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Üye : Doç. Dr. Atakan DOĞAN
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ABSTRACT

PhD Dissertation

DESIGN AND IMPLEMENTATION OF A
REAL-TIME VIDEO-OCULOGRAPHIC GAZE

DETECTION AND TRACKING SYSTEM

Cihan TOPAL

Anadolu University
Graduate School of Sciences

Computer Engineering Program

Supervisor: Assoc. Prof. Dr. Cuneyt AKINLAR
2014, 116 pages

In this thesis, real-time video-oculographic Point of Gaze (PoG) com-
putation methods have been investigated. A fully functional PoG system
generally consists of three main components. The first is to extract features
from eye images. The second is to compute PoG based on a mathematical or
geometric model using the information obtained in the first step. The third
is to design and develop a user-friendly application to operate the computer
or allow fast text entry using the accuracy provided by the eye tracking sys-
tem. To come up with a novel and fully functional eye tracking system at
the end of the thesis, research and development for all three components of
the system have been performed.

In the first step of the project, a robust and real-time algorithm has
been designed to detect the boundary of the pupil in an eye image. The
algorithm not only detects the pupil boundary and the center when the pupil
is in clear sight, but it also succeeds even in tough occlusive cases where the
pupil is partly covered by eye lashes or the eyelid.

In the second step, Point of Gaze has been computed in 3D using the
eye features obtained in the first step. The major problem to solve in this
step was to compensate head movements during PoG computation. An eye
tracking model was developed to support this feature in the proposed system.
Using the proposed solution, head movements can be tolerated by calibra-
tion and tracking for 3D PoG computation without the need for complex
geometric computations.

In the last step, a novel and user-friendly On Screen Keyboard (OSK)
has been developed that is used together with the eye tracking system for
fast textual entry. In our gaze interface, we try to enhance users’ word input
rates as they are typing with their glances. Experiments performed with
many participants have shown that the developed OSK is easy to adapt and
can significantly boost the text input throughput.

Keywords: Eye tracking; Pupil detection; Gaze estimation; Gaze interface;
Human-computer interaction; On-Screen Keyboard.
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ÖZET

Doktora Tezi

GERÇEK-ZAMANLI VİDEO-OKÜLOGRAFİK
BAKIŞ YÖNÜ TESPİT VE TAKİP SİSTEMİNİN

TASARIMI VE GERÇEKLEMESİ

Cihan TOPAL

Anadolu Üniversitesi
Fen Bilimleri Enstitüsü

Bilgisayar Mühendisliği Anabilim Dalı

Danışman: Doç. Dr. Cüneyt AKINLAR
2014, 116 sayfa

Bu tez çalışması kapsamında video tabanlı bakış noktası tespit yöntem-
leri üzerinde çalışılmıştır. Tam anlamıyla işlevsel bir bakış noktası tespit
sistemi genel olarak üç ana bileşenden oluşmaktadır. Bunlardan birincisi
göz imgelerinden gerekli öznitelikleri çıkarılmasıdır. İkincisi ilk aşamada elde
edilen bilgileri kullanarak belirli bir matematiksel ya da geometrik modele
göre bakış noktasının tespit edilmesidir. Üçüncüsü ise göz izleme sisteminin
sağlayabildiği hassasiyet miktarında bilgisayarı veya başka bir cihazı kullan-
abilmeyi sağlayan arayüz uygulamalarıdır.

Tez çalışmaları süresince özgün ve tamamıyla işlevsel bir göz takip sis-
temi geliştirilmesi amaçlanmış ve bu doğrultuda göz takip sistemini olusturan
üç bileşen için de araştırma ve geliştirme faaliyetleri gerçekleştirilmiştir. İlk
aşama için göz imgelerinden gürbüz ve hızlı bir şekilde gözbebeği konturunu
çıkaran bir algoritma tasarlanmıştır. Bu algoritmalardan beklenen en önemli
özellikler göz kapağı, kirpikler ve yansımalardan dolayı oluşan kapatmaların
olduğu durumlarda bile çalışabilmeleri ve gözbebeğinin merkezini hassas bir
şekilde tespit edebilmeleridir. Geliştirilen gözbebeği tespit algoritmasında bu
problemlerin çözümü amaçlanmış ve önemli ölçüde ilerleme sağlanmıştır.

