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Vision is a hard problem. keems dege
tively easy only because humans
come with extraordinarily good bu
conscious vision logic built in. Qo
puters are not so lucky.






Abstract

In the modern age of informatiohgte is agrowing interest in improving interaction
between humans and compute@nonremittingattempt to render it as seamless as the
interaction between humams the core of this endeavarethe study of the human

face and théocus of attention, determthéy theeye gaze. The main objective ef th
current thesiss to developaccurate and reliable methods dritractingfacial infor-

mation, localizing the positions of the eye ceatetperforming tracking of the eye

gaze Usually such systems are gradingh®n various assumptions regarding thd-topo

ogy of thefeatures anthe camera parameters or require dedibatedvareln the re-

gard of ubiquitous computingll the methods developadthe scope of the current
thesisuse images anddeis acquired using standzatherasinder natural illumination

without the requirement adiny special setup and without imposing constraints to the
user.The methods developed for the facial feature extraction involve the detection of the
lips, the eyebws and the eyelids. The accurate localization of the eye centers is also
extensively studied, comprising the cornerstone on which the study of eye gaze is based.
Based on the methods of the previous chapters a system for estimating gaze direction is
devebped, studying also the different parameters that affect its performance aad propo
ing the optimal setup. Finally, teze tracking system proposed is implemented-in var
ous practical applications, demonstrating its capabilities and appropriatera¢sisefor re
applicationsAll the individual methods proposed have been extensively evaluated in
challenging databases and comparéieto couterparts foundn the literature The

results presented in this thasdicate theperformancesuperiority of theroposed
methods and encourage further research on the field.
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Chapter 1

Introduction

1.1 Introduction to Human-Computer Interaction

Thetremendous progres§computer systems over the last decatsheir infiltration

in almost every aspect of the contemporargdganevitably induced a growing interest

in improving interaction between humans and computers. This emergindHfietdof
Computer Inteaction (HCl)aims to make interaction with computers easier, mere eff
cient more intuitive and seamless. Exéeoh the traditional input devices such §s ke
boards and mouses, different kinds of touch sensitive surfaces, pointingsdasarss

and microphonesffer new modalities for interaction such as speech recognition, input
by gestures or tangible sensadmather input modality which is lately gaining nmeme
tum is eye gaze. Gaze input has been solely used so far for accessibility systems, only
recently starting to serve as an interaction methioth can be combinedth other

input modalities. Eye gaoéfers a convenient and natural means of interaction without
the requirement of physical contact.

Except from the different input modalities, there has recently been an increasing ince
tive from researchers who study the physical and mental world of carsgisen

study the properties of interaction. This aims at developing interfaces that will allow user
to interact in a similar manner that human interact with each other. A fundamental shift
from the traditional inprdutputarchitecture is currently atged; the traditional an
chinecentered interaction is shifted towards hureatered interaction. The ultimate

goal is for computers to adapt to people rather than the oppbsiteewest computer
environments envi sage admgstthrongh custamizabls er 0 s
interface agents and intelligent interfaces that will recognize and respond appropriately to
affective and cognitive phenomena. It has been shown that the more the behavior of an
interface agent resembles the behavior of thehesempre spontaneous and unstrained

the user appeais. the center of this attempt, drawing form huimamaninteraction,

is thestudyof the human face anithe eye gazé&his study is located at the intersection

of differentdisciplinesuch asomputervision, artificial intelligence, HCI, psychology
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and cognitive sciences. While researchers in computer vision aatiraglfigence

are working on developing more sophistictgtithmgo recognize, extract and mte

pret facial informatioriCI and cognitive scientists are investigating the processes and
techniques in order to develop interfaces that will exploit the richness of information
conveyed in the human face and gaze.

The firstpillar for advancing HCI to a higher level of sophistication is the study of the
human face. This involves the extraction and recognition of facial featuresilivhich
enable the understanding and interpretation of facial information. Expressions of the
face ar@ne of the most immediate and powerful means for humas tees@nmui

cate their emotions and intereBtecept from the affective statacial expressions can

be considered as a modality which offédmation about the cognitive state of the

user ach as boredom, stress or other conversational .sigoatments of the mouth

or the eyebrows during interaction can reveal the understanding level, agregment or i
credulity. Another category of conversational signals are syntactic displays which are used
to stress words or clauses; for example raising or lowering the eyebrows can be used to
give emphasis or demonstrate ignorance of somgthiAgtomated systems that will

be able to make facial expression measurements and interpret them into meaningful i
teractions will have an enormous impadtreating affective interfaces that are aware of

ther user sd affective and cognitive state.

The richness of information from the human face is by no means exhatstéakial
expressions; information from the lips and the eyes can also contribute as compleme
tary input modalities to the muttodal humaiwomputer interface. The most prominent
casas lip reading which can drastically improve speech recognition rates. The integration
of visual with audio information is extremely useful in adverse acoustic environments,
assisting in disambiguating amongisimally confusable speech elements. Thd-usefu
ness of lip movements stems from the complementary ofitaeeacoustic signalnre

dering automatic speech recognition (ASR) more robust and unsusceptible tg-audio de
radation. The combination of lip moversewith the audio information mimics the
natural interaction between humans contributing towards a multimodal iotferface
seamless communication

The second pillar for advaadiCl interfaces is the study of the eye gdmeeye gaze,

defined ashe direction where a person is lookivag the potential to become in the

near futurean extremely usefahd convenient input modality. The eyes move anyway
during the interaction with computeecghegoalistoo economi ze 6 orn i nter a
ticular hanébased interactiongacilitatethemand also grasp informatitnom the eye
movements Moreover gaze tracking interfaces have the potential of speeding up
interactions as the movements of the eyes are quicker than traditional mearts of intera
tion. Although existing systems using gaze input are much slower than the traditional
keyboard input their fast evolution and the use in combination with other input provide
great possibilitie$racking of the eye gaze also provides useful informatmontert

aware systems. In the simplest form gaze direction reveals where the attention of the user
is or the activity of the user (e.g. readimgyjdingcontextawareness.
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Except from the use as an input modality, the investigation of eye ganebeaa gis

nificant source of information for understanding various aspects of the userrsuch as i
terest andntention.From very early in their lifmfants learn to perceive face espre
sionsand gaze directiaf their caregivefg] in order to filer out significant scenes or
events in their surroundings/e movements can provide useful cues about thesproces

es by which the people understand visual input and integrate it with memory and
knowledge. More sophisticated analysis could revpalsial (e.g. fatigue) and @m

tional condition of the user. For this reasontrey&ing is exploited for adult or child
psychology studies, driver awareness monitoring to improve traffic safety etc.

Giventherecent progress multrmodaluser interfacecomposed of gaze, speecks; ge

ture, context and affect, it seems feasible to design interaction environments which do
not impose themselves as computer environments but rather have a much more natural
felling associated with them.

1.2 Motivation

"What if eyeatkers could be downloaded and used i
mediately with standard cameras connected to a compute
without the need for an expert to setup the system?"

- D.W. Hansen et §3]

The above mentioned phrase is the epitome einmasive and accessible tagalte

tracking. Gazet r acking o0in the wil,dwnthasmostaohi ghl y s
puter devices such as mobile phones or laptops come with tanterasihe devé-

opment of a ubiquitougazetracking system using a standard camera without any other
dedicated equipment could makeetracking accessible to the wide public, offering

new possibilities and ameliorating the existing interaction with confjhatelstection

of facial features using only a standard camera also comprises an area of great interest
and a lot of research has been done in this direction over the last years. A typical example

is the increasing number of mobile phone applicationsamateinerged and exploit

facial features to add &paphics and visual effects to the face.

1 Eye tackng is the process of measuring either the point of gaze (where one is looking) or the
motion of an eye relative to the hggdEye Tracking Available:
https://en.wikipedia.org/wiki/Eye_trackingn the current work when referring to the taye

detection eye localizatiendenote the detection of the position of the eye centers relative to the
headwhile eye tracking is the tracking of the detected eye centers throughout an image sequence.
The termgaze trackihgnotes the estimation of the point of gaze or gaze directieye Aacker

is the deviceof measuring the point of gaae eye trackgrerforms gaze tracking and not eye
tracking. The termgyaze trackigaze monitoanggaze estimationused interchangeahlyhe
presentiocument
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Despite the great progress in facial feature detectiarazetchcking using standard
webcams, a lot of work remains to be done. Avoiding the use of dedicatad:hand

special setups (e.g. IR light emitters for eye tracking and markers on the face for facial
feature detection), makes the problem much more difficult and requires robust methods
capable of handling changes in image quality, face movementsraratiole$o Both

facial feature detection agdze tracking are highly susceptible to movements of the
face, which comprises one of the major challenges of the field.

The ultimate objective is to build fast, accurate and reliable methods for facgl feature
detection and gaze tracking without any special setup and without imposing constraints
to the user. With the vision of ubiquitous computing, all the methods developed in the
scope of the current work use images and videos acquired using standardedigital
camcorders under natural illumination.

1.3 Structure of the thesis

In order to achieve gaze direc@stimatiorwhich constitutes the main objective of the
thesis, the problem must be divided thifollowingsubcomponents; face detection,
extraction of facial features, localization and tracking of eye centers and tracking of gaze.
Based on thessubcomponentsthe thesis is structured iouf correspondingparts,

where each part requires the knowledge frempreceding parts:

In Chapter 2he procedure for extractifarid features in frontal and ndesntal faces

is described. The initial step of face detection on which all preceding procedures depend
on isfirst presented. A review of the basitegories of approaches and the mostiprom

nent works in each category asedeed. Among the available face detection techniques
examinegdthe ViolaJonesnethod was selected due to its high performance, prevalence
and availability on almost all majargpamming platforms. The detection of facal fe

tures on the detected faces is divided inbtewad categoriesnamelylocal featubased
methods ananoddiasethethods. In the former category each facial point is explicitly
extracted without drawingfermation from the holistiappearance of the fatkeir

relative positions and form. The facial features which were detected using this technique
are the lips, the eyebrows and the eyelids. The detection of the centers of the eyes and
the irises is extsively analyzed in tf@lowingchaptes. Regarding the detection of the

lips, after the most typical techniques are revised, an approach using color information is
described for segmenting the lip areas. Four keypoints representing the extreme points of
the lips are computed and the performance of the proposed technique is evaluated on
two databases. The apprastteveloped for the detection of the eyebawdsthe d-

tection of the eyelids asebsequentlgetailed and some qualitative results arenjgdse

In the latter category of modiElsed methods the ensemble of the facial points and their
relative positions are considered. The most pronouncedbaséeéltechniques aee r

viewed and th€onstrained Local Models (CLM) method which was used inofnany

our experiments is meticulously described. Finally for the specific method results are
drawn
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In Chapter 3he proposed approach for eye center localization and tracking is described
analytically. At first the previous works in the area of eye liocalizaig a singleroa

era under natural illumination are revised. The proposed method uses color information
to build eye maps which highlight the iris region and radial symmetry to accurately pi
point the eye centers. The steps for building graagysare explained and the fastirad

al symmetry transform which comprises one of the core algorithms of our approach is
detailed. The performance of the method proposed is evaluated in several plblicly avai
able databases and is compared withastdte-art agjorithms for eye localizationbSu
sequently, the resilience of the method with respect to pose and illumination variations is
evaluated and the sensitivity analysis of the m@thoalweters is performed. Given the
position of the detected eye centers three different methods developed for estimating the
contour of the irises are evaluated and compared. Finally the incorpoegtoceoter

tracking in order to exploit the tempardormation is examined. The Kalman filter
tracking is described and the parameters tuned in the frames of the specific application
are given. The efficiency of tracking is assessed publicly available databases and in the last
paragraph conclusions araveh.

In Chapter 4he problem of unobtrusive gaze monitoring is addressed. At firsttthe exis

ing commercially available technologies are briefly presented and the préoedgsites
optimalgaze tracking system are defined. A literature reviewealatad works using a

single camera under natural illuminatiesabsequently presented. In the followimg pa
agraphs information pertaining to the field of view and the assumptions used in our
model are given. The proposed system architecture separéee froportions that

are detected and tracked in two categories; moving points and anchor points- The mo
ing points are the eye centers and the upper eyelids, the detection of which is described
in previous chapters. The anchor points concern arlpt@atg on the face that are

stable and used as reference points. The technique for defining them and tracking them
throughout the frame sequence is described. Subsequently, the features extracted from
the movinganchor points pairs and their mapping sat@en coordinates is presented.

The experimental setup and the procedures usinadefined The proposed system

is evaluated on 12 test subjemsswell asn several publicly available gaze databases.
The performance results of our system on the dmtabases are atempared against

other approachesheinfluence of different calibration configurations and diffeeent d

grees of head movements are studiedvell as the effectiveness of the eyelid features.
The sensitivity rsodanalyzee withrespert todtee waightm@ahtbet e
features, the effect of feature normalization and the performance of different regression
models used for mapping the features into screen coordinates. In the final sections se
eral important aspects afiscussed and the performance of other approaches in the
same context using different restrictions and conditions is shown.

In Chapter She applications developed that exploit gaze tracking tecseiege-
scribed. All applications rely on a singimotely located camera under unconstrained
lighting conditins. The first application is gazewdsourcingt involves the estimation

of gaze direction of a user in a crowdsourcing context, using omgrdalvebcam.
Previous works in the fieldeasummarized and tipeoposedrameworkis described.
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The framework is divided in the server side where the video is recorded and analyzed
and in the user side which captures the positions on the screen on which thekiser is clic

ing. The crowdsourcing caangn is described with respect to the task that the users
have to perform and the screening of the
determinethe suitability for monitoring the gaZée performance of the developed
application is evaluated imnte of gaze accuracy and conclusions are derivedc-The se

ond application of gaze tracking is its correlation with preceding vehicle detection for
collision avoidance. Having described the gaze tracking in the previous chapters, the
method developed for iele detection and tracking is detailed. After reviewing ithe lite

ature techniques reporting of preceding vehicle detection, the proposed method which
relies on the detection of the vehicleds r
the rear ligts involves the segmentation of red ohjentsphological processing of

these objects and symmetry check. The experimental evaluation of the method measures
the detection performance and comparison with other counterparts for vehicle detection.

In the nex chapter, temporal information is exploited in order to perform vehikle trac

ing and increase the robustness and consistency of the algorithm in a frame sequence.
The improvement gained using tracking of the detected vehicles is evaluateat in test d
tasetsThe third application involves typing in mobile deugieg gazerhemotivation

of the specifienobileapplication is introdudend therelated works of gaze tracking in

mobile devices are revised. Except from the gaze tracking implementatiovag/hich

based on the procedure described in Chapter 4 the implementation of the typing inte
face and the dictionary wused is detail ed.
keys for typing and the dictionary presents important assets which rendbleitfcu

the specific application. The particularities of the implementation of gaze tracking in a
mobile device are subsequently presented. Finally, the system is qualitatively evaluated
ard concluding remarks are made.

Finally, Chapter 6 draws condnsj summarizes the contribution of the thesis and pr
vides future research directions which may rely on the grounds of thevoukrent



Chapter 2

Extraction of Facial Features

2.1 Introduction

Accurate facial feature detecf@iso known afce landmarking an important opa¥r

tion that makes face analysis feasible, revealing information about the endtional
cognitivestate, the focus of attention and other characteristics of a person. It atso const
tutes the basis for many other tasks such as face recognition, facemedpsteatin

mation, visual speech recognition and many more. Facial features detection and tracking
is a popular research topic that has been pursued for over two decades, bhat it was
until recently that various approach have reached the level sficajgm needed in

order to be robust andatprocessors are fast enough, making the building of comme
cial applications possible. Despite the plethora of works, the problem of facial feature
detection remains active, requiring increasingly robushalgan order to confront a
number of confounding factors such asafytlane rotations, occlusions and different
facial expressions.

The term of facial featur@s face landmarksefers to facial points such as eye corners,

tip of nose, end points oye&brows and mouth corners, rather than entire faciabeomp
nents (mouth, nose, eyebrows, chin etc). The facial features can be conveniently divided
into primary and secondary, although their distinction is not always well defined. This
distinction is basedn their detection reliability and their importance in face analysis.
Primary landmarks include the corners of the eyes, the corners of the mouth, the nose tip
and the ends of the eyebrows while secondary landmarks comprise among others the
nostrils, thelin contours and mid points on mouth, eyebawieyes.

The categorization of facial detection techniques is based on the type of the information
used and the methodology used. We roughly divide these techniques in two categories,
local featdn@sedrd modddaserchniqued.ocal featdraseshethods aim to find specific
landmarks without considering holistic information and using only the information
aroundeachlandmarkModebasethethods, also known as shbpsed methods, o

sider the whole ¢@ image and the ensemble of face landmarks which form a specific
face shape. The face shape and appearance is learned from annotated training images.
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The techniques in the two categories are not mutually exclusive and they am-often co
bined to take advtage of the characteristics of biiybrid approaches)

2.2 Face detection

One of the fundamental techniques tablenatural humamachine interaction is

face detection. It comprises the cornerstone to all facial analysis algorithms, fiace recogn
tion and authentication, emotion analysis, gender and age recogniticagkjagend

many more. Similao many computer vision problems, face detection is a visual task
that humans can do effortlessly while for computers it comprises a highly sophisticated
task and one of the most studied fields in the past few decades. The problem of face
detection can be defined as the detection aaliz&imn of an unknown numbefr

faces, given a siithage or video framé&he solution to the face detection problem i

volves segmentation, extraction and verification of faces (and possibly of facial features)
in an uncontrolled environment under different poses and illumination conditions.

It is very interesting to seenwvhdinffaceede
world applications and products. For instance, most digital cameras nowadays have built

in face detectors which help the camera to perforricaut® and autexposure. Dig

tal managemesbftwareand social networks have face detectorsler & help users

tag and organize photo collections.

The past decade significant progress has been made in the field of face detection. Th
seminal work of Viola antbnes in 200[b] comprises a landmark for face detection,
making it feasible for real world applications, paving the way for its integration in co
mercial consumer electronic products and services. Althoodiedsof approaches

have been reported ever siffije reporting comparable or in many cases even better
results, the VdlaJones face detector remains among theoétidteart techniques for

frontal face detection.

2.2.1 Related Work

Face detection techniques recaipeiorknowledge of the face characteristics and can be
broadly organized into two categories distingutshdékde waythe face knowledge is

utilized featudeasednd appearati@sefl’]. The approaches in the first category make
explicit use of the face characteristics and low level feateiréerived prior to
knowledgéased analysis. In this category of techniques the face detectiorctask is a
complished by manipulating distances, angles and area measurements of the visual fe
tures derived from the images. The prominent properties oblskiared face geometry

are most commonly exploited, while in many cases facial features (such as eyes, mouth
etc) are extracted prior to detecting the whole face and are used to indicate the presence
of a face. The second categorgpyfearaszsenhethals takes advantage of the current
advances in the field of pattern recognition anexh@nential growth in computeppr
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cessor speeds, treating the face detection problem as a general pattern recbgnition pro
lem.Appearanibasechethods incorporate fakeowledgemplicitlyby using the inteils

ty distribution or filter responses of the face area to train a system without featre deriv
tion and analysis.

Featudeasednethods can be furthelivided in three sulzategories. The first sub
category of techniqueghich also precede other approaamaploydow level features.

The segmentation of these features uses grayscale or color pixelspriotetoy

works such ai8] uses edge information in order to trace the face outlineb&skye
techniques have also been used with the aim to extract facial [BatDodsr infa-

mation has been exten$mesed for the task of face detection, usually after transfo
mation to different color spaces. Since the main variation in the skin appearance is due to
luminance change®rmalized color spadds)] or chrominancenly informabn from

color spaced ]] is mostoftenused. Many different color spacesbaen used for the

face detection task, including normalized RGB, HSV, YCbCr, YUMyZIE*a*b*

and many morf’]. Upon availability of an image sequence, motion setjomecéa be

used[1(d. Symmetry information which is a prominent characteristic in frontal and near
frontal face images hascabeen exploited2 13. The second stdategory involves

higher level features which ainadolresshe ambiguity of low level featufes. in face
detection using color segmentation background objects of similar color distribution may
also be detected). These approaches are mostly based on face geometry or on the relative
positions of the individual facial features. The pair ofsajxdesmost common feature
searched for throughout the ritieire[14. Other features incladhe nose, mouth and
eyebrow$15, the outline of the head and the bdd. Thethird subcategory employs

active shape models which represent the physical appearance of the features. Once in
tiized within a close proximity to a feature, an active shape model interacts with the
local features and deforms gradually to take the shape of the feature. One of the most
popular types of active shape models are the active contour models or snakes which are
commonly used to locate the head bourfdayThe evolution of a snake is achieved

by minimizing an internal and an external energy function and its evolution iicludes e
ther shrinking or expanding. The concd@nakesvas improved by Yuille at [di§ in

order to increse its reliability bycorporatingglobal information. The deformation
mechanism of deformable templates involves the steepest gradient descent minimization
of a combination of external energy of valley, edge, peak and image brightness. More
recent reseeln of deformable templates maimiendto reduce the processing time,
modify the template and considdferent energy terni$9. Finally, point distribution

models, whichra compact parameterizgebcriptors of the shapmsed upostatistics

have been also udedj.

Pertaining to thappearafi@seahethods, the mehmark work of Viola and Jof®e1],

is regarded as the most pronounced work in the field of face detection, motivating many
researchers ever since. The main id¢aswhich enabled the real time detection with

high accuracy rates are the integral image, the classifier learning with AdaBoost and the
cascade structure. They use Heamrectangular features which are simple yet provide
very god performance for building frontal face detecteigufe2.1). Lienhart and
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Maydt[22 generalized the Haar tig®s of[5] by introducing 45rotated rectangular
features and centsurround fetares. Mita et aj23 proposed joinHaarlike features

which rely on the eoccurrence of multiple such features. The authors claimed that such
features capture better the characteristics of the human face, rendering the detection
more accurate. Jones and f@halso introduced diagonal features which also give the
potential to capture faces with different rotations. Another sedlidhown features

which are very effective for face detection taskkozal Binary Patterns (LBRY.

Other techniques fappearafzsethcedetectiorrely on regional statistics such as hi
tograns. In the work of Levi et 42§ local edge orientation histograms are used to
compute the histogram of edges inrggjions of the image. The orientation histograms

are largely invariant to global illumination changes, andréhegpable of capturing
geometric properties of faces that are difficult to capture with linear edge filters such as
Haarlike features. Other popular approaches include features such as histogram of
entedgradientsOG) [27] and filters such as Gabor, Laplacian or @enj2§).

: |:. (a) Edge Features

ﬂ: E (b) Line Features
;! (¢) Four-rectangle features

Figure2.1 lllustration of Haalike rectanguldeatures

Boosting learning algorithms combine nfemye a k 8 c | assi fi ew-s, each
racy in order to reach the firtcision[29 and comprise the most popular learning
schemes for face detection. Many variatiottseeoflassic AdaBoost approfighhave

been reported including RealBo[3], Gentl®oost[3]], Boosing chaing32, Asyn-

metric boosting33 and multiple classifier boasy [34). Except from boosting tec
niquesother learning schemes, theshppominentof which being SVM85 and Nei-

ral netvorks[36 have been reported. SVMs are known as maximum margin classifiers as
they maximize the geometric margin between differegoroagéVultiview face dete

tion using SVM classifiers have been explored in many works[8ucB8adut it still

remains unclear if SVM bddace @tectors can outperform those that learn through
boosting. A convolutional neural structure wasoges {39, where problerspecific
features are derived automatically from the training examples, exgiioitiydefining

what kind of features to extract. Muléw face detection using convolutioralral
networks was also sted in[40, achieving performance similar to the ones usintg boos
ingtechniques.

A detailed overview of fadetectionapproaches can also be foundi7jnfor works
until 2001) anfb] (for later works).
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2.2.2 Discussion- Conclusions

Despite the swift progress in face detection methodologies, completely unconstrained
face detection remains a challenging task, partidulaty significant ge and illum

nation variationpt]] (Figure2.2). Moreover, although the issue of false positive-dete
tions has been widely addressdideriterature, it still remains an active challenge.

The modern face detectors mostly empfipearas@sethethods and the problem of

face detection is mostly focused in finding the most efficient features and classifiers as
well as collecting a largmount of annotated data in order to train the classifiers. The
Haar features used in the \ddtemes face detector are very effective for frontal face
detection but are less ideal for faces at arbitrary poses. More complex features, although
theymayincease the processing ti me, magy be eff
formance and making it more unsusceptible to pose and illumination variatiahs. Regar
ing learning, except from boosting learning schemes, other learning algorithms such as
SVM or onvolutional neural networks can often perform equally well. Boodting tec
niques such as multiple category boosting and multiple instances learning boosting could
be helpful for reducing the accuracy required for labeled data while unsupervised or
semisugervised learning schemes could be very helpful for reducing the amount of work
for data collection.

