east, we hope this system would have a
wider gpplication.

Concl usi on

Our studies has proved that gaze-tracking is achievable using anormal video cameraand neura
network by implementing the system and has al so successfully appliedit to eye-driven cursor and virtual
redlity applications.

We have found the alternative of encoding decimal values with binary values and reduced the
errorsof thisrepresentation method, and also found out that Gauss an output representationisthe optimal
encoding/decoding method according to theresultswe have sofar.

Webdievethat our system can beimproved with better video equipment and theories, and we can
discover itsvast application domain.
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