İkinci aşamada göz imgelerinden elde edilen öznitelikler kullanılarak
bakış noktasının 3-boyutta tespit edilmesi amaçlanmıştır. Bu adımda çözül-
mesi gereken en önemli problem geliştirilen yöntemin baş hareketlerini telafi
ederek gürbüz bir şekilde çalışabilmesidir. Önerilen sistemle bu özelliği des-
tekleyen bir göz izleme modeli geliştirilmiştir. Bu modelle hem kalibrasyon
hem de izleme aşamalarında gerçekleşen baş hareketlerinin telafisi önemli
ölçüde sağlanmakta, hem de diğer 3B bakış noktası tespit yöntemleri gibi
zahmetli geometrik kalibrasyon gerektirmemektedir.

Son aşamada ise göz izleme sistemleriyle kullanılırken hızlı bir sekilde
metin girişi sağlayabilecek özgün bir klavye arayüzü tasarlanmış ve geliştiril-
miştir. Birçok farklı kullanıcıyla gerçekleştirilen deneylerin sonucunda geliştir-
diğimiz arayüzün son derece başarılı olduğu ispatlanmıştır.

Anahtar Kelimeler: Göz izleme; Gözbebeği tespiti; Bakış noktası tespiti;

İnsan-bilgisayar etkileşimi; Ekran klavyesi.
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1. INTRODUCTION

Eye tracking has emerged as an important research area with a diverse set

of applications including human computer interaction, diagnosis of psycho-

logical, neurological and ophthalmological individuals, assistive systems for

drivers or disabled people, marketing research, and biometrics. In medical re-

search, for example, tracking and analyzing the saccades of a subject reveals

important information about the psychological and neurological status of the

subject, and enables the diagnosis of balance disorder, diabetic retinopathy,

multiple sclerosis, etc.

Similarly, in marketing research, having answers to questions as “where

a customer looks at first on a package of a product”, or “which details on

a poster tempt a person to watch the movie” provides valuable insight, and

enables designing more attractive product packages or posters to increase

commercial gains. In addition, eye tracking technology may speed up the

educational procedures of the pilots, drivers or operators with useful findings

attained by analyzing the gazes of the experienced ones. There are also many

biometrics and security applications that benefit from the achievements of

eye tracking research.

Estimation of the point-of-gaze (PoG) of a person in eye tracking re-

search is an important problem that has been thoroughly worked for more

than a couple of decades. Determination of where or how long an individ-

ual looks at provides valuable information for many scientific and practical

aspects. In addition to the human computer interaction research, gaze in-

formation is also critical for the areas such as ophthalmology, psychology

and neurology. Several real life applications that utilize the PoG estimation

techniques can be listed in the following;
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� assistive systems for disabled people (gaze controlled wheelchair, com-
puter, etc.),

� diagnosis of various diseases by analyzing the gaze tracks of the user,

� education/assisting applications for pilots/drivers,

� virtual and mixed reality applications, etc.

Eye tracking systems can be classified with respect to several aspects,

i.e., infrared-based or appearance-based, sensor-based or video-based, etc.

Another prevalent classification aspect of eye tracking systems is their physi-

cal structure, i.e., wearable or remote, intrusive or non-intrusive. The choice

of the eye tracker type highly depends on the application. Remote eye track-

ers may be more suitable for assistive systems designed for handicapped

people due to the ease of deployment and use. On the other hand, using

a wearable system may be more convenient if a scientific, medical or mo-

bile task is at the hand. Since wearable systems can be deployed closer to

the eye, they can obtain higher resolution, better quality eye images which

results in more precise extraction of eye features. However, they require a

further calibration to associate the point of gaze with the world coordinate

system.

There are various methods for detecting the PoG in eye tracking sys-

tems; video-oculographic (VOG) methods, scleral search coil methods, electro-

oculographic (EOG) methods and etc. Among these methods, VOG systems

are usually preferred since they are less intrusive than the others and pro-

vide more comfortable use. In this study we aim to design and develop a

VOG gaze estimation system which acquires and process input information

as image streams of user’s eye.

The most critical issue on the PoG estimation problem is designing the

system in order to enable head movements for the user during tracking. The

systems that do not support head-pose invariance and require users to keep

2



 

 

 

 

 

 

 

1. Feature Extraction: 

 

In feature extraction step required information for gaze estimation method is gathered. This 

information can be voltage values from sensors in an EOG system, or pupil center detected 

from eye images in a VOG system. Widely used features on VOG systems are pupil center, 

cornea center and glints. The literature is very large on feature extraction methods for VOG 

systems. There are various illumination techniques and image processing algorithms for 

extracting the necessary information from eye images.  