Figure2.2 Example of a reavorld image containing faces under various pose and illumination conditions,
presenting a significant number of false negatives and false positives

Given the high detection rates in frontal face detection and its availability -#sean off
shelf functionality in most programming platforms (e.g. in Matlab it is offered as a built
in function while fomanyother programming languages it is available throughpthe po
ular OpenCV librafy. For this purpose the Vialanes face detector wasdim all the
experiments in the present work

2http://opencv.org/
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2.3 Local Featuresbased methods

2.3.1 Introduction

Local featurdased techniques find each facial point independently, withounhusing i
formation of the relative positions of the features, which form the face $lagee. S
information may still be used but usually at a later stage for verification. Local feature
based techniques are able to localize landmarks more accurately as they w@se specific
prioriknown properties of the specific areas and do not depend omkegeace of a

full model.

The techniques developed for extracting facial features (lip corners, eyebrows and eyelids
points) are presented in the following paragraphs. The approach for detecting eye centers
is extensively presenteimapter 3

2.3.2 Lip detection

Lip detection has attracted a lot of attention lately in the computer vision community.
This increasing interest stenmrfrthe wide range of applications in which visuat info
mation is an integral part of, or can improve the performance and robustness of the
overall system. These applications inclutie-@gual speech recognitiptf], lip sy-
chronization43 andfacial expression arsbf44. Nevertheless, accurate and robust lip
detection is a nemivial task due to large variations caused by the high deformable level
of lips, different lip col tone, illumination conditions, appearance of teeth and tongue,
presence of facial hair and so forth.

2.3.2.1 Related Work

During the last years many technigues have been proposed to achieve lip detection. Edge
information was one of the first methods used to achieve lip segm§hfatMiinen

there is no shaper smoothness constraint the segmentation can be often very rough
and lip boundary edges can be very low in magnitude and overwhelmed by strong false
edges. The works steibed 49, [49 employ the thresholding based methoanto i
plement lip segmentation. Since the threshold values are determined empirically, such
methods are n@ssentially applicable for cases with complexion differences, appearance
of moustache, and illumination variations. A large category of techniques referred to as
modelbased, build a model of the lips and its configurations are described by a set of
modé parameters. These teicues include snakg®d], active contour model4d,
deformable templat¢49 and several other parametric mofisk The advantage of

these techniques lies on the fact that important feateregpaesented in a low
dimensional parameter spabeytaralsoinvariant to rotation, scaling and illumination.
Nevertheless, the construction of these models is often very challenging andra large trai
ing set is needed to cover the high variabilige rahlips. Moreover, the tuning @ p
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rameters is usually very difficult to achieve and many of them require manual selection
and initialization. Color provides additional information which proves to be very useful
for segmenting the lip areas. Clugjeriathods such as fuzzyn@@angd51] as well as
statistical models e@aussian Mixture models (GM93 have been widely used.

2.3.2.2 An Unconstrained Method for Lip Detection in Color Images

In this section we present an unconstrained system for lip detection using color info
mation. Unlike most lip detection systems which impose certain constraints on users
[53, such as wearing a head mipsuonhaerd toc amer a,
operate in highly controlled environment, thus precluding practical applications, our
method only requires a simple-lmygt camera. In order to overcome the problem of the

high variability of lip shapes and color many methods emplayalkasgts for training

[54), tuning of searal parameters (sometimes very sensitive to initializeioor) time
consuming pHprocessing steps. dnir system, we avoid such-precessing tasks, thus
rendering it more straightforward and independent of the database set. T&e only r
guirement of our system lies on the way the lip segmentation problem is approached; the
lip area must be chromaticallstidguishable from the rest of the skin area, given that it

is the one with the greater redness along the face.

The proposed approach uses color segmentation in order to find an optimum partition
of the given face image into lip and-fpmegions. Theartition is based on the color
difference between the lip and #iprregions and is independent of the particular-inte

sities. For this purpose, the image is transformed into the L*a*b* color space and then a
combined technique of nearest neighbor salgmentation followed by a cddased
k-means clustering with adaptive number of clusters is appéeshfierbinary mo
phological processing is applied and the lip object detected is approachedfiby a best
ellipse. Finally, the most importpaints of interest are extracteay(re2.3).

Althoughk-means segmentation has already been tried out for this purpose, the results
have not always been very satisfy as the number of clusters had to be determined
manually, affected by many factors as the visibility of teeth, facial hair, uneven illumin
tion etc. This is the main reason why the cukreregans approaches fail to operate fully
automaticallys9. One of the novelties of our system lies on the fact that it Wilizes
means clustering with an automatically adaptive number of clusters, whose performance
andaccuracy is improved by the use of nearest neighbor segmentation. Moreover, for the
mouth corners, where color is unreliable because of dark areas, a corner detector for fine
tuning was used.

13
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Input Image

Face Detection >

Nearest Neighbour Color
Segmentation

Morphological Processing
and Ellipse Fit

Corner Detection >
Keypoint Extraction >

Keypoints
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Figure2.3 Pipeline of the proposed lip detection algorithm

Lip Segmentation

In order to extract the visual features in the face image acquired from the previous step,
an accurate extraction of the lip area is essential. In ourchppeoase color info

mation for segmenting the lip area, transforming the RGB face image into L*a*b* color
space to increase the color contrast between lip atig negions. L*a*b* color space

has the advantage of being a perceptually uniform caler syching the perceived

color difference with qualitative distance in color space. This makes up a very useful cue
for the following clustering algorithm, which uses a Euclidedrsimilarity measure.

In the L*a*b* color space luminance informatloegdmponent) is separated from the
chrominance information (a*, b* components), which we difdizéhe segmentation.
Intensity variation due to uneven illumination has minimal effect on the chrominance
components, a fact that is very useful for ourcagiph.

Using color for locating lip regions and separating them froiip regions presents

several problems. Although the color composition of human skin and lips diffes surpri
ingly little across individis[11], [55, total intensity of the reflamn vares over a wide

rangeg54]. Color alues also depend strongly on the camera, frame grabber arad illumin

tion. Gaussian mixture models obtained frominggiBs, or fixed proportions between
colorspace components (i.e. betw€d and C{50, [11]) sometimes fail to overcome

these issues. In our case, the clustering method used is an unsupervised learning method
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where neither prior assumption about the underlyamgyéedistribtion nor training is
needed49.

Before applying thke-means clustering method, nearest neighbor segmentation in the
L*a*b* color spacwas applied to the face image. It acts as an aid fontkans aty

rithm by discarding unwanted Hgos pixels and thus decreasingktheeans clusters to

a number belongg to a limited values spac® @usters). This fact increases segment

tion accuracy and speed. The nearest neighbor algorithm classifies each pixel in the face
image by calculating the Euclidean distance between that pixel and a color marker, using
boththe a*, b* chromatic components. Lip pixels have the feature of very high a* values
(great redness) combined with low b* values (little greenness)d We oséor mak-

ers for segmentation, made of the mean ten maximum a* values and mean ten minimum
a* values, calculating also the correspondent b* values. The classification result contains
all lip pixels and part die¢ skin region as seerfFigure2.3 (secondmagé It also e-

duces the influence of factors such as facial hair and the visibility of teeth, which would
require an additional number of clusters to be segmented into.

The k-means clustering is applied starting with a number of clusters which ig-found e
pearimentally to be the most common (4 clusters) and if necessary, adapting this number,
until a relevant lip area size criterion is met. The criterion we have set involves the area of
the cluster with the greatest a* mean value (lip area) to be witmgehefpa 1 Pp

of the whole face image. A slightly lessgliahpercentage lip area @ P when the

number of clusters reaches the minimum (2 clusters), isldecEmare2.4). These
threshold values stem from extensive experimental testsCGaittdob Image Database

(CID) [56 and frontal and near frohtaces of GTAV face Databd8§]. The mean

area values and mean number of clusters for the 27 people in CID are Singuva in

24.

ittt
|
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Figure2.4 Mean number of clusters and mean lip region for the people in Caltech faces database

In Figure2.5 the results of segmentation of the lip areas using the proposeth for
an image sequence of a talking person are presented.

15
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Figure2.5 Lip segmentation results in a talking person image sequence

Morphological Processing

From the above lisegmentation procedure a binary image is created, containing the
segmented region with the max a* value (lip region). After applying morpholegical clo
ing (to fix possible shuttered objects) and connected component labelinggdtieepick
largest area olofeas the lips region. For each region, in order to calculate its features, we
computel the ellipse that has the same second moments as the region. The parameters
of the ellipse, i.e., the center of mass, the major and minor axis aseiretiresntatn

wele computed

A criticalissue at this point is whether the picked object constitutes the whole lips area or
just the lower lip, as lips area is often recognized as two separate objects. The criterion
was based on the angle between the lines fiténgxtreme left poirit Q "@fxo coord-

nates with the middle upp&rQQ ™o and the middle lowdr QQ 0 é&hd coord-

nates defined as

hE Qo QAT a ¢
0 4 21
where
a n O Qe M QQ "o
2.2

6 0 QUDHD b b

If the angle calculated is less thanv@sassumthat the lip area consisteflonly the
lower lip. If so, we incorporate in the lip area the object in the binary imagis which
abowe our lower lip object and nsime distance and orientation requirements set, i.e.
the Euclidean distance between the centers of mass cannoeb¢hareétte length of
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major axis divided by 2 and orientation must be about the same, with an alloaed inclin
t i on °@igureRke).0

—————

(a) (b) (c)
Figure2.6 Examples of three different angle cases. a) The detectedaigists ojust the lower lip
(angle = 9. b) The detected objeximpriseshe whole lips area (angle €)48) Borderline case, the
detected objeciompriseshe whole lips area (angle 2)27

Keypoint Detection

The points of interest (keypoints) widely used for lip reading and other applications are
shown inFigure2.3 (last image)rhe upper and lower keypoiwse found as the inte

section points between the minor axis line and the upper and lower lip boundary, respe
tively. Unlike th upper and lower keypoints, wraehprecisely detected from the color
segmented lip object, the mouth corners (left and right keyp@ntsyre difficult to

detect because of their location in dark areas, where chromatic information is not visible.
In order to detect them, we dgbe extreme left and right points of the lip object as
starting points and seaedfor corners in the proximity area using Harris corner
detector. The proximity areas, where corners are searched, are ddfigted?2i8

(fifth image)From the cornerdetected in each side, wesehihe one with the smallest
Euclidean distance from the corresponding extreme object points as the left and right
keypoints, regatively. If no cornerare detected in either side, the corner strength
thresholds automatically reduced until at least one asrdetected. In the case where

only on the one side a keypamtound, the corresponding keypoint on the other side
was assumed using symmetry towards the minor axis.

2.3.2.3 Experimental Results

In order to test our algorithm we used 421 imag2g different people on CI[34

and 848 frontal and nearrital face images of 44 different people on GTAV Paee
tabasg57] (the databases adescribed imetail in sectiod.4.). They were acquired
under various lighting conditions withaay particular make. Figure2.7 shows rp-
resentative results of the proposed algorithm for different people. The yellesv cross
denotethe extreme right and left points of the lip region derived frocoltresegne

tation. The black dots are the final keypoints after the corner fine tuning process. We can
observe that the keypoints fit very well to the corners of the mouth as well ap-to the u
per and lower lip boundary (perfect detections). Moreoverethed is robust even in
challenging cases such as-umaform lightning, bearded speakers, low color contrast
between lip and ndip area, or if teeth are visible. It is also unaffected by the yaw, pitch

17
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and roll angle as long as the lip region idevi€ior algorithm failed to extract accurate
results in cases of heavily uneven illumination or when weak mouth cornergwere ove
whelmed by strong beard corners.

(b)

Figure2.7 Several results on various people from a) CID and b) GTAV face Database. The yellow crosses
denote the mouth corners before the fine tuning process.

Experimental results for the CID and GTAV databases are shdwble?.1. It is db-

served that in both cases lip detection is over 96%. Acceptable detection denotes perfect
detectionsncludingthe cases where even though the keypoints are not placed accurately,
the results are perceived as acceptable for lip reading purposes. For the GTAV database
the detection figures are slightly higher. Since the proposed method does not contain
complex and time consuming algorithms, it is very cost effective and with a proper
C/IC++ or hardware implementation, requirements of real time processing can be met.

Database Failed Detection Perfect Detection Acceptable Detection
CID 3.8% 94.3% 96.2%
GTAV 2.5% 93.3% 97.5%

Table2.1 Lip detection results for the CID and GTAYV databases
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2.3.3 Eyebrows detection

The detection of eyebrows is an integral part of facial expression recognition and can
also assist in the detection of the remaining facial feature, being amongpitemost

nent facial featurefsg, [59. Existing eyebrow detection algorithms in literature are
mostlyholistic, detecting the eyebrows along with the restféatiaes as a whole (e.qg.

in [60]). Explicit, featurbased detection of eyebrows has also been studied with the
mostcommonapproaches using skinaranodeld61], tenplae matching62, cluser-

ing method$58 or edge bsed method63.

The proposed eyebrow detection approach is baseteégral projection funotanier

to isolatelie eyebrow regio followed by binarization ambrphobgical processing of
the image in ordeotderive the final eyebrgwints. The three steps of the proposed
algorithm involve prprocessingeyebrowsegmentation using integral functions and
morphologcal processing.

2.3.3.1 Preprocessing

Having asstarting point the localized eye center posifdescribed itChapter Bwe
heuristicallydefine a rectanguld&egion of Interest (ROiyhich the eyebrows are
searched. The dimensions of R@lare calculated with respect to the detected face
dimensions and are defined so as to contain the eyebrows even when they are displaced
due to facial expressionsfacepose. Morespecificallythe width of the eyebroROI

are defined proportionally to the detected face dimeresons/ AAOT x2/ ) 7TEAOQE
& AAA 7T A @Ele the height of the eyebrowROIl is calculated as
UAAOT x2/ ) WRAEADDx2) 7EAQE

(@) (d)

Figure2.8 Preprocessing stefier eyebrow segmentatiqa) EyebrowROls (b) right eyebrow sub image,
(c) red componet of RGB color space and (d) contrast enhancement
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The positions and dimensions of the eyebR@WiIsare shown ifrigure2.8(a) while the
croppedROlfor therighteyebrow is shown Figure2.8(b). We keep only the redo

porent of the RGB image in which the maximum contrast between the skin area and the
eyebrow area is observEmy(re2.8(c)). In order tofurtheraccentuate the appeasaoic

the eyebrow in the cropp&DIwe enhance the contrast in the image using a sigmoid
function Figure2.8(d)).

2.3.3.2 Eyebrow Segmentation using Integral Functions

With the goal of isolating the eyebrow area and discarding the rest of the areas in the
image (which many correspond to hair, glasses, shadows or other visuairaegeaits),
projection functwesused. The motivation of usingegral projecumctionrgems from

the appearance of the eyebrows which present a highly horizontal profile. Thas, a proje
tion along this horizontal axieipectedo partition the region of the eyebrow. Howe

er, as head rotations may change the orientation of bhewesyen different directions

rather than the horizontal one, theegral projection funstdnis generalized to detect
projections on different angles. Supp@eén is the intensity of a pixel at the

tion ahw , theintegral projealong a directidn for a rectangular area is defined as

7

‘Ovd ‘o A0 METD ' OBT "Rt 600 2.3

where o o is the rectangle center mipi8 ho, with @ being the width of the ce

tangle antrepresents the height of the rectangle or, equivalently the number of pixels
to be integrated for eath The direction is the inclination of the line connecting the

two detected eye centers, which represents the rotation of the head. In the computed
projection graphFgure2.9(b)) tie local maximum and minimum values are located.
The position of the global maximum (largest peak) designates the positionesf the ey
brow region. In order tisolate the eyebrow area wethe eyebroviROl between the
positions of the local minima locabedach side of the global maximum (between the
depicted green lineskigure2.9(a)).

(a) (b)

Figure2.9 Projection of eyebrow along the horizontal axis
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2.3.3.3 Morphological processing

Given the grayscale image containing the isolated eyebrow area, \edittmbenary
and further proceedit in order to retain only the debimeyebrow object. For the b

narization of the image wediseh e f ast and efficient Otsuds

described below.

Otsu thresholding for efficient bimodal image segmentation

The problem of segmenting objects in the real world s ftplified into a bimodal
segmentation task by reducing a grayscale image into a binary image. The most popular
fully automatic method for selgaitmédng t he
The algorithmassumeshat the grayscale image contains two classes of pieels (for
ground and background pixels) following-mdaal histogram and calculates the opt
mum threshold separating the two classes so that their combireldssatr@aince is
minimal. Themethod bgins by splitting the image pixels into two classespicdn-
taining thepixels with value less than or equal than a threibemdlé & dgicontaining
the pixels with value larger tli#nthus making their probability distributions equal to

n
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where 6Q B nand dQ B n.

The intraclass variance is defined as the weighted susmiarfces of the two classes,
which is given by

gQ 1 6Q, dQ 1 48Q, dQ 25

where, &Q is the intreclass variance apd 6Q,, 6Q are the variances of the pixels
below and above the threshdf respectively. Otsu's method iteratively estimates the
thresholdiQuntil the intraclass variance is minimized (or the-tltess variance is xaa
imized).

After connected componen&beling of the binary image in order to enumerate-the b
nary objects, we keep only the largest object which corresponds to the Eigbow (
2.10(a)). Subsequentlye perfornthinningof the object to aingldine by obtaining the
skeleton of the object, askigure2.10b). The result of the skeletonized binary image
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overimmsedon the original eyebrow image is showfigare2.10(c). Finally, the ey
brow is representdxy three facial point&igure2.10(d)).

@) (b) (c) (d)

Figure2.10Morphologicabperationgnd final result. (a) Binary image, (b) skeletomization (c) sceletonized
image overimposed on original image and (d) final eyebrow points detected

2.3.3.4 Experimental results

The propoed eyebrow detection method wested orseveralmages of GTAV and
MUCT databasdgthe databases atescribed in detail in secti®d.). The result®n
the tested images demonstrate promising results in detecting the .€jfebaatsction
is more accurate when the eyebrows apealndedand fully visible. épresentative
results orthe databases tested are showigiare2.11(a}(b). The most common cases
of inaccurate detections involved aiohs of theyebrows by haiFigure2.11(c)- two
first images), glassegy(re2.11(c)- thirdimage) or shadows.

Figure2.11 Eyebrow detection results
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Out-of-plane rotations of the head may also have an effect on accurately detecting the
eyebrow pointsHgure2.11(c) - middle image). Moreover the presence of hair in the
outer ends of the eyebrows may also cause the detection to be less accurate at this point,
misdetecting the outer eyebrow point inhidie area, as in the first and last images of
Figure2.11(b).

2.3.4 Eyelids detection

The ypositions of the eyelids correspond to the horizontal boundaries between two h
mogeneous areas, i.e. the iris area and skin areposhienx of the eyelids is regarded

the same as those of the corresponding eye centers. Starting from the localized eye center
(described irChapter Bwe defind a rectangulagyelidROIl in which the eyelids are
searched. The distance between the eyeball centers, also kmevotasadistance,

is used as the reference distance, with respect to which we define the dimensions of the
eyeliROIl. Assuming that the iris diameter roughly corresponds to 10%rétbeci-

lar distance, the width and height of éyelid RG8 defined asp X2 and &
correspondinglyqX stands for the interocular distance); each vertical side is-at a di
tance from the eye center so that only the iris area (not the sclera) is enclosed, thus co
stituting a homogeneous area, and the distance dbeaontal side s WQ from

the eye center, so that the eyelid boundary is certainly included, regamrliegs state
(Figure2.12(a)). In order to detect the boundary of these distinct regiegsal projection
functiorese used. Image projection functions have been proven to be effective methods
for extracting boundaries between different areas, representing the image by 1
dimensional orthogonal projections usually aloagvértical and horizontal ajés|,

[66. However,n view of the specific application, head rotations may change tthe boun
ary orientation on other directions rather that the horizontal one. To this en&-the int
gral projection functiowas generalized to detect projections on different angles and i
givenas in Eq & Given the seardROlfor the eyelids, denoted hereaftéDasry , we

first perforned grayscale erosion with a rectangular structuring elémentemove
artifacts (e.g. glimpses), enhancing the homogeneity of the areas:

Ot 6 o 26

The integral projection function of B was computed folOwith? being the inclia

tion of the line connecting the two detected eye centers, which represents the rotation of
the head. Determining the derivative of the projection result, peak values are reported in
the boundarpetween the two are&sgure2.12c)).

Subsequently, a gradient imasgesomputed by performing convolution of the image
with the vertical Prewitt operator. The resulting edg®©magsents large values in areas
of vertical abnot changes of pixel intensigygure2.12d)).
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The ypositions of the eyelidggsecomputed as the positions of each of the two global
maxima bilaterally of the eyanter, in the cumulative result of the aforementi@anhed
integral projection derivative and the edge map integral projection. The upper side ma
imum position is thus defined as

1 O

. AT o T~ 2.7
w AOCI OoucH
HCT A«%—, S S

The lower side maximum positisgalculated in a similar manner.

(b) (©) (d) (e)
Figure2.12Pictorial representation of the proposed eyelid detéa)i@riginal eye image and the defined
search ROI, (b) Dilated search ROI, (c) the integral projection of the original image along the vertical
direction (blue dotted line) and its derivative (red line), (d) the computed edge map and (e) the final cum
lative result with the positions of the global maxima superimposed.

The exactpositions of the eyelids can be usedefine eye opening feature that an
jorly contributesn increasing the accuracyatesstimationThis contribution of eyelid
features will be analyzed in a latter section (see ge6tioh Although the perfe
mance of the proposed technique was not elyphiwtasured on publicly availabla-dat
basesthe experiments conducted demonstrate very accurate detections.

2.4 Model-based methods

Modelbased methods consider the whole face and the ensemble of landmarks. They aim
at estimating a quainse set of faci@atures in an image or in each frame of a video
stream. Modddased techniques for facial features extraction are the most commonly
encountered in the literature. The most influential works involving 2Dbaselelfae

al feature extraction works are sgbently presentediterested readers may refer to

[67] for a more extensive literature r@vie

2.4.1 Related Work

The first studies on face landmarkiregugraph methods. Leung efGd} convolve the
image with Gaussian filters at multiple cateats and scales. Each possible coafigur
tion of landmarks resulting from that procedure is validated through random graph
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matching. In theeminal study of Wiskot et[@d, called elastic bunch graph matching
(EBGM), alabeledgraph is constructed where nodes are t¢barad by Gabor jets.

The graph of the face is deformed towards the query face. The most prelalent tec
niques for face landmarking use¢ivcShape Models (ASIMY, Active Appearance

Models (AAM)[7]] and other variants. ASM represents faces as deformable ghapes re
resented by a set of landmarks, found using feature detection methods. The face shape
can only deform in controlled ways; the shape variations are Issgn&CA from the

training dataset. AAM impose shape and appearance constraints combined, while the
variations in geometry and appearance from the mean face are learned by performing
PCA. The AAM methods aim at adjusting the model parameters that nting@ndize

ference between the model face and the query image. A shape optimizedosearch alg
rithm has been algwoposed by Cristinacce et[@F. After locating the initial set of

points using multiple landmark detectors, the estimated locations are improvee by boos
ed regression and a shameleh is fitted to the updated landmark locations; this-proc

dure is repeated until convergence. An important improvement of the AAM technique
developed by Cristiracet al[73, involves Constrained Local Models (CLM). In CLM,

local templates for each landmark are combined with a specific geometrical configuration
learned through PCA. An important contribution to the ASM methodology rwas pe
formed by Milborrovet al.[74, 75. Ther software called standard ASM (STASM) co

prises one of the standards in the field, being publicly avandbiemonstrating high
performances in comptive studie§67. Zhu and Ramaan[7§ merge local and global
information via treeonnected patches covering the zonestefeist on the face. The
patches are formed from Histogram of Oriented Gradients information while global
shape is represented using quadratic springs between local patches.

The greater challenge of meo@ted approaches is their ability to locate tiad fiae

tures, given that relative distances between facial features vary between facial expression
and across the population. By using the global appearance of the fadeasexdel
methods have the advantage of being very robust in detecting thecsitgval pf the

facial features. However, as the success of these methods depends on the convergence of
a full model (i.e. by satisfying a minimization function or reaching a maximum number of
iterations) they do not ensure localization of each featurgghitrecision.

In the next chapter the CLM method, which was used in many of our experiments, is
described in detail.

2.4.2 Constrained Local Models (CLM)

The Constrained Local Models (CLM), first intoed by Cristinance and Codi&s,

employ both shape and appearance information intorgerpoint facial landmarks

The appearance information models how each specific facial point generally, looks like
while the shape information is used to constrain the search of the features, given their
arrangement on the face.

Shttp://www.milbo.users.sonic.net/stasm/
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The shape constraints refer to the spatial configuration of a set of facial points that co
respond to physically consistent locations ohuhean face such as eye corners, no

trils, eyebrow edggestc. The facial geometry and the variation across humans are learned
from training data and are used during search to constrain the positions of the facial
landmarks. The appearance informatiorsesl in regions around each feature point,
denoted as patches. Patch models contain local information in the vicinity of each feature
point.

The general rationale of CLM is as follows: Once the local patches models are deployed
in an unknown face, they sawhere each local feature is more likely to appear, ho

ever without going beyond positions that the shape model allows (without violating the
shape constraints). To build the CLM model, a set of annotated training images are r
quired in order to build #shape maaladl thdocal patches model

2.4.2.1 Shape model

The shape model describes the allowed deformations of the facial points aed is impl
mented using linear subspace methods and more specifically for our qaseCannc
ponent Analysis (PCNS.

Before applying PCA, preprocessing of the training images is required. Given that the
faces in the training set might egupon different positions in each image, have different
scale and rotations, an alignment between them must be established prior ta training i
order to find the shape variations. The alignment process aims at removing the global
rigid motion of the facéeaving only the shape variations.

The alignment process is mathematically defined as finding the affine transformation
matrix that brings into alignment any shape with a canonical shape. In order to derive the
transformation matrix between any shapetl@ndanonical shape at least threeecorr
sponding points are needed. The alignment is measured asshadessdistance-b

tween a transformed shape and the canonical shape.

Affine transformations

Geometric operations can be described mathematdakymocess of transforming an
input image> ity into a new image @ho by modifying the coordinates of image
pixels. In the case where both functions are linear combinateossdedthe transfo-
mation is calledffine transformatmahis expressed as follows:

p I Tt P P
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In affine transformations straight lines are mapped to straight lines, triangles to triangles
and rectangles to parallelograms. The parallel lines remain parallel and the distance ratio
between points on a straight line does not change. The most common geometrical oper
tions are translation, rotation, scaling and shearing, as $hole2r?.

Affine Transform Visual Example Transformation Matrix
p T T
Translation m p T
0O 0 p
i mom
Scale m i ™
m T p
PaN . SN
7N Al © OE+ 1
Rotation N > OEF- AT S n
p iQ m
Shear (Q p m
m T 0

Table2.2 Basic affine transformations

Once the training images are properly aligned, facial deformation modeling is used to
derive a shape model that can accommodate variances across different piftgsle and

ent expressions. Linear subspace methods have shown to be very efficient in capturing
facial deformations, especially when the faces are mostly frontafrontsaim he idea

of linear subspace methods is to find a lower dimensional space ail\idgehpoints

lie (green dots iRigure2.13. The subspace dimension should be selected so that it has
the capacity to model all face shapes but netasershage(red dots ifrigure2.13).

PCA is used in our case in order to find the beafiltoensional subspace that models
faces using a specific dataset.
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Figure2.13Linear subspace methods find adiiwensional hyperplane which spans face shapes (green
dots) andxcludes noface shapes (red dots).

2.4.2.2 Local patch model

The local patch models describe how the imragadaeach feature point should look

like. The template models are built uSungport Vector Machines (SVMpr each f&

ture point a linear SVM is trained in order to recognize the local patch. In order to build
the CLM for each point we need to traienthwith positive and negative examples
(patches). The positive examples are the local patches around the point for each image in
the training set. The negative examples are randomly sampled patches which are close to
the positive patches; in this way tloeleh is better trained to find the actual position

when placed at the vicinity of the specific facial point. The sizes of the patches around
each point have a direct influence on the performance and the training and running time
of the system. The sizethé patches mainly depends on the image size and should be
manually defined. A visual inspecid the different sizes as kigure2.14 can lend

intuition into defining the optimal size.
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Figure2.14Three examples of patch images with different sizes.
2.4.2.3 Search process

After building the CLM model it can be used to find the facial landgieeksa search

image and an initial set of feature points. For each feature point the SVM bei#t search
in the local regions of the initial points to obtain an SVM response. Each response image
is then fit with a quadratic function and the best feadumeis obtained by optimizing

the quadratic function and the shape constraints. The aforementioned procedure is r
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peated until convergence. The complete pipeline for the CLM algorithm is $figwn in
ure2.15
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Figure2.150verview of the CLM pipeline

!

One of the most influential factors for the successful convergence of the model is its
initial position. A positioning of the face model close to the actual positions signifies an
accurate convergence only within a few iterations. An inaccurate initial position of the
model would lead to a suboptimal convergence near the initial locations. fithgew o

in an attempt to position the model as correctly as possible, we first localize aAth accur
cy the eg centers, as describe€mapter 3Given the geometry of the human face, the
distance of the mouth from the eyes level can be inferred relatively to the interocular
distance (distance between the eyes)r-agie2.16

For the initial positioning the mean shape is used. Given the positions of the eye centers
we are able to perform scaling, translation and rotations of the initiallmibde way
we obtain an initial set of feature points.

Top of head (H
P (H) @

Top of forehead (F)

P Yo Eye (E)

L J L J —
Nose (N) n n i
Mouth (M) m m’ M
=

Bottom of chin(C)

I c c

Figure2.16 Face proportions in the mean human face
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For each feature point in the initial set we crop a patch and use the SVM to ebtain a r
sponsamage. In this response image we fit a quadratic function by calculating the min
mum mearsquare difference. Supposingf is the output response image from the
SVM, we seek a quadratic curve in the form of

Mooy O © WW @ 2.8

wheredfoimware the variables that need to be found in order to minimize

- T M 59

h

In the final step of the CLM procedure we need to find the best feature point position by
optimizing a joint function of the quadratic function and the shape constraints from the
shape model. Assumii®@ plths ¢ feature points, for each point we obtainSaim
responsé Mo . The function that we want to minimize is given as

"Qn Moy 0 210

I | g

where the second term is an estimate of tH&ébipood of the shape given parameters

& and the eigenvalugsderived from the shape model. The parameiea weighting
factor used to determine the relative importance of good shape and highefeature r
sponses. The valuelofcan be determined by computing the rat® ofY @&ho and

B — when applied to a verification set with annotated facial points. The optimization

of "Qn is performed usg the NeldeMeade algorithifr9.

2.4.3 Experiments

One of themost burdensome factors for developing efficient facial features extraction
techniques is collecting a large number of training data and manually annotating them. In
our work the publicly avallle MUCT dataset (described in detail in seg#oh.?
consisting 08755 faces with 76 manual landmads used. A collection of mosbpu

licly available landmarkiage databases can be four{@7h
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(b)

Figure2.17 Resultof facial features extraction using CLM for (a) images in MUCT database agd (b) ima
es acquired with a standard webcam. The gredtogatsw)denote the initial positioning of the shape
model and the yellow ddtotton row)the results of the CLM sehrafter 2 iterations.

Although obtaining quantitative results on the performance of the CLM metbod is b
yond the scope of the current work, some quantitative results were derived in order to
gain insights on the method and draw conclusioRgyure2.17 results from images in
MUCT dataset as well as images acquired from a standard webcam are shown.
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2.5Discussion Conclusions

The results indicate that when the initial set of peiltsated near the actual face
points then the accuracy for the final points is high and the convergence is achieved only
within a limited number of iterations. This is particularly evideigure2.17 for the

points being in the outline of the face. When the outline points are initialized far from
their actual positions, the final CLM search fails to accurately converge. Further increa
ing the number of iteratiomgas proven experimentally not to improve the accuracy of
the final converged points. On the contrary, points correctly located at the aetual pos
tions at the first few iterations, were likely to deviate from these positions inethe subs
guent iterations. nlgeneral, points around the eyes (eye corners and eyelids), eyebrows,
nose points (outline points and nostrils) as well as mouth corners edenithgbod
accuracy.

2.5 Discussion- Conclusions

After the survey in facial features detection technigogstbased methods are gene

ally the most commonly used and specifically those that integrate landmark appearance
information with a global shape constraint. However, when the aim is to detect specific
facial points, local feattvased techniques proveli® more robust and work under

more adverse conditions (@iplane rotations and illumination conditions). Moreover

the modebased methods strongly depend on the training dataset and their performance
may be strongly affected by the dataset on whichvtre trained on. Except from the
detection of facial features, tracking them throughout a frame sequence constitutes a
challenging problem of its own which rexgiio be further investiga{&d|.

The selection of specific points and their numberomddasedpproaches, is generally
application specifitt has been proven that increasing the number of facial pwints i
proves the overall accuracy as the separate measurement for each point can reinforce
each other through their spatial dependencies. Hoiwéasalsobeen proven that the
improvement in performance by increasing the number of points reaches aeplateau b
yond a number of points (around 100 points). Moreover, the increase of the number of
points is directly linked to the increase of computational complexity, thus precluding real
time implementations. The number of points which establishes a tradeoff dstween

racy and complexity depends on the intended application.

In conclusion, facial feature detection techniques have been extensively investigated the
last three decades but research on the topic is still active. The problem of fa&e landmar
ing can be regded as solved for frontal and rgantal faces with mild facial exgpre

sions and adequate resolution. Moreover requirements for real time are met for many of
stateof-the-art algorithms (e.g. STASM). The problem needs to be further investigated
for uncorstrained conditions regarding pasd facial expressions.



Chapter 3

Eye @&nter Localization

3.1 Introduction

Eyes represent the most distinctive features of the human face, while their position and
movements aresignificant source of information about the cognitive and affective state

of human beings; eyes hold a key role in expressing interest, intention and a#gention. Pr
cise eye center localization constitutes the cornerstone for gaze monitoring and can be
appled in an ever ineasing range of applicati¢8d, gaining increasing attention from

both the academic and commercial communities.

Although many commaal, offthe-shelf products for eye detection and tracking are
available in the market, they all require dedicateghricigth hardware. The mosteo

mon approaches in research and commercial systems use active infrared @R) illumin
tion, to obtain accate eye location through corneal refle¢88n[83. Other hardware
approaches require the use of special equipment such as contact lenses, special helmets
or glassef84, [85, causing discomfotd the users and introducing limitations, thus
rendering them cumbersome for everyday applications. Algorithagebasedap-

proaches constitute nonintrusive techniques which can be incorporated in many applic
tions where the use of extra dedicated laaedi& impracticable.

Despite active research in the field, eye center localization with high precision from
completely unobtrusive and remotely located (i.e. not requiring special helmets, glasses or
chin rests) imagensorsremains a very challengimskt Eyes present great variability in

shape and color depending on eye state (open/closed or anything in betweea), iris dire
tion, facial expression, head pose and ethfiigjtye3.1(a)) Occlusions caused by hair,
glasses, reflections, shadows or pose¢sélsions) make the localization process n

tably difficult(Figure3.1(b)) Furthermore, imaging conditions such as lighting, contrast,
camera characteristics and further processing (e.g. compression) have a strong influence
on how eyes appear in the imgggure3.1(c)) The localization process becomes even

more challenging when dealing with low resolution images derived from inexpensive
imaging devisesuch as webcams, mobile devices or pinhole céfmrnaes.1(d))
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(b)

@)

(c) (d)

Figure3.1 Challenges of remotely located cameras under unconstrained cq@adlitiansng s
es/ethnicities/eye states, (b) occlusions of the eyes from hair or shadows, (c) adverse lighting cond
tions/motion blur and (d) low imageality

The goal of the current work is to locate eye centers accurately and robustly for HCI
applications, reporting accuracies comparable to the commercial tashdhareye
trackers, with the use of unobtrusive, remtzegted, inexpensive imagileyices (e.g.
webcams).

3.2 Related work

Over the last decades, a great number of methods have been employed for the task of
eye detection artdacking[8€], [87. Eye localization methods, working under natural
illumination and using a single camera, can be coarsely divided into two broad categories:
appearafizsedand fediased

Appearanbasedethods, also known as holistic or inged methods, incorporate

eye knowledge implicitly by using the imtedsstribution or filter responses of the eye

area and its surroundings to train a system, using example datasets. They generally require
a large amount of training data and powerful nonlinear algorithms in order to learn the
high variability of eyes. Tlis end, many machine learning algorithms have rheen e
ployed.ncluding neural networf&9g, [89, Bayesian model8(, hidden Markov nb

els (HMMs)91], support vector machinf3 and Adaptive Boosting (adabo¢3§,

[94. Template matching has besed by Grauman et @9 to detect and track eyes by
searching the image for the highest correlation with a moving template image. Though
simple and straightforward, this method is prone to erroneous detdagoto pose,

facial expressions and other changes in the face appearance. Peniitpdertahe

first to extend the eigenface technique to describe facial features (i.e. eigameyes, eige
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noses, eigenmouths). Subspace methods report better results when compared to template
matching; nevertheless their performances are largely deperttertraining set and

fail to localize eyes precisely. A prevalent method for eye localization is to eswploy a ca
cade of boosted classifiers working with Haar feg@dfe$he main advantage of this
approach is its high efficiency and computational speed. It suffers however from high
false positive rates, and its discriminative capability may be lioatss iof challenging
illumination conditions or pose variations. In a nutshell, although appleasadce
methods can achieve remarkably high accuracy in detecting the eye area, they often fail to
provide an accurate detection of the eye centers, bfedtioa for gaze monitoring.

Featudeasedhethods make explicit use of a priori eye knowledge in order to @erive fe
tures such as shape, geometry, color and symmetry. Geometrical information of edges
has been widely used for eye detef@ign[9g, also combined with several other cues

[99. For detailed modeling of the eyapsh) parametric models and complex shape
based methods have been employed. They achieve localization by constructing a generic
eye model in which the eye is fitted through energy minimization; defeemplate

models wererpposed by Yuille et al. [ and widely used laten [100J. Despite the
accuracy of these methods, they are computationally denranding highresolution
imagesnd a close to the eye initialization. A number of methods have been employed in
order to model the circular shape of theusiag the Hough transforf{01, [103,

however the circularity shape constraints renders the method applicable only to frontal
or near frontal faces in high resolution images. In order to overcome these issues, ellipse
fitting algorithms have been also propd36d, [104. Othe popular techniquesne

ployed to localize the eye center by modeling the iris shape are the Starburst
algorithnil03 and the IntegroDifferential Operafd0g. Hansen and Pe¢&07also

model the iris as an ellipse, fitting locally the eltip$eimage through an EM and
RANSAC optimization scheme.€This region is located[itDg usingintensity diffe

ences between the center region antkeitgboring regions using a contrast operator,

and thedetection accuracy is further enhanced using arKabuker. Valenti et al.

[109, [11Q, [11], [119 propose a technique based on isopbmteatires and a voting
process for redime eye center detection with high accuracy. The desired features of the
eyes can be enhanceagseveral filter neanseg113. To this endGabor filters have
attracted much popularity14, [119.Howe\er, filtering methods yield coarse estimates

of the eye and usually additional techniques for finer localization are used. The idea of
projection functions has besmdied by Zhou et 466 in order to lgate exact irisan-

ters. Experiments show that this method is sertsitfaee orientation and lightingheo

ditions. Symmetry operators have also been investigated, usually in combination with
other techniques, for the purpose of automated eye defetfpfll7, [118. Finally,

color models of the eye have received very little attf3@iamd color information has

been solely used in order to distinguish the eye regionsdnasttbf the skin arfHl],

[119, [12Q or for tracking the eye regidr2].
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3.3 Eyelocalization using color information and radial symmetry

The proposed method is basedaosynergy of color and radial symmetry to precisely
and robustly localize eye centers. The use of color is based on the finding that the color
distribution of the eye and particularly the iris is consistently different to its surroundings.
Symmetry usess a basis the inherent radially symmetric brightness patterns of the iris
and the pupil. The main contribution of the proposed method is the use of color info
mation for accurately localizing eye centers rather than for defining the rough areas of
the eyeaegions, which constitutes what was studied so far in the literature. The proposed
method substantially differs to existing approaches as it uses chrominance information to
build eye maps which distinguish and enhance the circular shape of thengi keadi
highly radially symmetric pattern. The effectiveness of using color informapen is su
ported by a statistical analysis of the color distribution of the skin, the eye areas and the
irises. The novel eye map built contributes to a cumulative ynauhedtly transform

with the original eye region, demonstrating high accuracy even in lower resajdtion ima
es.

The proposed eye center localization system is summarized as follows: once a face is
detected in a given image, regions containing the eyesare @elor information is

used to build an eye map which emphasizes the iris area. Subsequently, a radial symmetry
transform is applied both to the eye map and the original eye image. The cwenulative r
sult of the transforms indicates the precise posdfaie eye centerA. detailed d-

scription of the different stages of the algorithm is given below.

3.3.1 Face Detection and Eye Region Definition

The detection of faces in a given image is carried out using-tineerésde detector
proposed by Viola and Jofizy. Based upon an ensemble of boosted cascacterdete
working with Haar features, it represents the-aftéite-art method in face detection.
Within each detected fac&egion of Intgie€l) containing each of the eyes is defined
based on face geometry. The dimensions BiQtgeare amply specdiso as to contain

the whole eye regions even when reaching the detection limits of the face detector, r
garding the uplane and owf-plane rotationf21]. Thereforethe width and height of

the eye regions aredetermined as%UA2ACET 1 & EADEE A &
%UA2ACET T @ ARBAEAESniEséquently, the proposed procedure is applied to
each of the cropped eg©Hs in order to localize the exact positions of eaatestgs.

3.3.2 Eye Map Construction

3.3.2.1 Skin Color Model

The modeling of the human skin color requires an appropriate color space in which skin
can be discriminated from any other area in the image, following a certain distribution in
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the color space. TheCbCrcolor space has been extensively used in the literature for
modellingthe skin regiongl]], [124, presenting significant advantagespeoed to

other color spacd4]], [123. In YCbCrthe luminance informatiorY) is decoupled

from the chrominance informatiddlCr), while the skin color distribution constitutes a
compact, well defined cluster in the color Jpagere3.2).

8 888388388 HEHY
{ 4 4 4t Lo

(a) (b) (©)
Figure3.2 Skin tone model (depicted with red dots) in the YCbCr color space (the blue dots represent the
reproducible color on a monitor), as displayfidlin(a) The skin tone model in YCbCr space, (b) its
projection in CKCr subspace and(c) its projection in Ci2WY subspace.

The luminance information is not useful for discriminating skin regions since it is highly
dependent on the lighting conditions and thus it is most often discarded. In contrast,
chrominance informatiooan ef fi ci ent | yandnseghete skirome s ki n
nonskin regions. The chrominance of different skin tigogs black, white, yellow)

share very simil@bandCrvalues, rendering the model suitable for covering all human
races. The perceived difference of the skin tone across differentmaely idue to

the luminance, which is also evident fragure3.3, where people with different skin

tones share very similar chrominance distrilsution

-

Figure3.3 Images of people W|th various skin colors and the corresponding images containiog only chr
minace information. The chrominace information is derivedJpamdCrcomponents combined as in
eq.3.1. The imagarebest viewed in color.
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The decoupling of the luminance information also makes the skin modeling more resil
ent to different lighting conditions and uneven illumination. An additional reason for
selectinghte YCbCrcolor space is that existing image and video compression standards
are based on it, thus rendering the proposed method faster when applied on such kind of
compressed images.

3.3.2.2 Eye Regions Color Model

With the goal of distinguishing the eye redianssclera, iris and pupil) from the su
rounding skin area and to accentuate the appearance of the iris, we build eye maps using
the YCbCrcolor space components. Although the contrast in the luminance component
between the eye regions and the surrogis#tin may be poor in many cases, their color
distribution in the chrominance components is notably differenEyEhMapGs k-

rived from the chrominance components ofM@®Crcolor space, building on the fact

that the color distribution of the eye oegiis significantly different than the surdeun

ing skin area, exhibiting highvalues combined with Id@r valuesThe information in

the two chrominance channels is combined to form the EyeMapC as follows:

0wQob whbdw O 0 do i 31

WhereCbandCrare normalized to the rangdp andCrdenotes the complement@f

(i.e. 2 Cr). Large values on the eye map are observed at the positions of the eye regions
and eyebrows where the califference from the skin pixels is maximize#&idare3.4

the color distribution of the skin andthe eye regions WQh€rcolor space is depicted.
The experimental setup for obtaining the color distributions are presehedant
paragraphAlthough the samples used to build the color distributions originate from
subjects with different skin tones and under different lighting conditions, ttiesskin
ters, as well as the eyes cluster demorggeatecompactness inside the color space. By
illustrating the normal probability density fions @df of the skin and the eyes in the
EyeMapComponentKigure3.4(e)) we obtain distributions peating a limited overlap.
This form of the distributions indicates that the-lmear combination of the chrem
nance inform#on in eq.constitutes a methodical way to enhance the separability b
tween the skin and the eye regions.

Construction of color models

In view of building statistical color models for the eye regions and the irises, experiments
were performed using the MUCT datalpb24. The MUCT database was selected as it
provides great diversity in illumination
meticulously landmarked and thus different facial regions can be accurately pinpointed.
To build the color model of the eyes first transformed the image in W@&bCrcolor
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space and extracted the points located inside the polygons that enclose both eye regions.
From these points the mean value for each of @eCrchannels was calculated. In a
corresponding manner, in orderbuild the skin model, the skin patch under &d b

tween the eyes was considered (surrounding skin area) and the mean valug-was calcula
ed. As a result, 3755 values, one for each image in the database, were collected to build
each of the models.

In orderto model the tone distribution of the irises, only the iris region out of the deli

eated eye region was retained, discarding the sclera regions (the white parts of the eye).
The resulting color models for the eye areas and the irises are preSigted.sand

Figure3.5, respectively.
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Figure3.4 Eye regions color distribution (depicted with green dots) compared to skin color distribution
(depicted with red dots) in ti€bCrcolor space. (a) The color distributions ir¥tBbCrspace, (b) its
projection in th&€bCrsubspace, (c) its projection in@®Y -Cr/Y subspace, (d) multivariate Gaussian
pdf in theCbCrsubspace and (e) the Gaugsdof the skin and eye regiongsheEyeMap@ansformed
component.
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Figure3.5 Iris regions color distribution (depicted with cyan dots) compared to eye regions caler distrib
tion (depicted with green dots) and to skin color distribution (depicted with red dotéCinGluelor
space. (a) The color distributions in@dCrspace, (b) its projection in BCr subspace, (c) itsgar
jection in theCb/Y -Cr/Y subspace. ThedBssiapdfof the irises and the skin are illustrated in (d) the
luminanceY) component, (e) tHeyeMapC€omponent and (f) tHeyeMap€omponent divided by the
luminanceY).