 

 

2. Gaze Estimation 

 

Once the required information is obtained in feature extraction step, it is processed in the gaze 

estimation step to compute the location where the user looks at. Gaze estimation methods are 

classified into two main categories: 2D regression based and 3D model based. Both 

approaches have pros and cons with respect to area of use. In this thesis we aimed to develop 

a hybrid approach which merges the upsides of both approaches. Properties of these 

approaches are criticized and an extensive comparison with the proposed method is provided 

in Chapter 3. 

 

 

3. Gaze Application 

 

The last part of a fully functional gaze estimation system is a gaze driven software which is 

particularly developed for a specific application. For example, computer applications are 

developed to be used with keyboard and mouse. In a similar vein, tablet and smartphone 

applications are developed to be used with finger taps and gestures. None of these devices 

cannot properly be used with gaze interaction. To provide efficient utilization of a computer 

or any other device, development of special applications is required. The most common type 

of these applications are on-screen keyboards which are developed to ease the text input by 

gaze. In these applications many assistive techniques such as word prediction and completion 

are applied to boost the text throughput.  

 

In this thesis we design and develop a gaze estimation system with all three components 

described above. For the first part, we develop a real-time pupil boundary detection algorithm 

which is able to run even in tough occlusions of eyelids and eyelashes. In the second step, we 
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Figure 1.1: Three main components of a fully functional eye tracking system.

their head still while using the system and this situation dramatically reduces

the comfort and efficiency of the experience.

A fully functional eye tracking system has three main components (see

Fig. 1.1). Each of these components can be considered as different problems

and studied individually in the literature. We explain each of these steps

briefly in the following and give fine details in the consequent chapters.

1.1 Feature Extraction

In feature extraction step required information for gaze estimation method

is gathered. This information can be voltage values from sensors in an EOG

system, or pupil center detected from eye images in a VOG system. Widely

used features on VOG systems are pupil center, cornea center and glints.

The literature is very large on feature extraction methods for VOG systems.

There are various illumination techniques and image processing algorithms

for extracting the necessary information from eye images. In this thesis, we

present a robust pupil boundary detection method that is able to detect the

pupil even in tough occlusive situations. The algorithm starts by detecting

and validating all edge segments in an image with Edge Drawing Parameter

Free (EDPF) algorithm. Next, a modal structure estimation for each edge

segment is performed by analyzing their gradient vector distributions. In this

step, we try to find a near-circular segment that traverses the entire bound-

ary of the pupil by maximizing the entropy of the gradient distributions.

Once a near-circular segment is found, elliptical arcs are extracted from only
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this segment. If no such segment exists, i.e., when the pupil is occluded by

the eyelids or eyelashes; arcs from all segments in the image are extracted.

Thereby, the algorithm adapts itself and reduces the computation time by

trying to understand whether the pupil is entirely visible or occluded. Ex-

tracted arcs are then grouped to generate several pupil contour candidates,

and one of them is chosen to be the final pupil contour by a cost function.

The algorithm is also promising at detection of true negatives which is a

useful property for many applications. The algorithm takes a mere 10 ms on

non-occluded, and about 30 ms on occluded pupil images size of 640×480.

1.2 Gaze Estimation

Once the required information is obtained in feature extraction step, it is

processed in the gaze estimation step to compute the location where the

user looks at. Gaze estimation methods are classified into two main cate-

gories: 2D regression-based and 3D model-based, both have pros and cons.

Regression-based methods easily approximate the non-linear characteristics

of human eye, however, they are ineffective on providing head pose invari-

ance. On the other hand, model-based methods are more successful on the

same issue, yet they either require more hardware to accurately model the

eye structure, or make assumptions on geometric parameters of eye. In this

study, we propose a hybrid gaze estimation methodology which attempts to

utilize the advantages of both regression-based and model-based gaze esti-

mation methods. In other words, our method provides head pose invariance

with minimal hardware and easy to implement since it does not require geo-

metric calibration of the system. In our model, a head-mounted eye tracker

is employed which both eases high quality eye feature extraction and accu-

rate head pose estimation with the help of fiducial markers. Accordingly, a

method to fuse geometric calibrations and regression parameters into gaze
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coordinates is proposed. Another key contribution of this thesis is hierar-

chical calibration which is an easy procedure to enhance the gaze estimation

accuracy. The experiments we performed show that the proposed method

provides gaze estimation accuracy 0.37○ in average, and easy to use in both

assistive and mobile applications. Properties of 2D regression-based and 3D

model-based approaches are criticized and an extensive comparison with the

proposed method is provided in Chapter 3.