3.3.2.3 Iris Color Model

The irises constitute the most distinct regions in bothurthieance component and
chrominance derive@&yfeMapCcomponent. Regarding their appearance in the lum
nance component, they present significantly lower brightness values than the sclera and
the skin areas, as illustrateéigure3.5(d). Correspondingly, in tlyeMap@omyp-

nent, the irises are among the brightest pkglsré3.5(e)). The division of theye-

MapCwith theY component makes the irises more prominent and distinguishable from
the other surrounding areas, further narrowing down the overlap betweenlhe dist

tions, as shown iRigure3.5(f). The use of morphological operations (erosion/dilation)
further accentuates t h¥componesteasddhe brghtek er app
appearance in thieyeMagCcomponent . Moreover, the round shape of the structuring
elements enhances the circular structure of the irises, facilitating the forthcoming radial
symmetry transform. The n&yeMapk derived as:

e W O00Q0 OB ap
OwQ Q=
OwQUu wni D8 8¢ 32

whered andS denote gragcale dilation and erosion, respectidelandd ¢ are flat,
circular structuring elements with radii being proportional to the siz&isf the

OpYHQ Ol QIRYHQ
3.3
0CYD'QopY K
where

Ol Qi YOBmQYQQQ&Hp aa'QQo 3.4
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The size of the iris has little variation across huym2fsnd its approximate size can

be inferred from the size of the detected face (and therefore the size of the eye regions).
In the aforementioned formulations, coarse estimations of the iris radius am thus
andd¢ radii are adequate, as suiationsn the estimationdo not have a noticeable
influence in the outcome. A correction fact@s adopted to suppress very large values
caused by null or very small denominator values. A small static number would suffice;
yet, experimenttdsts exhibitedriproved results when a dynamic, data driven value of

is used:

1 AaQO®S 6¢ 35

Figure3.6 depicts the stages for the construction of the eye maps. The regakiagl

illustrates that the iris area is the most prominent region in the image. The use of the eye
maps also gives ehgsis to the circular pattern of the iris regions and serves as a great
assist in cases when the iris reaches its shape limits due to occlusions by the eyelids or in

the presence of other visual artifacts.
cb’ cr EyeMapC EyeMapC Dilated
S F = F
= — — EyeMapl
Figure3.6 Construction of the proposé&yeMapl

) ,

Cropped Eye ROI Luminance Luminance Eroded

3.3.3 Radial Symmetry Transfom

People are selectivlenm processing visual informatibacause some points are more
interesting or contain more information than others. As human beingsl i@ pay

more attention to these points, in terms of priority and processing time; for example
when looking at a person we pay more attention to their face than the rest of the body
and within the face wedncentratenore on the eyes and the mouth. Thmsets in
computer vision are calledints of inteastl their automatic detection comprises an
important topic. The eyes are the most distinffetatares in the human face and among

the most importanpoints of intetkat we concentrate on. Thighly radial symmetric
profile of eyes can be exploited for their accurate localization using radial syymmetry o
eratorsin our approach, a fast and highly efficient radial symmetry transform is used,
first introduced by Loy and Zelinsky{12§. The transform relies on a gradisased
interest operator that works by considering the contribution of eatkopixesym-

41
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metry of pixels around iThe algorithm is designed fgrayscale images which are
scanned for symmetrical shapes of various radii, in-defiised set of radii. The
transform that we used in our experiments is based on the orignaaidasymmetry
transform in124, appropriately tailored in order to meet the specificities of tkatcurr
application while the selection of parameters was rendered fully automatic. The outline
of the fast radial transform is presentdeigare3.7.

i Convolve S
| with An %S"

For each nin N

Calculate
Mn and On

Figure3.7 Block diagram of radial symmetry transform computation

At first, the gradient is calculated using a 3x3 Sobel operatorhFoxelgdn the ga-
dient imageanaffected piyel is determinedhisaffected pisatlefined as the pixel that
the gradient vectd®r) is pointing to, of distanéeawayfrom r). As the change of the

direction of the gradient is from brighter to darker areas, the transform detects only dark
regions of radial symmetry. The coordinates of the affected pixels are calculated by

‘ A o1 | H
L o 36

whereroundienotes the rounding of each vector to the nearest integeskahe Ei-
clidean norm.

.......
.....

Figure3.8 The location of the affected piRel (red squard)y the gradient eleméf¥| (blue squarddr
arange of ¢. The dotted circle shows all the pixels that can be affected at the same radius.
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For each radius, an orientation projection imageand a magnitude projection image
0 are created.These images, initially zero, increase their valueaffentedpizsl
follows:

3.7

0 N 0 N AQn & 38

The radial symmetry contribution at a ragliiss derived by combining the magnitude
projection image with the orientation projection imageand convolving them with
a twaedimensional Gaussian kemel

Y v D o] 39

where® is the radial strictness parameter@nis a twedimensional Gausian kelnel
with® ¢&€ and, €7¢. The Gaussian kernel is used to spread the influence of the
affected pixels

Finally, the contributions for evéryn a set of radii are averaged order to form the
final result:

Yoz Y 310

The definition of the transform contains a number of parameters that need t@-be appr
priately defined. Theaee the radial strictness paramei@nd the set of radii which

defines the range of radially symmetric features to be détedtmd.of the specific eye
localization application@aw radial strictness parameter(1) proves to be the most
judicious choice as it also gives emphasis to less radiallirisyieah@es. The choice

of the parameter is justified in view of the fact that the iris always preserves some level of

symmetry, regardless of the eye state. The set 6f radki Fe wascalculated
based on the estimated iris size. The mmimadii is defined as ‘O Qi FdaadQ
the maximum as 0 J0i "Qi. X wdalization of the different stages using the

radial symmetry transform in a face image is sh&igune3..
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Original Image Gradient Magnitude 0

0 0 Y

Figure3.9 Example images yielded when applying the radial transform at a face éimagediod
& p. All the images except from the original image are pseudocolored to better visualize the results.

One of the main assets of the specific radial symmetry traissfioamthe contribution

of each significant pixel (in terms of gradi@ygnitude) is computed over a single pass
over the image for a specific radius. Thus the radial symmetry transform is veaty comput
tionally efficient, depending linearly on the sig@eaimage and the number of radii

it is of orderb U O whereU is the number of pixetnd( is the number of the radii

for which the transform is computed. This time complexity reported is signifieantly lo
er compared to other symmetry operdfiit§, allowing real time implementation, even

for images of higher resolution.

In order to speed up calations,the transform can be refined in two ways; by using a
sparse set of radii and by ignoring small gradients when calculatirand? . The

result of sing a sparser set of Romntinuous integer values constitutes a very good
approximation to the output obtained in the case where all the continuous ranges from
€ to € were consideredhisrefinemenis extremely useful when attempting to
detectpoints of intetkat have amnknownsize in the image. However, in our case as
the size of the circular pattern of the eye that we are trying to detect can be agproximat
ly inferred by the size of the detected face, we utilize the full ralejmealsabove, in

order to yield the most accurate result. The second refinement involves ignering grad
ents with small magnitude in the gradient image. The reasoning behind this is that grad
ent elements with small magnitudes have less reliable argntatiespond taery

weak edges in the image and are prone to noise and thus can be ignored as non
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significant. Small gradients can be ignored by introducinglafumezt gradient thies
old, increasing the speed of the transform.

3.3.4 CombiningRadial Symnetry Transform with the Eye Maps

The finalstep for localizing the eye centers inv@deing the individual results pf a
plying the radial transform to the luminafygecomponent of the eye image and to the
cdculatedEyehMp. The position of the maximum valokethe cumulative resutdi-
cates the localized eye center

o hw ®Oi Qd Yw Y 311

where® fto  denotes the estitteal eye center coordinates Agthe radial symmetry
transform outputsof the luminance component anByb®&laplrespectivelA pictorial
overview of the complete eye localization system is illusti@itpa &3.10

Input Image

| Luminance Stuminance
|
Cropped Eye ROI

eomm—
EyeMapl eMa
Eye ROIs
=
Final Result Localized Eye Center y
| .

—

A

Figure3.100verview of the proposed eye localization algorithm. For clarity purposes, the images showing
the radial symmetry transform results are pseudocolored.

3.4 Experimental Results

3.4.1 Test Datasets

A large number of face datasets exist in the literature which are used fpoeegbur

eye localization. Thefsee datasets present a wide variety of different conditions (e.g.
illumination, image backgroyinamage asolutionshead poses, facial expressions and
occlusions. Moreovethe conditionsunder which the databases were construeted d
pended on the purpose which they are intended tq setheas eye localization, eye
tracking, facial features detectionkingcof gaze etd@he selection of specific face d

tabases for the evaluation of the proposed eye localization algorithm was based on some
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criteria that we defined. The first criteria was that the databases used should be publicly
available and distributé@e of charge; the main advantage of these databases is that a
larger number of results are reported for them. As the proposed method relies on color
informdion for accurately locahg eye centers, the second precondition was that the
databases shoutdntain color images. Moreover, one of the most important assets of
the proposed algorithm is its performance in low resolution images, and thus databases
that contain images of low regmn were also selected for evaluation. Fimalblyder

to test he resilience and robustness ofadgorithm to adverse conditions some of the

mo st 0 databakes (inutdrmis@f illumination conditions, occlusions etc) were also
selected. The face databasesl are described in the following paragraphs.

3.4.1.1 GTAV Database

The GTAV face databdd&7] contains low resolution color images (320 x 240 pixels)

with strong pose and illumination variations. It includes a total of 44 people with 27 pi
tures per person, which correspond to different pose vitws (?h T th ¢ 7h w ™

yaw angles) under ¢ler different illuminations (environment or natural light, strong light
source from an angle ofd, and an almost frontal rttong light source). Furthe

more, additional frontal view pictures with different occlusions and facial expression
variations armcluded. Under these circumstances, the GTAV dataset is regarded as one
of the most challenging databagesmple images of different people with different

pose, illumination and facial expressions are illustraigaiie3.11 Of all the images

in the database, 713 images (of all 44 persons) were considered for the evaluation of our
algorithm; images where the face detector failed to detect the face due to extreme poses
were excluded (i.e. all images with yaw angleg #i w7 as well as some images

with yaw angle of t 9, where one of the eyes was completely occluded). Images co
taining detected faces in which eyes were completely hidden (by sunglasses or hands),
were also manually removed.

2
2293
292¢

&
) {

(@)
Figure3.11 Examples of people in GTAV Database with (a) different pose views and (b) different illum
nations (top row) and facial expressions (bottom row)

4https://gtav.upc.edu/researdreas/facelatabase
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3.4.1.2 MUCT Database

The MUCT face databagk24 consists of 3755 color images (640 x 480 pixels) of faces

from people belonging to a wideiety of age and ethnicities, under varying lighting
conditions(Figure3.12a)) The images were acquired using five webcams, arranged at
differentpositions relatively to the subject; eyes are always visible from all positions, yet
there is a considerable variation in face Bgpse3.12b)) An analysis of the d@at

base ranks it among the most odifficultd p
[124, containing images with severe occlusions from glasses and reflections, various eye
states and head poses. Images where theldfiels face detector failed to locate the

face correctly (54 images, corresponding® Bfail percentage), were excluded from

the experiments.

(b)

Figure3.12(a) Sample images from the MUCT database and (b) the five camera views of one subject.

3.4.1.3 ColorFeret Database

The color FERE database of facial imadg¢t27 contains 11,338 images of 994 su

j ects. The Iimagesd resolution is 512 x 76F¢
and in order to conduct comparisons with other methods, only the frontal face (fa) and
alternate frontal face (fb) partitions of the database were considered, ireaultitad

of 2636 color images from all subjects. The subjects belong to a wide range of ages and
races while most of them are photographed wearing @assesample images of the

color FERET database are illustratdeignre3.13

Shttp://www.milbo.org/muct/
ehttp://www.nist.gov/itl/iad/ig/colorferet.cfm
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Figure3.13Sample images fraime color FERET database

3.4.1.4 BUHP Database

The BUHP databaSp 29 consists of 45 video sequences of 200 frames eachi{approx
mately seven seconds), where 5 sulffegtse3.14) perform free head motion indhu

ing translations and bothplane and owtf-plane rotations. The videos are acquired

under uniform illumination, in a standard office environment and the eyes are always
visible, except for some minor se&llusions. The images in the video sequences have a
resolution of 320 x 240 pixels and the head occupies between 20 and 50 percent of the
total frame area. The faces were not detected in 692 frames, correspggdingfto

the database, mainly caused by extreme head poses surpassing the working range of the
face detector.

3.4.1.5 Caltech FaceDatabase

The Caltech face dataligs€ comprises of color imaget higher resolution (896 x

592 pixels). It contains 450 face images of 27 people under various fasiahexqmes
lighting conditiongFigure3.15. The cases where the face detector failed to correctly
find the positions of the faces were excludedn@ddess). The Caltech face database was
manually annotated in order to define the ground truth for the left and right eye centers.

Figure3.15Sample images from the Caltech face database

ftp://csr.bu.edu/headtracking/
ghttp://www.vision.caltech.edu/htrfiles/archive.html
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3.4.1.6 BiolD Database

The BiolD face databdg&29g consists of 1,521 grayscale images of 23 different subjects
and has been taken in different locations and at different times of the day (i-e., unco
trolled illumination)The size of each image is 384 x 288 pBedtdes changes inill
mination, the positions of the subjects change both in scale and pose. Furthermore, in
several samples of the database the subjects are wearing glasses, winistamcesne

the eyes are closed, turned away from the camera, or completely hidden byhstrong hig
lights on the glasses. Due to these conditions, the BiolD database is considered a diff
cult and realistic database. A ground truth of the left and rightteys =eprovided

with the databasErom the 1,521 images of the database, 52 images were dxeluded

to unsuccessfdace detectiomlthough the BiolDdatabase contains grayscale images
(while our method worksith color images), it was included in experiments as it
comprises the most popular database for eye detection. Some images from the database
are shown ifrigure3.16Images form the BiolD database

Figure3.16Images form the BiolD database

3.4.1.7 Gi4E Database

The GHE databasggis a public database of images for iris center and eye comer dete

tion. The database consists of a set of 1339 images acquired with a standard webcam

( 8 0 Mipigel), corresponding to 103 different subjects and 13 images each. Every set

of 13 images consists of 12 images in which the user gazes at different points in the
screen and another image in which the wuser
and the corners are manually annotatefeigre3.17 some sample images taken from

the database are illustrated.

- 2208

Gi4E database

Shttps://www.bioid.com/About/BiolD-FaceDatabase
1http://gide.unavarra.es/databases/qide/
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3.4.1.8 Talking Face

The Talking Face videéd13Q consists of 5000 frames (576 x 720 pixels) taken from a
person engaged in a natural conversdttum.data set has also been tracked with an
AAM using a 68 point met The annotation scheme is showrigare3.18 Although

the annotation was performed samtomatically, it has been checked visually and is
generly sufficiently accurate to represent the facial movements during the sequence.
The main purpose of the databade &valuate how tracking improves the eye kcaliz

tion procedure in a controlled indoor environment, simulating an office or a hé&me wor
stdion. The main challenges eye localization dhe Talking Face video stem from the
unconstrained head motion and eye closures.

Figure3.18 Example images from the talking face database as well as the 68 amually annotated points on
the face.

3.4.1.9 Other Databases

Several other publicly available databasebbamereported in the literatuhewever

they were not used for evaluating our algoasgmost of them are not widely used for

the task of eye localization, they are not landmarked with the positions of the eye centers,
they contain monocular (grayscale) images or contain high resolution color images and
thus are noas challenging as theesrusedA collection of the most popular face d

tasets can be currently foundhtép://web.mit.edu/emeyers/www/face_databases.html

while a collection of the datasets containing manuatatons can be found at
http://Irs.icg.tugraz.at/research/aflw/

3.4.2 Performance Measures

The measure employed in order to evaluate the accuracy of the proposed &ye center |
calization method is the normalized error, first introduced by Jesorsiky3dt @his
normalizecerror] , also denoted as worst eyeregonsiders from both eyes the dete

tion with the greatest deviation from the true eye center and is formulated as:

T Gowd 6 hdé 06
A 0 A 312

whered ¢ are the localized by the proposed method left and right eye cenfefs and
stand for the manually labeled left and right eye ceasgrsctively. Thad 0 &

Uhttp://www -prima.inrialpes.fr/EGnet/data/GTalkingFace/talking_face.html
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term represents the interocculstance (distance between eye centers), and is used as a
reference valuefor normalizing the localization error.

Upon calalation of the normalized erfdior each image, the accuracy of the algorithm

was expressed as the number of the normalizedteatdied| below aassigned thres

old, divided by the total number of images in the databaseorBhegeror indicates
thatboth eyes are detected below the assigned error threshold. The thresholds used for
our tests wefie m& wwhich roughly corrpsnds to the distance between the aye ce

ter and the eye corners, m® which corresponds to the diameter of the iris and

T mdt uwhichcorresponds to the pupil area (precise localiza®shown ifrigure

319

Figure3.19Worst egeror thresholds. Concentric circles denote error threshplds mdt uyellow),
i 7% (green)and TR Yblue)

3.4.3 Color Radial Symmetry Method

Except from the proposed method which considers the cumulative radial tramsform r
sult in both the original and the EyeMapl image, we also examined the scenario where
the radial symmetry transfoisnperformed only on tHeyeMapimage (i.e. considering

only the™Y component irB.11), denoted hereafter @slor Radial Symn{€uy
orRS).ColorRS ixamined as an alternative solution, permitting a different tradeoff
between performance and computatiooaipleity. In particular, it generally achieves
slightly lower accuracy rates, yet the processing time is reduced. A choice of the most
appropriate method can be application specific.

3.4.4 Comparison with the State of the Art

The evaluation of the proposed Bgalization system yielded precise detections of eye
centers in all the databases tested. Our method performs remarkably well in challenging
illumination conditions, owif-plane rotations, in the presence of glasses and martial o
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clusions by hair, refteans or shadows-igure3.20 Eye center localization resultsain (

GTAV, (b) MUCT and (c) coldfFERET databases. Wav dots/crosses indicate the
localized eye centerH is also resilient to the eye state, as long as the eyes are not co
pletely occluded by the eyelids. The proposed system failed to extract accurate results
only in cases when the eyes were entirely closed or in extreme cases ithfimnave

tion and occlusion&igure3.21).

Figure3.20Eye center localization resultsathTAV, (b) MUCT and (c) colBERET databases. IYe
low dots/crosses indicate the localized eye centers

I.l.

Figure3.21 Examples of inaccurate eye center localization in GTAV, MUCT and color FERET databases
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The results of the proposed system were compared agahusttstadet methods for

accurate center detection in the literatureaRaainmetry transform is usedlibg for

fine localization of the eye centers, in coarse eye regions defined in advance, using Gabor
filter responses. Although the parameters of the radial symmetry transform»are not e
plicitly defined, a simulation usimgvide range of values yielded an upper detection
boundary for this approach. Timm ef{@8 propose a gradiebtised eye localization
approach utilizing a simple objective function, consisting of dot products. Although their
method does not yield superior accuracy for precise detectig (), it is reported to

have the best average performance over all vafjue3te method of Valenti et al.

[109, [11Q, [11], [113 which relies on isophoteirvdures reports a considerabhe-i
provement in accurately locating eye centers when compared to otbéthstaré

methods. For databases where the accuracy results were not explicitly reported in their
work (i.e. for GTAV and MUCT databases), a puldiajylable implementattéof

their basic algorithm using the optimal parameters (obtained through grid search), was

used for comparison.

GTAV database

Table 3.1 presents the performance of the proposed method againstf-siatart

methods in the GTAV face database. We observe that in theelavo | ut ii-on and
specific dat abase,
provement in performance over the rest of the approaches examined for high precision
localizationf( 18t ), as well as for detection within the iris &areat{®) and for

coarser detection of the eye drea {®& ). The large discrepancies between different
methods for accurate localizatipn (@8t ) can be attributed to the low resolution of
images; small deviations of a few pixels from the actual center can result in significant

cultd i mages of

change of the overall performance.

t he

Accuracy
Method
T mtu T ™™ T v

Proposed Method 87.1% 96.8 % 99.1 %
ColorRS 82.4 % 96.0 % 98.4 %
Timm et al[9§ 74.3 % 93.1% 96.0 %
Yang et a[118 76.8 % 91.8 % 98.6 %
Valenti et a[109 61.4 % 75.5 % 91.9%

Table3.1 Accuracy vs normalized error in the GTAV database

1https://staff.fnwi.uva.nl/r.valenti/index.php?content=EyeAPI
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MUCT database

In Table3.2 the superior accuracy of the proposed method for high precisiom-ocaliz
tion in MUCT face database is shown. Regarding coarser detections of the dris, the pr
posed method also achieved sopestes than the rest of the methods examinest. Lik

wise, while ColorRS achieved superior results than most methods for precise detection,
its performance was somewhat reduced compared to the proposed method. The main
strength of the proposed method arel @olorRS method is their performance for very
precise localizatidn 1@t ); the proposed methaekcelled by at legsi@ P , while

the ColorRS method outperformed the rest of the approachdsdsi|& b .

Accuracy
Method
T m8tu T ™ T T8 v

Proposed Method 92.9% 97.2% 99.0%

ColorRS 89.7% 93.6% 97.0%
Timm et al[9§ 78.6% 94.9% 98.6%
Yang etl.[119 81.6% 89.5% 94.5%
Valenti efal.[109 63.1% 76.7% 94.1%

Table3.2 Accuracy vs normalized error in the MUCT database

Color FERET database

The performance of the proposed algorithm in the color FERET databasemalso co
pared with statef-the-art method#n the literature is displayediable3.3. Three adé

tional methods, mentioned in section 3.2, were also considered for comparig the pe
formance. Té proposed method demonstrates higher localization rates than the rest of
the methods, in all the examined cases.

Accuracy
Method
T m&tu T ™ T ™

Proposed Method 79.6 % 98.3 % 99.6 %
ColorRS 76.8 % 98.2 % 99.6 %
Valenti et a[111 74.4 % 96.3 % 99.2 %
Yang et a[119 74.6 % 96.6 % 98.7 %
Timm et al[9g 72.6 % 97.1% 99.2%
Campadelli et 402 67.7 % 89.5 % 96.4 %
Duffner et al[137 79.0 % 97.0 % 99.0 %

Kim et al[119 91.8 %7( T8t **

Table3.3 Accuracy vs normalized error in the color FERET database
* Average normalized error
** Proposed methofl 18t ) 96.2 %
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Although the color FERET database contains higher resolution image, without pose
variations and with good illumination conditions,rttes for precise localization are

reduced compared to the previously examined,ondrea | | engi ngo6é edat abase
nomenon is attributed to the ground truth being sometimes unreliable, as also reported

in [32]; in most cases the eyes are annotateldeseyvithin the iris area and not in their

true center. As a result, in most ef the ¢
tect the eye center, the localization is more accurate than the manual annotation. This

also gives reasoning for the iigancy between localizationsf for m8t vandi  ®

(¢ m Rwhich is observed for all the different methods. In the current dataset, the good
performance of the proposed algorithm can be mostly witnessed for localizations within

the iris area, with thailure cases occurring when the eyes are obscured to a great degree

due to reflections from the glasses or are totally closed.

BUHP database

The performance of the proposed method in the low resolution color images of the
BUHP database is showable3.4. The proposed method presents superior accur

cies compared to the ones obtained using the methdosnofet al[98 andYang et

al.[119 as well as to the accuracies reported by Valenti efld(] msing both their

original method and their method robustified by using head pose cues. The ColorRS
method performs slightly worse for very accurate localizationstingesemparable
performance to the second best method. For detections within the iris area the proposed
methods share the best performance among the rest of the systems tested, while for
coarser detection within the eye area the methéaesfti et dl11J incorporating pose
information has a slight edge.

Accuracy
Method
(L T P T
Proposed Method 62.5 % 89.7 % 95.4 %
ColorRS 59.7 % 89.6 % 95.8%
Timm et al[9§ 60.0% 889 % 96.1%
Yang et a[119 46.7% 72.6% 91.7%
Valenti et a[11Q w/pose 31.9% 77.3% 96.7 %
Valenti et a[11q w/o 40.6% 61.7% 77.7%
pose

Table3.4 Accuracy vs normalized error in the BUHP database

Gi4E Database

The proposed met hodds per f olabledSiloseeadiom Gi 4 E
the measuring the accuracyiformg andi 1@ v a new measure is defined in the

specific database, denotedsésbal Accuradye Global accuracy is an average of the
performance for differentand is given as
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OaE QOAO DODDELD O Ddg 6 bdg To 33

Drawing fromTable3.5, the proposed method outperforms all the different methods
reported on the database. The comparison of different methods can be also found online

at the database leaderb&ard

Accuracy
Method
T m8tu Global Accuracy
Proposed Method 98.5 % 90.1%
ColorRS 96.3 % 87.6 %
Timm et al[9g 96.1 % 86.1 %
Villanueva et g133 90.6 % 79.4 %

Table35 Accuracy vs normalized error in the Gi4E database

Caltech database

Table3.6 presents the accuracy of the proposetiodan the images of Caltech face
database. In this case, due to higher resolution and absence of occlusions, the proposed
method achieves almost perfect localization in every case.

Accuracy
Method
i T8ty T P T
Proposed Method 99.8 % 100% 100%
ColorRS 989 % 99.5 % 100%
Yang et a[119 98.2 % 98.4 % 99.1 %
Valenti et a[109 89.8 % 98.6% 99.9 %
Timm et al[9g 89.4 % 98.9% 99.8 %

Table3.6 Accuracy vs normalized error in the Caltech faces database

BiolD database

The BiolD datdase is not the most subta database for evaluating the proposed alg
rithm (asit containggrayscale images while our method is designed to work optimally in
color imag@showeverpeing the most popular databaseefe detection, we tested our
algorithm using a modified version that does not use color information. This evaluation
was carriedutin order to get an estimation of the performahcar system in BiolD

The modified version of tiroposed methodoes not usthe eye maps derived from

color information but only the luminance component (obtained by considering only the
“Y comporent in3-8). The results for our method (denotedwainanceR&re shown

in Table3.7 Accuracy vs Normalized Error in the BiolD databbs®y withmost of the

Ihttp://gi4e.unavarra.es/gide/leaderboard.asp



http://gi4e.unavarra.es/gi4e/leaderboard.asp

Eye Center Localization

eye detection methods reported on that data¥&sean observe thfar an allowed
error ofT ™8ty LuminanceR&monstrates the highest accuracy along theth
MICs+SIFT methogroposed irf11]. Regarding coarser detection, LuminanceRS pe
forms comparably to the best methods. To the best okmawledge, theomplete
proposed algorithmsing also colanformationoutperforms thé.uminanceRsall the
experimentghat weconductedand thus, if we were confronted with the corresponding
color images, an even higher performanocdd be expected.

Accuracy
Method
T 18ty T T T ™ v
LuminanceRS 86.0 % 92.0% 98.8 %
Valenti et a[11] 86.1% 91.7% 97.9%
Asteriadis et §.7] 74.0% 817 % 97.4%
Jesorsky et 137 40.0% 79.0% 91.8%
Campadelli et 402 62.0% 85.2% 961 %
Kim et al[115 n/a 96.4% 98.8%
Bai et al[134 37.0% 64.0 % 96.0 %
Cristinacce et al. 56.0 % 96.0 % 98.0 %
(139
Turkan et a[134 19.0% 73.7 % 99.5 %
Hamouz et a[137 59.0 % 77.0 % 93.0 %
Niu et al[139 75.0 % 93.0 % 98.0 %
Timm et al[9§ 82.5 % 93.4 % 98.0 %
Kroon et al[139 65.0 % 87.0 % 98.8 %
Asadifard et aJ14(Q 47.0 % 86.0 % 96.0 %

Table3.7 Accuracy vs Normalized Error in the BiolD database

3.4.5 Pose and lllumination Invariance

To quantitatively evaluate the robustness of the proposed method to pose and lighting
variations we employed the GTAV and MUCT databases, appropriately segregated into
swbsets of different poses and illuminations. When referring to pose, solely out of plane
rotations were considered (headodoglang aw and
rotations of the face (roll angles) have absolutely no effect on the perfofniaace o
proposed method (on condition that the R@dscontain the eyes). In GTAV database,

three lighting subsets were created (natural light, strong light source from an angle of

and an almost frontal matirong light source) which, in turn, were satihinto five

subsets of different posesh( o #h 1 d yaw anglgs Each different subset contains
images from all 44 subjects of the database, including also the cases where the face dete
tor failed (reaching its detection limits regarding out ofrplatien), to which the faces

were manually annotated. The results for each illumination and pose variatiot-are repor
ed inTable3.8. To gainbetter understanding of how the pose influences localization
performance, instead of considering the worst eye, we obtained the accuracy for each eye
separately (Left/Right).
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Pose

IHlumination

Natural

Strongt 0

Frontal midstrong

)
otft

88.6/45.5%
95.5/81.8 %

90.9/54.6 %
90.9/90.9 %

73.3/40.0 %
88.9/77.8%

™
oft
16

97.7/95.5%
86.4/90.9 %
59.1/81.8%

100/95.5 %
84.1/93.2 %
52.3/65.9%

97.8/97.8%
82.2/91.1 %
66.7/77.8 %

Table3.8 Effect of change in pose and illumination in GTAV database for Left/Right &ye ar@i v

The best accuracy is reported for the frontalstraehg illumination with neutral pose

(seeTable3.8), which usually resembles the case of photo shooting in a contrelled env

ronment. The average feemance was almost equal for the natural (uniform) lighting
and frontal miestrong lighting, where phenomena like uneven or low contrastadlumin

tion and shadows are usually less observed. With regard to the pose variatmns, the pr

posed method retainedry competent performance, regardless of the pose. Tlae accur
cy of the proposed method inevitably decreased for greater poses, but mainly for the eyes

at the opposite side of the face as only a part of the eye and its surrounderg area r
mained visible. Thaoticeably lower accuracies of the eyes in the opposite side, at the

extreme cases oft dare attributed to the great degree ofoselusion from the face

(in most cases that eye is not visible at all), hence eye localization is rendered obsolete.

Regarding the MUCT database, given that each subject was photographed with two or
three random lighting setups from a total of 10 different lighting setups, only subsets

with regard to pose were created. The arrangement of 5 cameras, as d¢$2dbed in
allowed the categorization of all subjects in 5 pose categories, each ctsitamipg

es: neutral pose’], ¢ mtand o Yyaw angles,¢ pand ¢ ¢épitch angles.

P Illumination
ose
T m8tu T ™ T ™o

® 94.0 % 97.6 % 99.1 %
¢ lOradn 93.7 % 97.7 % 99.6 %
o POd 0 90.3 % 95.4 % 98.2 %
¢ én a8 ¢ 94.9 % 98.8% 99.6 %
¢ An Q8 ¢ 91.5 % 96.3 % 98.3 %

Drawing on the results diable3.9,

Table3.9 Pose invariance in the MUCT database for different accuracies

the difference

nr-t he

mance was marginal for the fand somewhat reduced foo dyaw angles. Pitch-a
gles did not affect the performance significantly; when thevagatightly tilted blac
wards (¢ épitch angle) we obtained the best performaves over the neutral pose
while in the case where it was tilted forwaydgipitch angle) a slightly lower perfo
mance was reported. A closer examination of this deicrgeséormance for bigger

pro
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yaw and pitch angles yielded the following: in the neutral case, the irises are positioned
directly towards the camera, getting the best visibility possible. As the angleswas increa
ing, a smaller segment of the eyes was \eyiblashes distorted or obscured the shape

and appearance of the iris, whereas the nose (for yaw angles) and eyebrow structure (for
pitch angles), which protrudes with regard to the eye socket, often causedfshading e
fects.

3.5 ParametersSensitivity Analysis

In order to obtain a deeper understanding of how the various parameters affect the pe
formance of the proposed system and discover room for improvement, we performed a
sensitivity analysis of all its different parameters. The experiments were coimdyucted us
the MUCT database; we chose the MUCT database as it contains a great mamber of i
ages (3755 images), presenting great heterogeneity regarding illuminations, ethnicities,
occlusions etc and thus can yield very representative results.

Regarding the paraers®%UA2 ACET %Z EdnO@®BUA2 ACET DY BHbQE O

the formeris used as a reference value on whichgtheb,@ and ¢ rely; he

%UA2 ACET ik gived @k fixed proportion of theeU A2 A C E Tand thé anly
presuppositiors that it is big enough to contain the eyes, even for bigger rotation angles.
In order to evaluate the influence of variatiorts OfA 2 A C E Tin theEpedoEmance

of the proposed method we perform experiments with different sizes of
%U A 2 A C E I, ke@pihd dllithe other parameters as they are. The performance of the
algorithm for different eye region sizes, ranging from the largest fessibéye region

is half the face @'Y & "O® & Q cXXYA6 the smallest possible (the eyes are nilgrgina
included inside the egagions 0l0'Y & "0& @ Q cfXare shown iffable3.10. Indic-

atively, in order to have an estimation ofrttez\al in pixels, given that a mean face size

in MUCT is 200 pixels tteU A 2 A C E | in th&ekgeBments spans from 50 pixels
(O'Y® "O& ¢ Qo6 100 pixelsq'Y o "0O& ¢ Q X o

oY Accuracy

w

T T@8tu T T T® U

"0l 90.1 % 96.4 % 98.4 %
"Ouifcg v 91.2 % 96.5 % 98.5 %
"Owfc® 92.4 % 96.8 % 98.8 %
"o(;);rgs( v 92.9 % 97.2 % 99.0 %

"Owfo 93.0 % 97.1 % 99.0 %
"Owfog v 92.8 % 96.8 % 99.1 %
"Oufo® 92.3% 96.7 % 99.1 %
"o(;);ros( v 92.0 % 96.6 % 98.9 %

Ol 91.3% 96.4 % 98.5 %

Table3.10Sensitivity analysis of #d) A 2 A C E T %27 EwitidrEspect to the detected
"0 G 'Q D
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As observedfrom the results, variations around the chosen \#Hu®'Y w

00 ©'Q (fXQdip not have a noticealafect onthe method's accuracy. This signifies

that variations in the dimensions of the detected face and thus the size of the eye region
do not have a noteworthy influence in the system's perferriitiecperformance starts

to deteriorate for very large or very small eye regions but again not very significantly.

By examining different values of the radial strictness patamegteran conclude that

the selection of the lowest valug of Ttyields the best results as it also makesiless r

dially symmetric objects standdialle3.11). The selection of the sgecialue gives

good resu#t even when the eyes reach their limits regarding their circular pattern, e.g. in
the case when the eyes are almost closed or they are found in extreme positions inside
the eye socket.

" ACCUI’acy

@ T @t T Y
o T 92.9 % 97.2 % 99.0 %
@ o 90.7 % 949 % 97.9 %
@ C 86.8 % 91.3% 96.0 %

Table3.11Sensitivity analysis of the Radial Strictness Parameter

In order to define the radius of the structuring elemehtsd @ndoc’y & 'we chose a
dynamic value which depends on the size of the iris and thus on the size of the
%UA 2 A CEI(DI7BiAO&ESQan intermediate parameter used which is firmly defined
as’oi Qi Y®mQ'Y'Q "QQ& K dgi (icboder tgustify our claim that only a roughi-est
mation of the size of the structuring elements is adequate, we ran experiments for diffe
ent sizes obpY O'®WCY &'@B given as a constant proportiondpfy OJQAs can be

drawn from the results Table3.12, variations of the radius around the chosen value of
'Ol Qi rrpicvoke very small differences in performance.

v ., ACCUI’acy

opY T o T T @ v
‘OTpat 90.7% 95.5% 98.0%
O']fp& 91.5 % 96.0 % 98.3 %
‘Opa 92.0 % 96.4 % 98.6 %
O 92.3 % 96.6 % 98.7 %
Omfﬂ_j 92.8 % 97.0 % 98.9 %
OFe 8t 92.9 % 97.2 % 99.0 %
OR& 92.8 % 97.2 % 99.0 %
‘ONa 92.8 % 97.2 % 99.0 %

Table3.12 Sensitivity analysis@p'Y ¢ Rith respect to th©i Qi "O&H'Q
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The last parameters that are dynamicdihedeare the minimum radiéis and ma-

imum radiusg which determine the set of radii used for the radial symmestry tran
form. Drawing orthe results offable3.13 alout the minimum radius , the best
results are reported for values ard@i. Aswe reach the borderline cas&ap, the
performance starts to drop sfgraintly because impantradii (the ones which are close

to the borders of the iris and thus have the greatest contriloutfonding its center)

are not taken into accouRtegarding the maximum radius , it is observed from
Table3.14 that the larger the set of radii, the better the performance that is reported.
However, the value w0 tan be regarded as a turning point beyond whichrthe pe
formancereaches plateauwhile the complexity majorly increases. Indicatively, in a
typical image of the MUCT database if'@he Qi Cotsélponds to 7 pixels the radii
from ¢ R "O¥HRO is the intervaltho v while withg YJOY the
interval becomeshu @ which requires almost twice the number of calculations. Given
that the complexity linearly increases with the number of the additional radii, while the
performance is marginally improved after the turning point, the val@€yafan be
selected as the optimal tradeoff between performance and complexity.

. ACCUI’acy

¢ T @ T T @ U
‘O¥pst 79.4% 96.2 % 99.0 %
O 91.5 % 97.3% 99.2%
O 8t 929% 97.2% 99.0%
ON D 921% 96.2% 984 %
OTost 914 % 95.6 % 97.8%

Table3.13 Sensitivity analysis of the minimum radiuswith respect to th®i Qi 0% Q

. ACCUracy

: T T B
¢ JOY 89.4 % 92.7 % 95.2%
6 JO'Y 91.6 % 95.3 % 97.3 %
[ JOY 92.5 % 96.6 % 98.5 %
L JOY 92.9 % 97.2 % 99.0 %
0 JO'Y 93.0 % 97.3 % 99.1 %
¥ JOY 93.0 % 97.3 % 99.1 %
wIO'Y 93.0 % 97.3 % 99.2 %

Table3.14 Sensitivity analysis of the minimum raglius with respect to th®©i Qi "0 'Q

3.6 Iris Contour Estimation

Given the detected center of the eye (which is actually the center of the iris) we can use
further processing in order to define the contour of thélvesaccurate detection of
the iris contour can assist towards more accurate gaze estimation aexiptaitebleto
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get information about the eye state (i.e. level of opening of the eye) dhélmiain
challenge of detecting the iris contour reliably is the partial occlusions of the iris by the
upper and lower eyelids. Because of this inherent tyifimahy iris contour detection
systems lack the ability to distinguish between the iris contour and eyelifiléddntour

In order to estimate the contour we exploit the radial syyniresform usedn an

eye image the most abrupt changes of intensity, which as a result produce the most
prominent edges in the gradient image, are located at the boundary between the sclera
(the white part of the eye) and the iris. Moreover, thdéatinenof these edges @ t

wards the centef the eyeWhen applying the radial sy mmet
edges in the gradient | mage alfaweepkelneg Omo st
in the center of the eyfieigure3.22). Motivated by this, thdea is from all the radiirco

sideredn the radial symmetry transfaiwndefine which radius had the most prontine
contribution to the detected eye center.

=

Figure3.22 The orientation of the pixels located at the boundary between the sclera and the iris towards
the eye center

In order to estimate this radius which has the most prominent contribution ¢ the d
tected eyeentey which corresponds to the radius of tise we invgtigate two different
methods

3.6.1 Method 1z Affecting-Affected pairs

Concurrently with the radial symmetansformin the grayscale componer ereate
two matrices containing théfectquixelsandaffecting pix@lse affecting pixale all the
pixelsn in the gradient imageee sectioB.3.3 that are above a usiafined threshold:

‘ . on & 50 0
& A Ao 34

As describedn section3.3.3 the affected pixels are defined the pixel that the gradient
vector of anaffecting pixeln is pointing to, of distanceé away from
n . Thecoordinates of thefacted pixels are given as ir3dg.
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In this way two matrices are created for emdibse, theaffecting pixels matrtk the

affected pixels mawixtaining the indices (coordinates) of affelcting pizeld affected

pixel The affecting pixels marof sizel p whered is the number caffecting pixels

while the affected pixels metrof sized 0 whered is the number oéffecting pixels
(samewith the number offfected pixelsdi is the set of radii. In this way, for each
radius, a pair @ffectirajfectedatrices is created (thkecting pixels miattixe same for

all radii).Given that eachffecting piielaffecting a singldfected pikallso se&igure

3.8), the two matrices have the same number of elements in corresponding order (i.e. the
first affecting pikekhe matrix is affecting the fiedftected pixetheaffected pixels matrix

ard so on.

Once the eye center is dete¢ezd3.10) we define aselected affectedipdadfected pixels
which are located closely around the center (within a radius of 2 pixels). salecadh
affected pixke correspondingffecting pixale searched for, for all the rédiAn ex-
ample of theselectatfecting pixelich affect the detected eye ceistehown irFigure
3.23 We can observe that masfecting pixais located at the iris bound&iven these
selected afffgmitielsour goal is to find the radizigor which contains most of tiselected
affecting pixels.

Figure3.23 Theselected affecting(pineldots) which affect the detected eye center (red cross)

For each of theelected affecting wealempute thEuclidiandistance from the detec
ed eye center. For the example depictejime3.23 the histogram of all the @drstes
is computed irFigure3.24. As expected, theajority of the disteces are gathered
around thevalue which corresponds to the iris radiys ¢ “Qw)Qla orderto distn-
guish between distances that correspond to the iris radius and outlier&-meanse
clustering to automatically separate them into two clusters.

To initialize the centers of the two clusters which separate the distances indwo categ
ries, nenely, iris radii and outliers, we assign for the first group the estimateidsris rad
(as in eB.4 and for the second group the maximum distance.
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Figure3.24 Histogram of the distances of getected affectingfijuirethe detected eye center

Optimally, once thk-means algorithm converges, the first group should contain values
close to the actual iris rad. In the current example, the resulting distances which result
from thek-means algdhm, as well as the corresponding locations affibeting pixels

which correspond to these distances are depidtegline3.25 Having the coordinates

of the affecting pixels belonging to the first category, we seek a methodical way to derive
from them a single value which corresponds to the radius of the irfgs fparpose
threedifferentsubmethods have been evaluated, described in the following paragraphs.

30

(@) (b)

Figure3.25(a) The histogram of the distances clustered in two categories araff@titng pixedtorg-
ing to the first category

3.6.1.1 Circle fitting

Having obtained thaffecting pixglich are mainly found at the boundary of the iris, a

circle can be fitted. To this end we have chosen the circle fitting algofithg) tfe

algorithm fits a circle to the given points by minimizing the geometric error (sum of
squared distances from the points to the fitted circle) usiligemneast squaréx-

cept from the fitted circleds radius, t he
fitted circlebdbs center coordinates. Howeve
used for fitting belong to the actual iris boundary, the fitting is ng$ aaisfactory

and usually the estimated fitted circleds
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from the proposed eye localization ralgm (as will be shown in secti®.3. The
result of the circle fitting in the abawsed example is shownFigure3.26. This circle
fitting method will be also denoted hereafter ass@RARAffecting Affected Paircs
Circle Fitting);

Figure3.26 Fitted circled theaffecting pixels

3.6.1.2 Mean Value

Given the distances of the points that belong to ghgifaup which correspond to the
iris radius, we compute a single value by computing the mean of these tistiaeces.
absence of outliers which could negatiaéilyence the result, trsgmple and straigh
forwardapproaclyields vergccurate results.

A variationof this method involves computing the radius of the iris for both eyes simu
taneously. On the presumption that the irises in both have the sa(aéhaalghm-

agewise the irises may appear to have slightly different sizes due to different states of
each individual eye or other occlusions) we consider the aggregasdfexdtimg pixels

and the respective distances for both eyes. Having theedistancboth the eyes, the

mean value is computed. For our experiments, the two methods described & this par
graph will be denoted as ANMA and AAPM2 respectively.

3.6.2 Method 27 Intermediate Planes

The secondechnique for finding the most promineontribution to the eye center
(which normally corresponds to the irisugdis by storing all the intermediate planes
for each radius. Beginning from eq. 38e define the intermediate varidbhhich is
defined as

O v 35
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which constitutes the combination of the magnitude projectioniimagel the orie-
tation projection image , before convolving with the Gaussian kernel which serves for
spreading the area of influence of effefcted pixel

The main idea is, g i Vv e nto exdmene whieh obthetiled cent e
mediate planes presents the largest valugf@ specific coordinates

AOCIi=A @
A 36

where ®hdo are the detect eadéi¢ éntierlds .moor di nat e
derto further improve the robustness, except from the detected eye center coordinates

we also consider tlagljacenpixels around the detected eye center (in a radiusxef 2 pi

els).

Finally, the results are further improved if we consider simultaneouslyeséor both
eyesdetectedin this respect eq.6hecomes

AOGCIAG: o ® © 1 o @ 0

whereg v § & R . Thetwosubmet hods of the olmter medi
ods are denoted in tb&perimentas IR1 and IP2 respectively.

3.6.3 Expeiments

Given the two methods for defining the iris radius and their variations, we eventually
obtain five different technigs that we evaluate on the Caltech face databasel-The Ca

tech face database wasnually annotateéd obtain the iris radius for all the images in

the database. In order to measure the performance diffthentmethods theerror

between the detecteddathe estimated iris radius was compuwtél, respect tahe
6referenced interoccular distance (distanc
eye centeys

A 0 A 38

The results for the different methods are depict@@bie3.15 We observe that the
AAP-CF method presents the greatest error while {Bedports the best performance.
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The error for the AARCF ismainly attributed to the outlier points which are not-elim

nated by th&-means procedure and influence negatively the circle fitting, rendering it
inaccurate in some cases. A very important observation is also that for the same method,
when considering bo eyes, the results are improweevery caseThe results for a

sample image for all different methods described, is shenyaregB.27.

Error

Method :
Left Eye Right Eye
AAP-CF P8t w p& P pdtu pg P
AAP-M1 Y pP Yp T P p3t P
AAP-M2 T80 ¢ T8O P TR ¢ T P
IP-1 Y T8O Y oY p
IP-2 @ Y p8t P @) Y p8t &

Table3.15Error (meartN st andard deviation) of the irises radi.:
proposed

(b)

(d) (e)

Figure3.27 Results of different methods for a sample image of Caltech databaseCfa) BARAP
M1, (c) AAPM2, (d) IR1, (e) IP2

3.7 Eye Center Tracking

As the appearance of the same target in an image sequence is continuously affected by
changes in lighting, desions, camera imperfections etc. and the target is difficult to
observe in every frame, the exploitation of temporal information can be a major benefit.
Tracking is performed in order to smooth the eye detection noise by taking advantage of
the continulg of the motion between successive frames.

3.7.1 Related Work

Eye tracking approaches throughout the literature can be broadly divided in three diffe
ent categorieaccordingo the representation of the target to be tracked; theseirare
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trackingkernetrackingnd contour trackiktybrid methods combining two or more of
these categories have also been repéitdtie reported methods involve eye tracking
usinga single camera under natural lighting conditions.

In point trackitige eyes detected in consecutive frames are represented by points and the
association of the points is based on the previous object state which can include object
position and motion. This approach requires detection of the eye in everyhHeame.
trackingof points is a complicated problem, especially in the presence of occlusions and
misdetections. Overall, point correspondence methods can be divided into two broad
categories, nameflgterministicd statisticahethods. The deterministic approaches use
gualitative motion heuristics to constrain the correspondence of the consecutive points
detected in every frame. On the other hand, probabilistic methods explicitly take the o
ject measurement and take uncertainties into account to establish correspendenc
tween detected pointsim et al in[109 locate the iris region using a contoastrator

to intensity differences between the center region and its neightipangarel the
detection accuracy is further enhanced using a Kalman tiadsen et al. [6] employ

an activeeontour method to tradkeiris. It is based on a combinatadra particle filter

and the EM algorithm. The method is robust against the changes of ligtaitignc

and camera defocusing.

In kernel trackitigg eye@shape and appearanceraoeleledThe eyeswhich are repr

sented as primitive object regians tracked by computing the motion in consecutive
frames. Th@bjectmotionisin the form of a parametric transformation suchffase
transformation andranslationA real time tracking scheme using a rak#incolor

tracker and an Active Appearanuadel of the model is proposed143. Tian et al.

[144 propose a method of tracking the eye locations, detecting the eye statés, and est
matingits paraneters. They develop a dsialte eye model and use it to detect whether

an eye ispenor closed.

In contour trackapgproaches the eyes are tracked using shape matuhistgage to be
tracked is usually a circle or an ellipséracking is performed by estimating the object
region in each frame. This method can essentially be considered as object segmentation
applied in the temporal domain using the priors generated from the previous frames.
Hansen and Pe¢#&07 also model the iris as an ellipse, fitting locally the ellipse to the
image through an EM and RANSAC optimization scheme. Their method allows for mu
tiple hypotheses trackinging a particle filtein the work of Wu et a[141]], the iris

contour is tracked in a 3D eye model in order to estimate gaze difaetipaper in

[143 describesa sophisticated method to estimate the gaze direction by tracking the iris
contours. However, their implementation requires aatatilmamera and zoom ldns.
generatontour trackapproaches as wellkesnelrackingpproaches require images of
higher resolution in order to yield a good performance.
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3.7.2 Kalman Filter

The Kalman filtef144, [147 is a recursive, adaptive filter that estimates the state of a
dynamic system from a series of (noisy) measurements, by minimizeantbé the

squared error. The implementation of the Kalman filter is fast and efficient, requiring
only the tracking estimate of the previous frame. The target to be tracked is the position
of the eye center (x coordinate, y coordinate). The proceduitzedeselow is applied

to each onef the eye centers, separately. The Kalman filter estimates a tracking process
by using a recursive methodskaswn inFigure3.28 the process state is first predicted

(time update equations) and then feedback is obtained in theffoneasurements
(measurement update equations).

"

Time Update (“Predict”) \ Measurement Update (“Correct”)

Kalman gain computation

State prediction Kr — Pt_HT(HPt_HT 4 R)—l
S Axt_l Estimation update with current measurement z
Error covariance prediction X = X + K (z. — th_)
Pt_ = APt__lAT + Q Error covariance update

Py :([_KtH)Pt_

t N~

Initial estimates for x.,; and Py,;

Figure3.28 Overview of the Kalman filter equations

The time updatgquations project forward in time #iate vectotw andstate error @
variance matriX , to obtaina priorpredictions for the next time stgwedictor egar
tions). The predicted position is the expetteasurement, given all the previousimea
urements. The stat@nsition matrix is derived from the theory of motion undamn-co
stant acceleration whiledetermines the processise covariance.

The measurerhapdateguations are responsibleifarorporating the new measurement

into thea priorprediction in order to obtain an improved estimate (correcfi@iions).

The Kalman gain reflects the relativienportance of the predictiab to the sta
measuremenb.The matrix that relates the state space with the measurementspace is
denoted a¥ while'Y is the measurement noisecovariance matrix. The Kalman gain is
used to update thwedictionw, given the measurement The finalstep is @ obtain

thea posterierror covariance estimate
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3.7Eye Center Tracking

3.7.3 Kalman Filter Implementation

This section presents a more detailed view on the specificities for the implementation of

the Kalmarfilter and the various parameters that needed to be tuned. At the first frame,

the tracker waigitializedwith the positions of the eye centers detectedeantialized
with every new face detectitwilowing a failure to locate faces in the imEge state

matrixwhas four components, namely, the position of the eye center in the x and y axis,

as well as the velocity in the two axis (the acceleration is regarded as Gorestant).
that onlythat x and y coordinates of each target (eye) are ahsbereneasurement

matrixois:

© A

A3
b=

The state transition matfix derived from the theory of motion understant accelar

tion, is given as

4 370
4° 3
4o 9°

Tt

Tt

H47° A4

Y

The measurement noise covariance parampteactically determines the sensitivity of
the tracker to the measurement updates. Higher valveseain less weighting on the

current measurement and more on the predicted state derived from the previous est

mates, thus resulting in a smoother movebwnteen successive frames. Lower values
of 'Y mean heavier weigig on the current measuremeesulting in a more responsive
tracker. Due to the nature of the target to be tracked, a relatively low wglweasf
assigned tov, ensuring that the tiker is responsive enough to follow the abrupt
movements of the eydhe determination of the process noise covariance magrix

generally more difficult as we typically do not have the ability to directly obseove the pr
simpl e

cess we are estimating. Arelate | 'y

model

pr og-ess

tydcan produce acceptable results and thus the identical matrix was assigned to

3.7.4 Proposed Eye Tracking System

In the scope of the current eye tracking application, tracking assists and thgroves

mo d

detection accuracy in two occasions, namely, in cases of sparse false eye detections and in
cases that eyes are completely closed, as described in the following paragraphs.

3.7.4.1 False Positives

False positives signify the cases of sporadic erroneousrggtecturring when the
circular eye pattern is seriously altered by several (exogenous) factors such as highlights
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or shadows, abrupt changes of illumination and head motion. As a consequence, other
facial locations such as eyebrows and eye cornenmsdnay@ominent radial symmetry
values. To tackle this, an approach which considers all the locations of higimradial sy
metry and chooses among them, is proposed.

In each iteration of the Kalman filter, after the execution tfrteeipddtpéediét) a-e q u
tions, rather than using the coordinates derived frodldglocation of the global
maimum in the final transformed image) as the current measugiementonsidered

all the locations of the local maximaaaglidate eye cdbitezn theseandiate eye centers

we established a technique for choosing one of those to serve as the curreat measur
menta for the Kalman update process. The optimal choice would then be the candidate
eye center which presents large radial symmetry value combirsedmall distance

from the Kalman predicted locatian. Given these two components®@fv al ued and
0di st an aeotbinat®n sshermekwhich can achieve the optimal tradeo by ma
imizing the former and minimizing the latfepictorial example of the describedopro

lem is shown ifigure3.29

Figure329An exampl e showing the tradeoff thast needs to
tanced components. The green ci regelcenterpesiiomiilee s t he o6 pr
the red peaks areetlocal maxim@déndidate eye ¢atdadved from the proposed algorithm. The values of

the local maxima as well as the distances from the Kalman predicted position are also shown.

In order to optimally calculate this tradeoffa 6 ¢ o n fd whsassigeed to eagH u e
candidate eyesiter, based on the weighted SUM combination rule, which constitutes a
linear method, defined as

o ] 0O 3 hQ oM 39

where( is the number of theandidagye centégrs andr represent each cooyp

nentds score, formul ated as a pseudoproba
component to the overall decision, was adjusted by using suitablé)weigimso

which add up to 1. Because of the heterogeneity of the values in the two components,

they were formed as pseudoprobabilitiebyalizationo the rip interval.

71
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Regarding the 6distanced component, the no
cener against the Kalman filter predictiowas calculated:as

n P —g —hQopBl 320

whereQ O denotes the Euclidean distance betweencaadidate eye @mtdahe Kk
manfilter predictiony is the number of candidate eye center€andis the inte
occular distance (used as a reference distance), as calculated in the previous frame.

Regarding the o6valued component, nor mal i z:
against the maximum value, and was calculated as:
&)

N (b—ﬁ Q pB R 3.210

whereb is the number of theandidate eye cevitethe value that the radial symmetry
transform yields at the location of each candidate eye cenber aadhe global nxa

imum of the radial symmetry transform. The ad hoc normalization measures defined
above, were chosen over the most commondlyamses{14g, presenting superior ieff

ciency. The weighting of each component can be tuned according to the specificities of
each database in order thiece optimal results. However, an equal weighting scheme
reports satisfactory results, as will be shown below.

3.7.4.2 Closed Eyes

Closed eyes signify the cases when the eyes are completely occluded by the eyelids and it
is no longer possible to detect themgaudire current approach. Similarly to the false
positive case, the positions of maximum radial symmetry values are located away from
the actual eye areas, displacing the tracker and making it more challenging to recover to

the eye centers when the eyeseedpn t hi s respect, we expl oit
to predict in order to infer whidhe most likely position of the eye area the sg-

ceeding frame. As |l ong as the eyesh-remain
out executing theeasement updatqg uat i ons (6correctingodo). A

maximum radial symmetry value in two consecutive frames, in both eye ROIs served as
the criterion to indicate that the eyes are closed. In each iteration, a threshold value was
set to 80%of the maximum value in the previous frame. Below that threshold-the Ka
man filter 0pr tniupddtspdforeach frame, until thg maiximuen

radial symmetry value exceeds the assigned threshold. Given that eye closures usually
occur fo a limited number of frames, in the course of which head movements are co
strained to a certain motion pattern initiated in the previous frames, eyes centers are
tracked with high precision.
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3.7.5 Experimental Results

To consistently evaluate the improvement in performance using tracking, several tracking
schemes were assessed in BUHP and Talking Face databases. The performance of the
proposed detection method (Without Tracking) was compared against the basic Kalman
filter approach (KF), thmodified Kalman filter approach including the tradeoff measure
which compensates for tf@se positif¢s + FP) and, finally, the latter including the
Kalman filter prediction which assists in the caskséd efls + FP + CB), as d-

scribed in sectioB.7.4 For BUHP database the tracking resultsvéost epeediction

are presented ifable3.16

Tracking Accuracy
Method T oT8tu P i TR U
Without tracking 58.3 % 84.5 % 93.6 %
KF 58.2 % 84.5 % 93.7 %
KF + FP 59.6 % 86.9 % 96.0 %
KF + FP + CE 59.7 % 87.0 % 96.0 %

Table3.16 Tracking results in BUHP database

An average improvement of¢® b was observed for all normalized errors examined,
with the contribution of the tracker being more pronounced for coarse localization wit
in the iris and eye argas (M andi & ). Measuringhe per video performance for

all 45 videos of the databdse; m®, a mean improvement ofpb was reported.

The performance of the basic Kalman filter was almost similar to the detdgtgpn
proach, whereas, the contributadrincorporéing the tradeoff measure (KF + FP) was
more significant. The proposed KF + FP + CE approachlysmarginally surpassing
KF + FP, as BUHP database contains negligible cadeseanf ey&s example of su
cessful eye centers tracking in an isegeene of BUHP database is illustrateéig:
ure3.30

Tracking Accuracy
Method i T@ru P )
Without tracking 95.3 % 95.7 % 98.0 %
KF 95.3% 95.7 % 98.0 %
KF + FP 95.5 % 95.9 % 99.8 %
KF + FP + CE 98.0 % 98.4 % 99.6 %

Table3.17 Tracking results in Talking Faces database

The tracking results for the Talking Faces databaBestiated infable3.17. The &-
erage improvement for all normalized errors reached alingss before, the penfo
mance of the basic Kalman filter was almost similardetéxetion only approach, while
the improvement using KFHPFRapproach was minimal. This is attributed to théhtct
the Talking face images are of higher resolutiothasdhe number dhlse positiiges
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limited. The issue otlosed ewes efficiently tackled using the proposed approach, as
reflected in ta KF + FP + CE accuracy. The maases of failure were observed when
eyes remained closed a notable number of consecutive frames, in combimdtion
large head movements; when past a certain poil&lthan filter was unable toopr

duce realistipredictions.

| "4‘
5 < / .

Figure3.30Example of tracking results in BUHP database. The yellow cross and the green circle indicate
the detection and the tracking results, respectively

Theresults reported ihable3.16 andTable3.17 andwere produced using optimal-st

tionary weight® andv , obtained through grid search. An examination of the
effectof different weigts is shown iTable3.18 The lower weight af TT COrre-

sponds to the baslkalman filtering including mhetion (KF + CE), setting a lower
accuracy boundary. However, astthe weghting increases towards its maximum
value, a well defined accuracy boundary cannot be determined. A certain level of atte
tion is required when defining proper weights foéthea | ue & aongonént$,i st anc e
as inappropriate choices may lead to deteEtbresults. An equal weighting scheme
demonstrates suboptimal but satisfactory results for both databases. For the Talking Face
database, the limited number of false positives made the accuracy almost insusceptible to
the weighting.
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0

Database| o0 | 01 | 02 | 03| 04| 05| 06 | 07 | 08 | 09 | 1.0

BUHP | 845| 850 854 | 85.7| 860 | 86.3 | 87.0| 859 | 83.3| 779 | 755
% % % % % % % % % % %

Talking | 98.2| 982 | 982 | 982 | 983 | 984 | 983 | 97.6 | 97.0 | 78.6 | 54.7
Face % % % % % % % % % % %

Table3.18 Effect of different weighting in BUHP and Talking Face databases fup. The value of
0 iscalculated @s 0

In conclusion, regarding the improvement obtained by incorporating the tracking mo
ule, ourexperiments showed that it has an overall positive effect on the localization acc
racy.lt should be also noted that the upper limit in the accuracy of eye localization was
almost reached using detection only and thus the margin for improvement usigg track

is limited.The main contribution of tracking was the elimination of sporadic erroneous
detections due to changes in several exogenous factors and the preservatiorcof the dete
tion continuity in the cases where the eyes were closed. A diligenpéattadystsults
revealed an inherent limitation of the tracking module: when the localization in the first
frame (during the initialization of the tracker) was incorrect, it caused the err@-to prop
gate to the following frames, until the correct eyagoositis found again with great
certainty (high radial symmetry value at the true eye position). However, in practice, the
propagation of erroneous detections did not persist for more than a few frames.

3.8 Discussion- Conclusions

The primary asset of tipeoposed system is its performance in low resolution images.
The main reasoning behind this is that radially symmetric patterns are always preserved
to a certain degree, regardless of the image resolution. Color information is also a trait
that is preserdein images of lower resolution, greatly enhancing the performance of the
proposed system. The GTAV and the BUHP are representative examples of databases
containing low resolution images. Indicatively, in GTAV the iris diameters correspond
approximately t& pixels and for precise localization (8t ) to be successful, the
detected center should be located within a radius of 2 pixels from the manually annotated
eye center. Experiments have shown that a total shift of a few gixeise($) for all

aib Im& wlnasttar ed uc e
half. Respectively, in the BUHP database the iris diameters roughly correspand to 6 pi
els which allows a detection distance-2pikels from the true eye center for igeec
localization. In databases comprising of higher resolution images where no severe occl
sions are present, the proposed method is capable of achieving almost perfect localiz

thee y e

tion.

One of the most important observations derived from the current rasetiath at
hough rarely considered in literature, color comprises a very useful cue for adeurate loca
ization. The use of color information allows the system to cope well with the presence of

center

positions
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3.8Discussion Conclusions

illumination artifacts or shadows and cases where the atighie only dominant el

ment in the eye image. These artifacts cannot be easily distinguished in a grayscale image
as they can present the same intensity distribution as the iris or change the appearance of
the iris (e.g. in the case of shadow), reduwentptalization performance. Moreover,

color information has proven to be very helpful in cases where the iris is merely visible
and the circular shape reaches its limit, such as eye closure in a big degree or extreme
positions of the eye in the eye sockié color distribution generally constitutesa fe

ture resilient to illumination conditions, pose and most appearance changes. It is worth
mentioning that the method presented by Yang[&fl§Imakes use of a quite similar

radial symmetry transform but without incorporating any color information, achieving
signifcantly lower accuraci€3n the contrary, when utilizing the same radial symmetry
transform solely on the eye map derived from do@orRS), instead of the grayscale

image, the results were remarkably improved. This observation provides supporting ev
dence on the importance of the contribution of color information in future research.

The proposedystenmconstitutes a nemtrusive mdtod based solely onsmgle low

cost camera. It combines simplicity Witih precision, providing accurate localization,
robustlytackling challenging scenarios of partial occlusions, illumination and @ose vari
tions. A comparison with existing systerasndnstrated a significant improvement in
performance, especially for very accurate eye center localizatiatheGiggmaccuracy
rates achieved by the proposexthod, we believe that our system can represent a very
promising lowcost alternative for esyday HCI applications.



Chapter 4

Gaze Tracking

4.1 Introduction

Along with speech, eye gaze comprises the most natural and comfortable means for h
marntcomputer interaction, giving rise to the -gvewing interest to develop systems

that take achntage of gaze tracking technologies. Eye gaze is defined as the direction of
a person's line of sight, revealing a person's focus of attention. It comprises a significant
source of information about the cognitive and affective state of human beirdisgprov
implicit cues of intention and interest. As a control input, in conjunction with the stan

ard input methods, gaze can greatly increase efficiency and usability. Gaze monitoring
can be applied im wide range of applicationgcluding nowglassesype 3D technlo-

gies[10§, monitoring of dwers attention and vigilandeq, [150, [15], visual atie

tion analysige.g. for marketing purpos|$3), interactive gadmsed interfaces for
disabled peop[@53, diagnostic purposglb4, [155 and attentive HCI interdas[154,

[157 (Figured.l).

Display % Incorrect position

Environment

el

@ Correct position

(d)

Figured.1 Applications of gaze tracking: ()Jgohasses type 3D technol ogies,

attention and vigilance, (c) visual attention analysis and (d) interadbaseghirgerfaces for disabled
people.
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4.1Introduction

Despite active research in the fieldquittus gaze tracking is beyond the grasp of the
current systems. The vast majority of research in academia and industry i®directed t
wards gaze tracking using active light sources, i.e. infrared (IR) illumination, achieving
high accuraapateq15§, [159. Hitherto, numerous comneeal products making use of

this well known approach are already on the MdFigtire4.2). However, active light
approaches require dedicated hardware equipment which is usually high priced and the
intrusiveness oivhich is controversial. Moreover, as they usually require a controlled
environment to prevent undesired reflections in the eyes, their applicability during day
time is precluded. Other common a@hes employ 3D techniq(&&J (using muit

ple cameras or depth sensors) and wearable devites helmets or gladdéq], be-

ing cumbersome for the usdfgy(ire4.3). Universal gaze tracking fronmpdetely o-

obtrusive, renotely located lowost sensors (e.g. wedms) still remains one of the

most soughafter goals among researchers.

Although welcam based gaze trackers have so far demonstrated inferior performance
compared to active light approaches, they are apt in applications where accuracy can be
traded off for low cost, simplicity and flexibility. The desired attributes-cdmvbhsed

gaze trackers, can be summarized as follows:

1 Estimate gaze with fairly high accuracy, rendering it suitable for mostlgaze trac
ing applications.

Ihttp://wiki.cogain.org/index.php/Eye_Trackers
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1 Present minimal intrusiveness and obstruction, given that only a single camera is
required. Not requirg any special equipment, gaze tracking is not bound to a
specific ad hoc computer specialized for this purpose but can run universally.

9 Straightforward and flexible setup. The procedure should be autonomous (no
expectation of manual initialization), @yera available can be used and should
be free from the need to zoom into the eyes or perform any other special actions.

1 Work under different illumination conditions and also be independent of the
special characteristics of each subject.

1 Function for lover resolution cameras, thus constituting &dstvapproach f-o
fering the capability for real time processing.

4.2 Related Work

The problem of gaze estimation is an active research topseweithl recent puldic
tions[8g, the overwhelming majority of which are using hardhaaesl approaches (i.e.

IR light sources, higlesolution cameras, multiglameras and wearable equipment).
The focus of the current overview is on approaches working under natural illumination,
using a single, remotely located camera.

The current subset of gaze estimation methods, can be subdivided into twoesroad cat
gories, i.deatuteaseahd appearaszsechethodq86.

Featudeaserhethods use computer vision techegjto extract and track local ege fe

tures such as eye centers, corners and contours. The extracted features can be used to
derive feature vectors which can be directly related to gaze. According to the approach
used for relating the image features weitle glirectiorfeatudeasenhethods can berfu

ther divided to geometric (or model based) and interpolation based (or regression based).
Geoméric methodq151]], [163, [163, [164 compute directly the gaze direction from

the image features based on a geometric model of the eye, while interpolation based
methodq103, [16], [164, [167, [16], [169 built a mapping function beterethem,

using parametric (e.g. polynomial) orpemametric forms (e.g. neural networks).

Torricelli et al[169 use image processing algorithms to extract and track the eye features
and perform mapping with gaze directising neural networks.[k03, Zhu et al. d-

tect and track eymenters and corners using subpixel accuracy and a linear interpolation
model for inferring gaze aalinates. The works [(i64, [164 use geometric models

which rely upon facial feature tracking for estimating head pose and eye orientation. The
feature vectors between eye centers and eye cornsedargl67, [169, [17Q to de-

rive gaze estimation through 2D intéapon mapping. A comparison betweenma-co

mon polynomial mapping function and a ggammodel is performed [h71]], giving a

slight edge tthe latter. Ishikawa et HI5] use Active Appearance Models (AAM) to
detect and track facial points and employ anbedge algorithm for iris refinement.
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4.2Related Work

They subsequently employ geometric models to derive gaze direction combining head
pose and eyeball orientatiduithors in[173 also use AAM for iris and eyelid tracking

in order to derive gaze information. The gaze angle is geometrically defined combining
head pose argles position information. In the work of Salam Ei7d).the head pose

is derived using a 2.5D global AAM, while a-textiire AAM is used for iris localiz

tion. The contribution of each eye to the final gaze direction is weighted depending on
the detected face orientation. In general, global appdsasedenethods areryeo-

bust in detecting the overall rough positions of the facial features. However,eas they d
pend on the convergence of the full model (i.e. by satisfying a minimization function or
reaching a maximum number of iterations), they do not ensure localizzdicm fa-

ture with high precision, thereby adversely affecting the gazeoestotafiacy. Chen

and Ji if163 also use a geometric model to localize facial points, manually extract pupil
centers and build a 3D gazenestion model, tailored with persgpecific eye param

ters. Heyman dl. [174 track the 3D pose of the head using Canonical Correlation
Analysis and extract the positions of the irises using blob detecticooanécied
componentabeling. Valenti et al.[i6q employ their eye detection approach based on
isocenters, to also detect eye corners which are used as anchor points for gaze estimation.
Given the vectors bgeen the detected eye centers and eye corners they perform 2D
linear mapping to screen coordinaléeir work is extended|[itild where pose estan

tion and eye localization algorithms are combined so that they complement each other,
thus increasing the sys {léieygcompbie dy@garzeanc e .
information derived from their proposed eye gaze tracker and a commercial gaze tracker
with saliency maps (probability maps representing the likelihood of receivirsg eye fix
tions). Shape modeling of tine methods have been often employed, many of which
exploit the fact that when the iris orientation changes, the shape of the iris appears to
deform from circular to elliptical. However, for such shape modeling approaches, higher
resolutionmages are raged. In[174, [177 the gaze direction is inferred by estimating

the shape of the iris through ellipse fitting. Active contour tracking using particle filters is
used iM107 to built a generic system, working on various setups and conditésns, in
tigating also the lower bound calibration requirements.

Appearanbasedr holistic approaches incorporate eye information implicitly by using
the intensity distribution or filter responses of the eye area. They usually classify gaze
according to theppearance of the eye area for each direction. The systems described in
[178, [179, [18Q, [181], [18] learn the gaze direction by modeling the corresponding

eye appearance. In the work of Schneider [@B3lseveral regression techniques are
evaluated, modeling the appearance of the eyes (in termgsed &eatin as Histogram

of Oriented Gradients, Local Binary Patters etc) when gazing at different directions, in
order to build a calibratidree system. Hansen et[4R] use an active appearance
model of the eye using shape and texture properties to be used with an eyertyping inte
face. Saliency information of the displayed images is taggveitta an appearance

based gaze esttor in[183. The main drawbadi holistic approaches is that tipe a
pearance of the eyes is significantly affected by the head pose and usually only a limited
numker of discrete eye directions m@deled. These limitations can preclude their use

in many applications, giving rise tortioee prevalent use of featbwesed approaches.
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4.3 Background

4.3.1 Field of View

According to studgeon the human visual fi¢k84, while staring straightestd keeping

the head fixed, there is approximately a horizontal vision gpa@b Tt on each side)

and a vertical span pf¢ m(u m v v looking above ang t  x 1 looking below).
However, the visual field where both eyes are used together, referred to as binocular or
3D field of view, is quite narrower. The binocular field of view spamsaat each side

on the horizontal direction,v up ando v down on thevertical directiofil84. Can-

sidering that the approximate distance from the subject to the computer screen is 50cm
and given the screen size for trecdje experiment, the angle span requineat isori-

zontally and ¢ vertically Figure4.4), computed as:

W

—cAOAC96AI 41
PV © DI

%0 cAOACQC—)AI 4.2

wherew and’Odenote the width and height of the screeriCathe distance of the user

from the screen. The computed visual angles indicate that the eyes do not need to move
to extreme positions and thus the head rests in a comfortable position, without the urge
to move throughout the experiment.

25°

O
Plimum, eye rotation

35°

Binocyfar Vision
(a) (b)

Figured4.4 (a) Horizontal and (b) Vertical field of view

From an eye physiology perspective;dggity vision which correspondsé of the

visual angle is owing to ftzeaa coneconcentrated area in the retina. In the center of
thefovehes thefoveqla rodfree area responsible for the highest visual acuity in the eye
which corresponds top& ¢ of the visual field. Within this range everything can be
seen withte highest acuity without requiring any saccade, thus the eaglbe &-
garded as a good accuracy benchmark for gaze tracking systems.
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4.3.2 Model Assumptions

A personds gaze is determined by tahe combi
tion) and the eertation of the eyebdll83. Head pose determines the direction of gaze

in a coarse scale while dnentation of the eyeballs provid&#ermation for fine gaze

direction. In the general case, when fixating at a specific target, first the head moves to a
comfortable position before the eyes are oriented towards it, since extreme ayeball orie

tation anglesause user discomfort.

Head pose invariance in gaze estimation either requires special hardware configurations
(such as helmets, glasses etc) or prior knowledge of the camera parameters and geometry.
Head pose estimation using monocular informationcaspletial lighting still remains a
challenging research tofd&q, requiringcomplex, computationally demanding-alg

rithms for modeling. Inaccurate estimations of head pose may trigger much larger errors
in final gaze estimation, reducing the sys-
this, information of head pose in@azodels is more commonly incorporated implicitly
through the mapping function. When looking at a computer screen from a typical vie

ing distance (~50cm), there is no need for the head to be displaced in order to reach a
comfortable position since the egesot reach extreme orientation angles, even when
fixating near the screen borders. Taking the aforementioned facts into consideration, in
the work described in the present chapter we introduce the simplification to discard head
pose information and redahe head as stable throughout the eye tracking session. Gi

en that minor head movements do not have a noticeable influence on the outcome, the
head does not have to be fixated.

4.4 Proposed System Architecture

In this chapter a featubased gaze trackiggstem is proposed, based on a single web
cam under natural lighting. The proposed gaze estimation pipeline is ddpgued in
45.
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Figured.5 Overview of the gaze estimation model
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During the calibration phase, a set of known points on the screen are displayed to the
user. Upon gaze fixation at each point, an image is captured. The goal of the calibration
procedure is for the computer to learn how the eyes look like (in téeatsi@ls) so as

to derive a mapping function between the image data and screen coordinated- At the tes
ing phase, the inverse procedure is followed; given the (unknown) image data and the
regression model built, the system is predicting how the exgsattette features are
translated into screen coordinates. Initially, the information of the sensory device is
transformed from pixel level to a higher representation level, where specific faeial chara
teristics are recognized i.e. the location of thefacéhe positions of the eye centers

and the eyelids. Subsequently, the distance vectors between the located moving points
and stable facial points (anchor points) are utilized to form the feature space, while a
regression model is finally applied tovdeximapping function between features and the
corresponding screen coordinates.

4.4.1 Moving Points

4.4.1.1 Detection of Eye Centers

The highprecision localization of eye centers constitutes the cornerstone for successfully
tracking the gaze, and is inextricably linked to the overall system accuracy. To this end,
the algorithm for accurate eye center localization described in Faddiarsed. The
proposed eye localization algorithm is appropriate for gaze tracking applications as it
accurately detects the centers of the irises even when they reach their circular shape limits
(i.e. due to occlusions by theligls when looking at the bottom of the screen or when
reaching extremeogitions inside the eye sock&t)e capability of the eye localization
algorithm to accurately detect iris centers in gaze tracking applications is also evident
from its performancin GI4E gaze database (reported in Se8td, which contains

103 subjects gazing at different positions of a screen. The accuracy for very precise loca
ization (normalized error T8t ) reaches 98.54%, which is appropriatgdpe trdc

ing.

4.4.1.2 Detection of Eyelids

The positions of the eyelids (upper and lower) provide information about the degree of
eye openinfl87 and greayl contributen defining the gaze along the vertical axis. The
algorithm for detecting theppsitions of the eyelidsdsscribedh sectior.3.4

4.4.2 Anchor Points

The appearance of the moving points, notably the eyes, alters considerably throughout
the frame sequence, depending on their orientation, occlusion by the eyelids etc. and are
difficult to track based on appearance trackers. Therefore, their localization on every
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frame is crucial and tracking caty @ssist in ensuring their sgatontinuity in the

temporal dimension (i.e. throughout the frame sequence). Unlike movingpdiors
points donot need to be specific (their rc
arbitrarily chosen at any face location. The most common app[©8g§hg<s7, [164

consider inner and outer eye points as anchor points, detected in evelyniragh

a low computational cost, we do not regard explicit facial points as anchor points, but
rather points that have the same appearance in every frame and are easy to locate and
track (i.e. located in highly textured places where edges are @regesmty.to moving

points, because the chosen anchor points exhibit very similar appearance throughout the
frame sequence, they comprise very robust features to trackapgssmgncbased

tracking approach rather than a detection in every frame appiglaghecision dete

tions are achieved. Instead of tracking isolated points, we consider the most efficient
alternative of tracking an image patch and consider as anchor point its center coord
nates. The patch contains the inner eye corners and ey@syileerefore comprising

a highlytextured area containing edges which are easy to track robustly. The patch to be
tracked is initialized only once at the beginning of the image sequence: considering the
captured frame which corresponds to the firdirabn image, and having as starting

points the detected eye centers, we define the dimensions and position of the patch with
respect to thénterocculadistance as iRigure4.6. Another benefit othe proposed

approach is that thebsolute positions of the anchor points have no effect onsthe sy
temds precision, meaning that the ®Bnly pre
ly in every frame. Thereby, the current approach is insusceptible to appearance variations
across ififerent subjects (e.g. wearing eyeglass frames which occlude eye corners). The
method utilized for tracking the image patch (reference image) is a variation of the well
eshblished Lukalsanade algorithrii89.

4.4.2.1 Lucas-Kanade inverse affine transform

Let us denote the pixels' coordinatethefreference imagee ase  who with

"@1Q plgB ) wherel is the total number of pixels. Supposing that we aim to align the
template (reference) image to an input image e , the minimization criterion
could be defined as follows:

AOCIi ETow 'he Ye 43
h

with7 ' i@ being the resulted image after warping ahd corresponding parameters.
However, finding the solution of the equation is not an easy problem, smee,the
intensity values are nonlinear, meaning that these intensity values are unrelated to the
pixel coordinates. The original Lu€asade algorithrf189 solves this problem using

an iterative procedure. First, the algorithm updates an estimate of warp paranteters

then, considerinthese parameters known, it iteratively solves for incresethis

equation



Gaze Tracking

AOCIi ETow' 3he Ye 4.4
R

and finally updates the warp paraméters: ¥ . This procedure is repeated until
convergence, i.e. the difference between two successive parameter updates is below a
predefined threshold”( -). The computational complexity per iteration of such an
algorithm ish ” 6 " with” being the number of the warp parametersivisted

by this, authors ifL89 proposed a more efficient algorithm, named inverse dempos

tional algorithm, to reduce computational complexity by equivalently minimining an
verted version a#q.4.4

AOCIi ETow3he 'Y® 'he 45
ﬁ

and then updating the current warppbashe @ & ' he he . The solution of this
optimizatiorproblem could be defined as

O R A 46

whereOis the Hessian matrix wittreplaced bY:

6

. . T w
o) Y3 —

ﬂ'YT 4.7

The above mentionext).4.7 is independent of the warp paraméteend as a result it

can be prealculated before iterations, which greatly improves efficiency compared to
the Lucagkanade original algorithm whérés calculated in each iteration. Therefore,
the computational complexity is reduced to0 " per iteration, added to thenco
plexityd ” 0 of the precomputation step, which is calculated only once.

4.4.3 Feature Extraction

The movement of the eyeside the eye socket is represented using distance feature
vectors. In order to precisely represent gaze, the feature vectors require consistent and
accurate localization of the points that move and contribute to gaze direction, i.e. eye
centers and eyddi (which determine eye opening), and the anchor points whiéh const

tute stable face locations serving as reference points throughout the image sequence (so
that we are able to measure distance vectors independently of the position of the face).
Given theassumption of independence of gaze estimation in the two axis, two separate
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feature vectors are constructed for each direction. The feature vectors are fomned as ho
izontal and vertical distances between moving and anchor points. The redundancy of
informaton stemming from considering information from both eyes (as oppoged to a
proaches using only a single eye for gaze trackifg9@).carea major enhancement

for the systemds accuracy and robustness.
(eyes) is combined at feature level, by creating an aggregate vector.

Regarding the horizontal direction, three features are computed: thebdisteerethe
x-coordinates of each of the eye centers and the ipsilateral anchor point, as well as the
distance of one of the eye centers and the anchor point at the oppo§itguseisy.

The respective distance for the remgimiye center and its opposite anchor point is
redundant as it occurs as a linear combination of the foregoing distances, thus is not used
as an additional feature. In the -vertical
coordinates, theposition of theeyelids constitutes a significant source of information.

The opening of the eye is primarily determined by the position of the upper eyelid rather
that the lower eyelid, whose contribution can be regarded as negligible for the purposes
of gaze tracking.hErefore the feature vector for the vertical direction is comprised of
four features, namely, the distances betweerctioedinates of each of the eye centers

and the respective anchpmints, as well as the distance between the upper eyelids and
the anbor points Figure4.6). The addition of extra features stemming from the pos

tion of the lower eyelid was proven experimentally not to improve overall aseudracy (

tion 4.6.1.% incurring also the drawbadkequiring a larger number of training images

for building a regression model.

Figured.6 Detected facial points and the extracted features. The moving points are indicated with the
yellow cross(irisenter) and the green crosses(eyelids). The blue rectangle denotes the image patch which is
tracked throughout the image sequence and from which the anchor point (blue asterisk) is derived. The

extracted features are depicted as red arrows.

4.4.4 Interpolation Model

Given the image datascreen positions correspondences, a mapping function between
them is established. Seconder polynomial equations are most commonly used for 2D
mapping of image data to the screen plane, using except from the lineausmeds, sq
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terms and interactions between tfigd. The norinear terms are in general useful for
correcting curved distortions and obtaining smoother scahigglad screen. However,
nortlinear terms of the mapping function may introduce errors; when approaching the
screen borders the squared terms become quite large and as a result, smad head mov
ments or errors during the calibration procedure evoke mgeh damors on screen
coordinate estimations. Moreover, as the number of coefficients of the mapping function
that need to be computed enlarges, so is the number of training (calibration) examples
required. The requirement of keeping the training sessiaiss @and straightforward as
possible (so as not to evoke fatigue to the user) is more important than introducing more
terms with dubious improvement in accufa@y. Therefore linear regression was e

ployed for deriving the mapping function. Given that gaze estimation is calcealated ind
pendently along the two axis, twapping functions are derived.

4.5 Experimental Setup

This sectiomlescribethe experimental setups performed to evaluate the performance of

the proposed gaze estimation system. In general, the quality of gaze estimation dete
mines its appropriateness foffadent gaze interaction applications. The concept of
6qgualityd® in gaze tracking is not mwell est
ing it. Several measures kately gaining consen$ii8g, being the most commonly
encountered in literature. In this study, accuracy (also known as offset) is usad as evalu
tion metric. Accuracy refers to the spatial deviation between the actual and the measured
fixation point on th screen (gaze direction). It is usually measured on a sample to sample
basis and it is averaged to characterize the overall performance. Except from the mean,
accuracy is also calculated in terms of standard deviation of the gaze error. Accuracy is
initidly measured in pixel accuracy; given the screen dimensions and resolution as well as
the distance of the user from the screen, it can also be expressed in spatial accuracy (cm
or mm) and, most commonly, in visual degrees.

45.1 Test Dataset creation

The absere of a publicly available database which could support the realization of the
entity of the above mentioned experiments has led us to the construction ofda new d
taset. It consists of twelve (12) male and female users, with and without glasses, under
uncortrolled, natural lighting conditions. For the needs of the dataset, the participants
were asked to place themselves in a comfortable position in an approximate distance of
x v ™ afrom the computer screen. The dimensions of the screemw ape@ & dwhile

the resolution was setgow ¢ 1p 1 Ypixels. The webam used had the standara+es

lution of @ T T Y pixels. Given these specifications, the face region rougbkly corr
sponded t@ v ¢ v pixels with the iris radius beingpixels.
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In order to obtain theptimal configuration scenario regarding the calibration setup and
camera placement extensive experiments with 4 of the participants were pedormed. U
ing the optimal configuration scenario derived, the accuracy of the proposed system was
measured for dle participants of the dataset.

4.5.1.1 Calibration and Testing Phase

During the calibration phase, the participants were asked to look at several known points
which appeared successively on the screen. The arrangement and numberesf points d
pended on the calddtion scheme, varying from 5 to 16. After fixating at one point the
users pressed any button to proceed to the next point. The image which corresponded to
the specific fixation was captured and the subsequent point appeared. Thensaptured i
ages correspond fixations of the user on known locations on the screen, serving as the
training data from which the coefficients of the mapping functions are derived. The time
to complete the current calibration phase was very limited, only lasting for a few seconds,
making the procedure effortless for the participants.

During the testing phase, the participants were asked to look at 111 pointg-which a
peared successively on the screen and followed the patteFiguas4ti2 (red dots).

The knavn locations of the points served as the ground truth in order to measure acc
racy by determining the displacement between the estimated and actual gaze positions.

4.5.1.2 Description of different calibration configurations

The first experiment investigated the influence of the number of calibration points as
well as their arrangement on screen. Another parameter examined was the position of the
camera i.e. above and below the screen. The number of calibration pointsrreiperted

|l iterature spans the range from 3 to 25 po
and required accurgd®3d. In this work, 5 different calibration setups were examined.

In the first setup, 5 points were presented to the user at each of the four corners of the
screen and in the center of the screen, which correspond to points 1, 3, Bigdr® in

4.7(a). Given the-Bature vector for the horizontal anteédture vector for the vertical

direction, this number of points is the borderline case for deriving the mapping function
coefficients. In the second setup the same number t, girs the twiceounted ce-

ter point, were presented to the utsers at
tern, as shown iRigure4.7(b) (points 1, 3, 5, 6, 8, 10). The most typical scenario of 9
points, as shown frigure4.7 (a), and in the proposed different arrangerkreniré4.7

(b)) comprises the third and fourth setup, respectively. Finally, a 16 point scenario
(Figure4.7 (c)) was evaluated.tnhe set ups which foll ow the
the middle point is counted twice to ease eye movement continuity; these arrangements
are denoted hereafter ambd 9 respectively.
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Figured.7 The positions and arrangement of calibration points for different scenarios; (a) 9 points (b) 9
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the horizontal and wtical dimensions, so that the mapping coefficientsakndated
independently. As opposed to the standard scenarios where the horizontal and vertical
eye movements are correlated to each dilgpné€4.8(a)), the proposed arrangsrn
separates them in horizorgaly and verticainly movements, as shown Rigure

4.8(b).
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Figure4.8 Appearance of eyes during calibration in (a) 5 points scenario apoifiiy Scenario.
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experiments with the two most common setups were conducted. In the firdiesetup t
camera was placed at the top of the screen, at approximately the same level as the eyes of
the user, while in the second the camera was positioned below thEigared®)(

89
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Figure4.9 Indicative images produced by placing the camera (a) above screen and (b) below screen.
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4.5.1.3 Influence of head movements

The effect of head movements in the performance of the proposed gaze estimation was
investigated in theedifferent experiments. In the first one the head was kept fixed using

a chin rest. In the second the movement of the head was constrained, i.e. the user was
asked to keep his head still during the experiment. The last case involved unconstrained
head mogment; the user was asked to move his head naturally. The fixed head case was
only examined to establish the lower borders of the proposed system. It cannot be used
in our system as it lists among the approaches using dedicated equipment (chin rest) in
addtion to being cumbersome and uncomfortable for the user. The parameter of nu

ber and arrangement of calibration points was also included in order to be fusther inve
tigated.

4 5.2 Public TestDatasets

Aiming to systematically evaluate the proposed gazegtrackiy st emds per f or m
reference databases, giving also the potential for direct comparison with otler counte

parts, two publicly available databases were consi&tared other, recently emerged

gaze datasets are also presented.

45.2.1 Columbia Gaze Database

The Columbia gaze dataset was rggaumblished by Smith et dl94. It contains 5880
highresolution images of 56 subjebtt look at 21 gaze points o ao grid for df-

ferent head poses (i p vh o m yaw anglesfExample images from the Columbia

Gaze dataset are showirigure4.10. The Columbia dataset was chosen for ouraevalu

tion as it provides a reasonable amount of gaze directions and subjects; the subjects are
ethnically diverse and 21 of them wear glasses.tB&vamount of gaze direction a

ranged on a grid we were able to evaluate the performance on the database using four
different training testing schemes. These involved {e4ve (gaze pointut cross

validation and splitting in trainifigsting setsraining with 9 points (arranged aBig:

ure4.7(a)), training with 5 points (corner points and middle point) and training with 5
points at cross arrangement, using the remainder of the points in each case as the testing
set.

= .':“ MW S W/
Figure4.10Sample images from Columbia Gaze database

15 https://www.uniulm.de/in/neuroinformatik/mitarbeiter/dayher/imagealatabases.html
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45.2.2 UUIm Head Pose and Gaze Database

The UUIm Head Pose and Gaze DawljdsimHPG)ontains images of 20 subjects in
various combinations of head posesegedyazgfigured.11). For each subject, images

which correspond to 9 horizontal{ p v) and 3 vertical gaze directioms(¢ ) for

different head poses (ranging frano w nwith a step op m for the yaw angle and

mt h ¢ melevation for the pitch angle) are captured. From the different image resolutions
provided in the database, tha& ¢ m resolution which corresponds ke tresolution

of a standard wetam was used. With the purpose of being in accordance with the other
methods which report results on the same database, three subjects were considered (3,
12, 16), for head rotations restricted too o m and gaze anglesstricted to

T 1t TT.
i 8 A
i i

Figure4.11Sample images fraduImHPGdatabase

4.5.2.3 Other Gaze Databases

In this paragraph, several other publicly available gagetdlaire presented (so that
interestedeades can have a more complete picturbese database were not used in

our periments either because theyewunsuitable for the proposed approach (e.g.
containing only cropped regions of the eyes) or because no gaze tracking results were
reported orthem. These include the following

1 Multi-view Gaze Datasdttfp://www.hcli.iis.utokyo.ac.jp/datasets/

1 CvC EyeTracking Database http://mv.cvc.uab.es/projects/eye
tracker/cvceyetrackerpb

1 HPEG Databasf 99 (http://www.image.ece.ntua.gr/~stiast/HPE {5/

4.6 Experimental Results

4.6.1 Optimal configuration scenario

4.6.1.1 Evaluation of different calibration configurations

The obtained average accuracy (across the 4 participants) using ttecdlitieation

setups and camera positions are showalle4.1, with the accuracy measured in pixel,
distance and angle units, along each axis. Regarding the number of calibration points in
the typical arrangement (5, 9 and 16ppserve that the two later present almost similar
results, outperforming the borderline case of 5 points. One of the most sighHicant o
servations is that the results of the setups using the proposed arrangemdr)(5
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4.6Experimental Results

excel over the typical arrangets in every case. The separation of eye movements in
each of the axis proves to better calculate the coefficients of the mapping function, thus
granting superior system performance.

Camera Above Screen Camera Below Screen
Calib
X Y X Y
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TabledlAccuracy results (mean N standard deviation) f
positions (above and below screen) for the 4 test subjects. The results are exxessdidtance and
angle units in the horizontal (X) and vertical (Y) dimensions

Pertaining to the influence of camera position several observations can be made. In the
horizontal direction accuracy results are more or less the same, preasgitingd+

ferences. Conversely, the performance in the vertical dimension when the camera is |
cated below the screen, is significantly worse, falling behind in accuracy by almost a half.
This difference is attributed to the perspective from which thegpwints are viewed.
Although a larger fraction of the eye is always visible from that position, the movements
of the eyes and the eyelids appear to be much more subtle. These very ligtited mov
ments in the vertical direction cause small errors iniafetecbe translated in much

larger errors in the final position estimate. In practice, the displacement of the eyelids is
so imperceptible that the features related to them do not contribute but minimally to the
final result T h e apce forpabossereen preedd bamdrdssxo per f or
prises a significant asset, given that laptops witinleglheras commonly present this
configuration.

4.6.1.2 Influence of head movements

This section studies the results of the influence of head movements in thg etccura

the system, examining three different cases, as described id.Set@rawing from

the results imable4.2, we observe that small head movements kef-platne rotations

and translations doont have a great i mpact onr-t he sys
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mance starts to deteriorate at the point where the head

head pose information is not considered.

) Fixed Head Constrained Movement Free Movement

Callb X Y X Y X Y
S |c8p PET| PP TEP | W PP | oDT CHO YKL vdO | TG OB P
S: | pgU p8 p | PR G TROT | B O pBC | PHTT PH @ | VB TET [ TPO CT
9 | c8v pP®X [ PP TAX [ BT pHp [ PRUL P W[ XPp THT| V8 © TEW
O | pXT pEX | pPC TP [ pROX PH W [ PR W PHT [ THT O U | O W CBG
16 [ p&p PR G| PBIX T W| 8o pHT | pHU pdp |8 oD O |08tp ¢8 X

starts moving freely, given that

Tabled.2 Accuracy results in terms of angular deviations (mean standard deviation) for different head
movement constraints and different calibration setups for the 4 test subjects.

In the fixed head case we observe only a slight improvement in performanee over th
constrained movement case; this can be attributed to the system reaching its borderline
in accuracy, due to noise in detection of the moving points and tracking of the anchor

points. The accuracy of the proposed system is bound by the number ofapitteds th

eye is allowed to move inside the eye socket. This allowed displacement (inxerms of pi
els) depends in turn on the resolution of the camera and the distance of the user from
the camera. Considering the specific experimental setup, a close axaminatia-
ture vectors reveals a permissible movement of the eye center inside the eye socket of

x y p mpixels in the horizontal direction and

v pixels in the vertical direction.

The fact that limited movements of a few pixels are mapped on high resolution screen
coordinates demonstrates that minor misplacement of detections can trigger much larger
errors in the final gaze estimation. Increabilgt r esol uti on or positi
closer to the camera can be a straightforward manner for improving accuracy. The results

for

t he

free

hea

d

movement scenarine

are ju

constrained movements, as they greaplgrdl on the level of head movements; greater
further

head

movements

can

|l ead to a

Computer Screen

~=—Actual gaze position

+- Estimated gaze position
Displacement error
B

e A

.......

Computer Screen

—=—Actual gaze position
«- Estimated gaze position
Displacement error

Figure4.12 Estimated and actual gaze positions for the scenaripamh® and camera placed
above the screen for subject 1 in the dataset. The red dots depict the 111 points used for testing.

reduc:

Pertaining to the number and arrangement of calibration points, we observe that the 9
points scenario demonstrates the best overall performance. From the aforementioned
parameters studied, those that yielded the optimal results were considered for conducting
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experiments on all the subjects of the dataset. Those involvpdmgsOsetup with #h

camera positioned on top of screen and keeping the head movement constrained. A vi
ualization of the results for subject 1 and using the optimal configuration scenario is
shown inFigure4.12

4.6.1.3 Evaluation on the test dataset

The reslts across all the subjects in the dataset for the optimal configuration scenario
are depicted iRigure4.13 The mean accuracy and mean standard deviation results were
computed by averaging the measurements for all the userspdsegsystem yields a

mean accurag® @ ¢& p in the X direction and®& 1 p& v in the Y direction.
Measured in pixel displacement, this error corresponds tixdlspghe horizontal

direction and 87ixelsin the vertical direction. Expressederror percentage, theyco
respond to errors of 5.9% and 8.1% in the respective axis. The relatively large values of
standard deviations observed are expected in the context of gaze trackingd.¢g.g. see
[113). The differences in performance between the test subjects are mainly attributed to
the degree of head movements during the experiment. The presence of gldsses (in su
jects 3, 4 and 11) did not have an unfavoeabld ect on t he systemds
no reflections from the lens were present. Moreover, different eye color (subjects 4 and
10) did not hinder the precise localization of eye centers. The average error reported
demonstrates that the proposed gamekitng approach is appropriate for most gaze i
teraction applications, provided that, as explained in se&tibnn a visual field of

x p& ¢ everything can be seen without requiring a saccade.

Accuracy (degrees)

Subject #

Figured.13 Accuracy for all subjects in the test dataset.

4.6.1.4 Evaluation on publicly available databases

The results of the proposed gaze tracking system for the Columbia gaze dataset are
shown inTable4.3. The different training schemes i.e. keae®dut cross validation and

P
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splitting in training/testing sets with 9 training points exhibit very similar performances.
The 5 point calibration scenario with the points located in the cornerts maiserd

nate accuracy compared to the 5 points in the cross arrangement scenario, which is in
line with the findings of sectidr6.1.1

) ° yaw angle ° yaw angle ° yaw angle
Train/Test
X Y X Y X Y
Leaveoneout p& p P T P& p p® o pPB ¢ PP @
Cross Validation|  pgo P& p ¥ G p&o Tt P o pH T
i Ao ® v pg v P T pg o P L P8 ¢
9 poirt trainin P
g > c8tp & v & P X & X pPY T
5 point training | ¢& v & T o 1T ] @ H w o w
(corner points) o8 T v p 18 p g W o ¢ vg T
5 point training | ¢@ T o® L CH L T8t ¢ C& ¢ o¥ ¢
(cross arranged)  ¢&®) w & ¢ 0% @ L& ¢ ca X g v
TableA3Accuracy results in terms of angular deviati ons:¢
dataset

Given that the database was only recpabiished, Schneider et[aBJ] are the only

authors to report results on Columbia gaze dataset. Using an appearance based approach
and evaluating many feature descriptors and dimensionality reduction techniques they
achieve at bes® caccuracy fofrontatonly faces. However, as their approachris pe

son independent, their results cannot be «
results.

The performance of the proposed gaze tracking algorithm was evaluated in UulmHPG
database and compared with d@pproaches of Heyman et [4l/4 and Salam et al.

[173. As can be drawn from the result§able4.4 the proposed method presents lower
performance to the rest of the methods for gaze accuracy in frontal faces amd compar
ble performance for gaze accuracy in e afarotated faces. However, both théhmet

ods of[174 and[173 consider pose information for estimating the final gaze position
while our method draws information only from the eye positions. In the scenario where
the pose information was also taken into consideration (which at this [p@yond the

scope of the current paper), much improved results would be expected. Thig-is also ev
dent by examining the case where the training and testing of the proposed method takes
place separately for each pose, with the proposed system pregeating® vtotal

gaze accuraqygtv T T gaze accuracy for frontal faces@idy p& y for rota-

ed faces. This performance reported is indicative of the results that the proposed system
would yield if the head pose was flawlessly compensated.
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Gaze Accuracy

Method i i
Total Frontal Face Facial Rotation
Proposed Method X® 0 X Y eoL  UB X XX U odp
Heyman174 UHT OoBoU o8 U C8tm XU vdTt
Salanj173 X8x v vt oY T Xu o8 U
Table4.4 Comparison of different methods in the UulmHPG database
* the value is estimated from aut hords

4.6.1.5 Effectiveness of eyelid features

In order to evaluate the effectiveness of elyafidd features, we performed tests on the
above mentioned datasets fifdt, we examined the mean vertical accuracy for the 12
subjects in the created dataset and the mean vertical accuracy for different poses and
subjects in Columbia gaze dataset. The UulmHPG database was not considered in the
current experiment as it cangavery few images which correspond to vertical gaze d
rections for each of the subjects. The gaze accuracy was examined in our experiments in
three cases: using only upper eyelid features, using both upper and lower eyelid features
and without using argyelid features. The results are showahbie4.5. At this point,

aiming to provide a statistical basis among the two feature vectors for interpreting the
accuracy results, the Wilcoxon sigae#l test was applied to reject thé mgpothesis

that the regression model using the two distinct feature vectors performed equally well
on the whole collection of data sets. The null hypothesis was rejected with the Wilcoxon
statistic being smaller than the critical value for-tated est at the significance level

of 0.05§ @8t ).

Dataset Upper Eyelids Both Eyelids Without Eyelids
12 subjects P T P& T Y ¢®o P w pAP
Columbia Gaze pe Y pHT Py o P X pg& m pBoY
Table4d51 nf l uence of eyelid features in vertical gaze

The gaze accuracy results demonstrate that, as also mentioned ih.48ctipper

eyelid information hascansiderable influence on the vertical gaze accuracy.iContrar
wise, lower eyelid features usually have a negative impact on performance, introducing
noise in the feature vector, in addition to increasing dimensionality.

4.7 ParametersSensitivity analysis

In this section we study the contribution of each feature that we used for gaze estim
tion, in terms of relative weighting. Moreover, we evaluate the effectiveness of feature
normalization as well as different regression models of higher polynomial degrees.
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4.7.1 Feature weighting

The relative weights were computed as the weight of each individual coefficient divided
by the total coefficients weight, after performing feature normalization ustsgadiee z
(feature normalization allows for better interpretatidgheofmportance of the coeff

cients; without normalization, the coefficients of interaction terms can be misleading). It
should be noted thatscore normalization does not affect the system's performance (as
also shown later on the same section). Thitssrésueach subject as well as the total
weights are shown Trable4.6.

SLb— Wy1 Wy2 W3 Wy1 Wy2 Wy3 Wya
ject
50.8% 21.3% 27.9% 8.9% 53.4% 34.0% 3.7%
2 37.5% 32.1% 30.4% 18.3% 9.0% 36.2% 36.5%
3 31.3% 43.6% 25.1% 46.1% 23.9% 15.0% 15.0%
4 45.4% 24.6% 30.0% 34.1% 43.5% 11.8% 10.6%
5 39.0% 33.7% 27.3% 42.4% 27.2% 7.3% 23.1%
6 38.5% 29.0% 32.5% 54.7% 22.4% 15.3% 7.6%
7 27.1% 48.3% 24.6% 25.4% 35.3% 21.6% 17.7%
8 37.2% 25.3% 37.5% 39.8% 29.9% 13.3% 17.0%
9 40.6% 22.2% 37.2% 28.9% 31.8% 30.2% 9.1%
10 30.0% 38.1% 31.9% 20.1% 17.5% 28.8% 33.6%
11 34.1% 31.8% 34.1% 42.2% 32.3% 10.5% 15.0%
12 33.4% 26.5% 40.1% 29.0% 31.2% 15.4% 24.4%
Aver- 37.1131.4134.2|30.9K29.8K20.01/118.5K
age % % % % % % %

Table4.6 Coefficient weights for each feature (3 in the horizontal and 4 in the vexical dire
tion)for all test subjects

Drawing fromTable4.6 we observe that the coefficient weights ohtrzontal linear
regression models, are almost equal for each feature. Pertaining to the coefficients
weights of the vertical linear regression models the two first features (which correspond
to the distance of the eye centers from the anchor pointspstreignificant than the

last two features (which correspond to the distance of the eyelid position fnrem the a
chor points), being however also important. We also observe that the distribution of the
coefficient weights for the vertical linear regressamels present more fluctuations
among subjectas also witnessed by the standard deviatdnare not always in line

with the mean weights (e.g. for subjects 2 and 10 the last two coefficients are much more
important than the first two). This fact pd®s supporting evidence of their importance

to the overall system's performance.
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4.7.2 Feature normalization

Pertaining to feature normalization, although various normalization techniques were e
amined, they did not affect the model predictions. The starstzote :normalization

and minmax normalization had no effect on the accuracy results. The normalization was
only needed to make interpretation of the coefficients from the regression easier; after
normalization, big coefficients correspond to importantcpyesl (features) and small
coefficients to unimportant predictors. Tkseare normalization was thus only used for
deriving the relative weights.

A different normalization scheme was also examined, where each feature was normalized
by dividing it with atandard reference distance, namely, the distance between the a
chor points. The results for this scenario are shovabled.7.

Without normalization NOrmalization wrt reference disatnce
Subject

X Y X Y
1 pBoL  PB ¢ PH Y TET Gdtv py O PR Y TAO
2 PX X P8 X P& ¢ TG P pBY P& 0 TG
3 BT cBp P8 X PP P @1 P w P8 @ pdp
4 By pHop o pygm P®o px Y &L P G
S @ w @&¢ PP PR Y o8 ¢ o8 T PR T P& g
6 Y c&m & X g8y oo oo p ¢Bg
7 CBrp P W PP Y TBOO pBOY pg O PP X THO
8 a8l Cc& p PH W PB U ®U o¢ PH P PR W
9 81 g8ip 8rx pdoy 80 pdw Gdu g8ip
10 o8 ¢ 08to ® ¢ ¢8ip oL o0 ®p cPp
11 B¢ Pw pBOL PY @ AT X pROY p¥ Y
12 pBTT P¥ T PR Y p& O & p pdop pBow p& U
Mean Y cary pRI T p& @ X &Y pPHIC P8 X

Tabled7Accuracy results (mean N standard deviation)
normalization using the distance between the anchor points as reference distance

As observed from the tableslght improvement in performance is reported for some
users and a reduction in performance is reported for some others, making the final ba
ance negative for using this normalization technique. In the cases where the accuracy
rates increase, the improvatms only marginal.

f
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4.7.3 Regression models

Except from linear regression, we evaluated the system's performance using polynomial
regression of higher degrees and interactions between terms.

h ~ 1+x1+x2+x3 h ~ 1+X1+x2+x3+x1x3
Subject Vv~ 1+yl+y2+y3+y4 Vv~ 1+yl+y2+y3+y4+yly2

X Y X Y
1 pgou  pB ¢ PP Y TET G8tp pd v P& T TBOU
2 PX X P8 X P8 ¢ TBOG pPH P p8 p pg X paLT
3 CHT Bp P& X PP p e cBp pg L PP o
4 By pHop o pygm pBOL P& X o8 X G& U
5 @ w &¢ PX P P& Y BUY ¢t PX L PB @
6 Y c&m & X c8rx 81 c&m 8 ¢ ca8rt
7 Blp Py w PP Y TBO o @ 8 ¢ o® 1 08 X
8 o8tg Gc& p PH W P L o8l w G& ¢ pPH T PP X
9 & 1 c8ip 8t pdoy g cdpm P U ¢8ig
10 o] ¢ 080 B¢ ¢8ip od T oPp Wo cd8o0
11 @®¢ Bw pBOL PY @ BT &Y pROO PY Y
12 PBOTT P T PR Y p& O pBoC P T P X P& O
h ~ 1+X1+X2+x3+xX B+x32 h ~ 1+X1+x2+x3+x12+x32+Xx1x3
Subject V ~ 1+yl+y2+y3+y4+ydty2? V ~ 1+yl+y2+y3+y4+yd+y22+yly?2

X Y X Y
1 gL c&X pP® 0 P& p o g8ip pRIX pPB UL
2 PG pgUL PBX PX P @®¢ c&p Brp PH W
3 e8t¢ ud X 8tw oo /T & o X 08 w
4 oY c&o ®o 8 w X 9w oy o o X
5 oy T o® X oY ¢HvU VB P Tt oX1T opTm
6 Tdw TR T81T 081t VBT T W &1 oo
7 DY vy D C L& w VB T& ¢ VB Y LD Y
8 o®p GR G pPHUL P& T o T G& X PH O PR @
9 ¢y o o8ttt ¢ Y oH1T odp o8tw B w
10 8 ¢ 1I® CQ T8tw 0BT T80 1TH O T8 ¢ oL
11 vgtrg T UL &L o O vl Y LRT VS @ ULV W
12 ¢®»C cd8u By p& o Y t8p o® x o8 Y

Table4.8 Accuracy results for all subjects using different polynomial mapping functions
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4.8Discussion

Given the limited number of training examples which in turn limits the number of terms
that can be used, we added interactions and higher degrees of the terms having the most
significant contribution (as derived from secti@n). The results are shownTable

4.8.

As can be shown from the table, adding more terms did not have a favorable effect on
the system's performance. Only in the second column of the firstTralblegf8 where

an interaction between the most significant terms was added the results are slightly better
for some subjects. A larger number of terms, as in the first and second column of the
second row ofable4.8, cannot be properly trained, tigigng much worse results. In
general, we can conclude that the limited number of training examples are not adequate
to train a high order regression model, which is in agteeitte Cerrolaza et al. in

[19]. In the work of Cerrolaza et[dl9], when features comprising of distance vectors

are used (as opposed to the case of simple features which include basic andaelliptical fe
tures asabsolute positions) higher order functions present almost similar performance
with first order expressions. Their experiments also imply that the use of thenmost co
plete mathematical expressions does not enhance accuracy; the average error is almost
congant and independent of the number of telmseasing the number of training
examples (the most straightforward way of doing this without reducing the mser's co
fort is to acquire multiple snapshots for each calibration point) would allow us to also
evaliate higher order polynomials and other regression techniques (such as $VM regre
sion) and is left as a direction for future research.

4.8 Discussion

The proposed gaze estimation system (categorized under 2D intefpagatiomét

ods) presents the advantafistraightforward implementation, without requiring camera
calibration (i.e. finding the camerads int
optical properties and geometry are indireailyeledthrough the mapping function;

there is no need texplicitly define them. Moreover, the proposed framework does not

depend on anthropometric assumptions which are burdensome to compute and may
often introduce additional errors to the system; in addition, differences across humans or
special vision coritlins (such as strabismus) are implicity modeled in the mapping
function, without affecti ng -badecapmoachdse mdés p
the requirement of high resolution images for building geometric models is an imped

ment, our system mé#&ms a good level of performance even for images of lower resol

tion. One limitation of the proposed method is that it does not handle pose changes well,

yet it retains its performance under small head movements.

As the experiments of the proposed gstzmation system revealed, the most influential
factor which may greatly affect accuracy is the movement of the head. The impact on the
performance is analogous to the level of head movements. Addressing the problem of
head pose invariance in gaze estimatnstitutes an extensive research issue which
cannot be easily resolved. Inaccurate estimations of head pose may in fact deteriorate the
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performance instead of alleviating the influence of head movements. A more practical
solution for compensating foedd pose would be to provide visual feedifattie es-

timations to the user in real time. Currently, the users perform the entire experiment
without receiving any cues regarding the estimated gaze positions; the incorporation of
real time visual feedbankhe final application is believed be a great asset in campensa
ing for the pose and increasing the overall accuracy.

Changes in illumination conditions are among the most common issues from which gaze
trackers suffer. Gaze trackers that depend on appeare usually more pronerto e

rors due to their dependency on the texture and the intensity distribution of the training
data. Regardless of the illumination intensity and type, as long as the contrast of the eye
area is adequate, our eye localizatmm@chor point tracker can consistently yietd co

rect detections, thus not perturbing the final gaze estimation accuracy.

Despite of the number of gaze tracking approaches in the literature, a direct comparison
between reported accuracies is most ofirttes tnot feasible. This is attributed to the

fact that standard databases for evaluating gaze are not yet well establishechand researc
ers usually have to construct anew data sets for the specific needs of their experiments.
Moreover, the accuracy resalts bounded by the experimental setup (calibraten pr
cedure, number of calibration points etc.) and also heavily depend on the equipment
used, the distance of the users from the camera and the degree of head maxements. E
cept from the direct comparisosukts reported in sectidrb.1.4we present the results
reported for approaches in the same context (using natural lighting and a single camera
setup) inrable4.9.

Accuracy Average Head Movement Dataset Subject #

Method
X Y

Torricelli[169 P& c8 Constrained 9 subjects

Chen[163 P&y ¢8t Fixed N/A
Ishikawd 151] fo1: Free 3 subjects
Valenti[113 pPBY ] Free 11 subjects
Asteriadi$194 ™% Free 8 subjects
Sesm§l67] 8 c] Constrained 4 subjects
Yamazo¢164 f) X& Free 5 subjects
Baek169 c8 Constrained 6 subjects
Alnajar{18(Q 1) Free 15 subjects
Sugan¢18] o® Fixed 7 subjects

Table4.9 Accuracy results in terms of angular deviations for different gaze tracking methodsan the liter
ture

Drawing from the different approaches usgdgcan conclude that the proposed system
achieves comparable accuracy in the horizontal direction to the best accuracies reported
and performs better at estimating gaze in the vertical direction.
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4.9 Conclusions

The proposed system aims to improve accuodmstness, universality and usability in
gaze tracking under natural conditions. By working in the natural lighting spestrum, sp
cialized equipment requirements are eliminated, rendering the system suitabte for unive
sal use in any application and usiygype of cameras. The exponential growthoef m

bile, haneheld devices which embody very specific hardware and software capabilities
further favors the development of such kind of approaches.

The proposed gaze tracking system extracts facial poimtsritoaderive gazelated

features which are subsequently mapped into screen coordinates using interpolation. The
calibration procedure is effortless for the users and the system works fully automatically
without requiring any user intervention. The teesbtained after conducting a number

of different experiments reveal that a different arrangement of calibration points in a
0crossd pattern, gives a slight edge compa
proposed system is its accuracy in @gtireations along the vertical direction, which is

mainly attributed to the additional features providing information about the position of

the eyelids. Moreover, the salient tracking of anchor points instead of detecting them in
every frame contributesincreasingthggsst e més accur.acy and robus



Chapter 5

Gaze Tracking Applications

5.1 Introduction

The technology that allows users to control devices with their eyes has been around for
more than three decades. Since fingtitentative debut in the early 1980s several users
have been able to benefit from that emerging technBlagythough eye trackingsy

tems provided a |Hehanging advancement for a small fraction of people with motor
disabilities (such as spiraliilgs, musculatystrophy amyotrophic lateral sclerosis etc),

their never dgeved to spread commercially in the wide pdiblereason behind that is

that technology was not enough small, fast or affordable for standard computers. Eye
trackers requiredkdicated, high priced hardware and software. As the eye traaking tec
nology improves, these systems become more accurate, less invasive and less expensive,
paving the way of the implementation of eye tracking technology in devices of everyday
use. Anothereason behind the slow progress of eye tracking technologgostiiaat

ling devices using the mouse or fingers instead of the gaze is much easier and practical
for ablebodied users. However, gaze sensing technology can act complementary to trad
tionalinput methods, providing enhanced capabilities and rendering the interaction more
natural and seamless.

In this chapter the implementet of gaze tracking in seveaapplications is presented.

In the current applications, gaze tracking relies on acangea such as a mobile
phone camera or a webcam, without the use of any other equipment. The applications
studied, which will be subsequently presented in detail,fallewheg:

1. Gaze crowdsourcing
2. Correlating driver gaze with preceding leetietetion for collision avdiance

3. Typing with the eyes in mobile devices
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5.2 Gaze Crowdsourcing

Visual attention constitutes a very important feature of the human visual system (HVS).
Every day when watching videos, images or browsing the Internet, peopfeoated:o

with more information than they are able to process and analyze only part af the info
mation in front of theni197. Therefore, the understanding of how people scan images

or videos is of higinteres{199 because of the variety of possible applications ranging
from perceptual coding to layout optimization of weblitparallel, crowdsourcing has
become a particularly hot topic to scale subjective experiments to a large crowd in terms
of numbers of test participafi®9, because it enables recruiting up to a few hundred
test participants with a large diversity in terms of nationalities, social backgretnd, age,
[20Q within a few hours at low costs. It further allows performing the evaluation in the
environment the test participants are used to (out of the lab). The ability to reach a high
number of participants behaving naturally can be a great added value of crowdsourcing
and can contribute to visual attention studies. However, due to the uncontrolled and
unsupervised environment, new challenges arise while conducting subjectiviesiser stud
which aresignificantly differing from those in ttamhial lab environmenf201].

In an attempt to bridge these two fields an approach for enabling crowdsourced eye
tracking experiments isegented. The proposed approach is able to perform &ye trac

ing experiment using standard hardware and implements best practices for subjective
crowdsourcing tests. The ultimate goal is to provide a new way of measurersents on u
er's experience in a subjecexperiment conducted in a crowdsourcing context, which

go beyond seteported methods and provide new information such as visual attention
and interest.

5.2.1 Related Work

In the proposed context of crowdsourcing, previous methods were proposed to estimate
visual attention using sed¢ported methodi203. The test participants were asked to
watch a video, which was followed by the presentation of a table of letterpwhich a
peared very briefly. Test participants needed then to report whighdgtsawnore

clearly. This approach is interesting, but can only be used sporadically. Moreover, the
guestions asked during the test interrupted the flow of the experimenty affeqiaa

ticipant's immersion into the task. In a-mdgrusive manner, the regular input facilities

(i.e. mouse pointer or cursor) have been used to estimate the user's gaze for determining
user intention and salient components of the web @ However, user inputs do

not necessarily reflect user's activity ofactigity: a moving or a stationary mouse does

not fully capture the participant's attention to the task. Jialjg02} recorded viewing

behavior using a mousentigent paradigm; they demonstrated the connection the
mouse tracking saliency maps and eye tracking saliency maps. However, mouse and eye
patterns are défent among individual subjects and mouse movements are much slower
than eye movements.
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Going beyond traditional sedported measurements in the crowdsourcing context, the
most indicative previous werdonsidered the evolution of facial response Wwbkéng

a vided209. Test participants were recorded] key feature points of uaces were
measured to study participants' emotions. More recently, X{26gahtroduced a
webcanbased gaze tracking system that is able to work in the crowdsourcing context.
Using a gaming protocol design, thietain saliency maps which are very similar to the
ones obtained in a traditional lab setting. However they only evaluate the eye tracking
accuracy in lab conditions and provide crowdsourcing results in terms of saliency maps.
Moreover they impose a nhumbéiconstraints to the workers including having a high
resolution webcam, supporting their head in ordemntainstill throughout the exper

ment and having controlled lightcwnditions Their research results are promiging t

wards collecting large scaye tracking data under various types of visual stimuli.

Client side
po R "click, click, click"
ey F /

L @ « " /‘
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Figure5.1 General overview of the framework

5.2.2 Framework

The proposed framework involves two separate parts, illustrated in highFiguet in
5.1: a client and a server side. Logidadlyoperations are divided inapturing& syn-
chronization andazeestimation jostprocessing During thecapturing& synchronia-
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tion, on the client side, the test participaisgtheir personal computer and regular web
browser to access a web page where the face recording is done nhgldiancdintent

is presented to therithe participastarerecorded usg the webcam dheir personal

computer. The captured video is streamed to a distant server using WebRTC. On the
server side, the video is stored into a file. The location of every mouse click within the
page is also transmitted to the server and recordieel database. To perform these
operations, the server is based on different web technologies such as Javascript, Rails and
PHP components running on an Apache HTTP server.

5.2.2.1 Capture and synchronization of data streams

On the user side, there are twégaone by the framework; (1) the wapg of the two

kinds of input, namelthe click eventsincluding the temporal atatationinformation

of the clicks within the webpagand the video of the user's face, and (2) provisioning
both inputs with syhronization information used later on in gaze estimation. This user
side part of the framework is targeted for a large range of devices. The main requirement
on the user device is the availability of used streaming technology WebRTC, which is
currently aailable on most computers and Andtmded mobile devices.

Session recording module R click event marker
client side

. 7
User interface AL

Log

2 |
R 1 \ & )
%, : -
%

click event

frame captured

Figure5.2 Recording user session

All the information, i.e. the captured video and click inputs, is transmitted to the server
side of the eyiacker framework. Since both of these inputs are recorded and-transmi
ted independently, they need tcs¥pechronizedater on. To this end, a rhet based

on tags was developa&dhenever the user clicks, the mouse event is captured, then a
dedicated maek is added to the corresponding video frame showing the face of the test
participant at this momeirigure5.2 sums up the capture process: the user is interacting
with the test interface, while his face is being recorded. The events triggered by user's
actions on the interface (e.g. mouse clicks) are reported into the event log and into the
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video stream from the webcam for synchronizdfigire5.2 also demonstrates the

higher temporal resolution of eye tracking based gaze estimation compared to click event
based methods. When monitoring just the click events, the gaze can be estimated only
during user interaction.

5.2.2.2 Gaze Estimation

Once both the deo of the face of the test participant and the click inputs are received
on the server side, the gaze estimation is done v@quessing in an offline manner.

The direction of the gaze is estimatethbgielingthe movement of the eyes inside the

eye ecket. The algorithm for gaze estimation is similar to the one previously described in
detail i4.4

In order to derive the mapping between eye positions amdpleetive location on the

screen a calibration session is required. The calibration is based on the assumption that
test participants are looking at the GUI object that they are clicking. From the moment
of the click, it is then possible to identify thatimship between eye position and-loc

tions on the user's screen. During the calibration only a certain amount of eyé position
screencoordinatecorrespondences are known. However, fixation points between the
known points can be estimated by the mefaregression. Given enough reliabbe-sa

ples from the different marked key frames, the fixation points within the whole screen
can be interpolated.

The mapping between the image data (in terms of features) and screen coordinates of
userfixationsis deried using regression with a linear model, as depiEigdreb.3(a).

Drawing from Figure 4, it can be observed that the proposed linear model is appropriate
considering the ratio of data over noise. Once the regmassificientsare calculated,

the lin@r model can be applied to estimate the fixations given the unknown image data
converted in terms of featurésgure5.3(b) depicts this part of thixdtion estimation
process: the training is performed ufieged points and the fixation estimation is done

for the blue pointdndicatively if we consider all the points circled inRiggire5.3(b),

once the regression is performed on the three red points corresponding to click events,
finding the fixations corresponding to the blue points is based on the linear model
trained on the red points. istsimplifies the problem of gaze estimation to interpolating
every fixation between known key points. Based on this, a continuous calésration b
tween eye position and click position during the entire length of the experimeint is poss
ble.
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er side

Training Gaze estimation

EyeRacondsLabel lefE yex

Interpolation between
Keyframes

(a) (b)

Figure5.3 (a)Training of the linear model between eye position and click position and (b) Estimation of
fixations using the pteained linear model.

5.2.2.3 Scalability and robustness

The event and video capturingnp | e ment ati on i s |l ogically s
applicationd that wusers are interacting wi
capturing allows using the framework easily with various web applications that are a
cessed via an Interri@bwser, such as Google Chrome. Additional informationt-collec

ed from content application nmizwpughfacilitate the analysis though, especiallymn co

plex tasks.

Except from the displacement of the eyes, the movements of the head also contributes in
derivng the direction of gaze. Head pose invariance in gaze estimation either requires
special hardware configurations (such as helmets, glasses etc) or prior knowledge of the
camera parameters and geometry, being impracticable in the context of crowdsourcing.
In the proposed approach, information of head pose is only implicitly incorporated
through the mapping function. Given that minor head movements do not have-a notic
ableinfluenceon the outcome, the only condition is that the head movements-are co
strainel.

To compensate the inaccuracies caused bynogathentsan analysis method inxol

ing use of sliding window is envisaged, as depidtgline5.4. Considering only the
"fresh enough" samples tecadibrate the system may prove teumeessfub enhance

the prediction performance.
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Figure5.4 Gaze interpolation using a sliding window based on different kind of input for calibration.

5.2.3 Experiments

5.2.3.1 Crowdsourcing campaigns

In order to evaluate the performance of the proposed framework, two crowdsourcing
campaigns were conducted; a preliminary experiment involving volunteer online testers
and a paid crowdsourcing campaign, carried out using the Microworkers latferm
structure of both campaigns was the same and it is described in next section. In the first
preliminary experiment 8 participants (collaborators and acquaintances) volomtarily co
pleted the test, providing also feedback for improving and fine tuning theeperi

The second crowdsourcing experiment was carried out using the Microworkers
crowdsourcing platform, which provided the functions to hire the test users and approve
the work executed. The campaign was available globally for Microworkers users, and
eachuser was rewarded with 1 USD after providing the required proof. Out of the 30
workers, the input provided by 20 of them was meaningful for our experiments. The
excluded videos included cases where the gaze tracking algorithm failed to provide rel
ble results due to very large head movements (2 cases), movement of the head out of the
image (2 cases), bad illumination conditions (3 cases) and strong reflections from glasses
whic completely occluded the eyes (3 cases).

5.2.3.2 Description of the task

The experimdrwas divided into two partSigures.5). Testers browsed to the webpage
of the test environment, using a WebRTC compatible web brows&ofgle

lhttps://microworkerscom/
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