1.3 Gaze Application

The last part of a fully functional gaze estimation system is a gaze driven soft-

ware which is particularly developed for a specific application. For example,

computer applications are developed to be used with keyboard and mouse.

In a similar vein, tablet and smartphone applications are developed to be

used with finger taps and gestures. None of these devices cannot properly be

used with gaze interaction. To provide efficient utilization of a computer or

any other device, development of special applications is required. The most

common type of these applications is on-screen keyboards which are devel-

oped to ease the text input by gaze. In these applications many assistive

techniques such as word prediction and completion are applied to boost the

text throughput.

1.4 Summary of Contributions

In this thesis we design and develop a complete gaze estimation system with

all three components consisting of feature extraction, gaze estimation and

gaze application as described above.

For the first part, we develop a real-time pupil boundary detection algo-

rithm which is able to run even in tough occlusions of eyelids and eyelashes.

The proposed algorithm also concerns real-time applicability by inferring
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easy and tough cases with a heuristic. Therefore, it spends less time for the

cases which the pupil is in clear sight.

In the second step, we design a novel eye gaze estimation model that

incorporates the advantageous sides of conventional 2d regression-based and

3D model based methods. The proposed method both enables accurate gaze

estimation with free head movement and does not require troublesome geo-

metric calibration.

In the last part, we design and implement an on-screen keyboard that

we name SliceType. SliceType is developed with a couple of design issues.

First it aims to optimize the utilization of screen area by merging the regions

of unused letters. In this way it reduces the erroneous letter selection ratio

during gaze driven input. Second, it has integrated word completion and

word prediction mechanisms to boost the word throughput.

We give the literature overviews and explain the contributions for each

step of this thesis in the following chapters. More detailed information on

eye tracking methods and related human-computer interaction topics can be

found in the surveys [45, 46, 22].
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2. PUPIL DETECTION

2.1 Introduction

All eye tracking methods start with the extraction of necessary features from

face or eye. In this part of the thesis we aim to find an efficient method

for detecting the pupil contour hence the center in a fast and efficient way.

Once we detect the pupil and its center, we utilize that information in the

consequent steps of the algorithm to estimate the PoG.

Pupil boundary detection and center estimation is an essential step in

many applications. In applications such as eye tracking and gaze estimation,

the detection of pupil center is required for the solution. On the other hand,

pupil boundary detection is a harder problem and its accurate detection is

indispensable for biometrics and medical studies. For any kind of applica-

tion, the detection of boundary or center has to be performed precisely. For

instance, even one pixel precision loss on pupil center may cause an error of

a few degrees in the gaze direction vector, which would result in a significant

drift in the estimated gaze point.

In this study, we propose a new robust and fast pupil boundary detec-

tion method from eye images, which works by extracting arcs from the edge

segments of the image and joining them to find the pupil boundary, hence

the center. The organization of the paper is as follows; we give a comprehen-

sive related work on pupil boundary and center detection in section 2.2, we

explain our method with fine detail in section 2.3, analyses of the method in

terms of success and running time are presented with experimental results in

section 3.6, and we finalize the paper with concluding remarks in section 3.8.
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2.2 Related Work

The literature on pupil detection is very rich, and many different techniques

have been proposed. In this section, our goal is to give a high-level picture

of the proposed solutions for pupil boundary detection and/or pupil center

estimation.

One common technique for pupil detection is dark/bright pupil differ-

encing [1]-[3]. In general, this technique is useful to roughly detect the eye

locations in a remotely taken image. First, two eye images are captured with

on-axis and off-axis illumination. Due to the physical structure of human

pupil, on-axis illumination causes a significant brightness inside the pupil.

Then difference image of two successive frames is computed and thresholded.

Morphological operations are usually performed on the binarized image to

visually enhance the result.

Wang and Sung [4] detect iris instead of the pupil in their gaze estima-

tion study. They threshold the eye image and apply morphological opening to

the pixel sets. Next, they find vertical edges, select two longest edge segments

and fit ellipse. Goñi et al. [5] adaptively threshold the eye image and apply

morphological open/close operations. Then connected component analysis is

applied to detect the blobs. Later, blobs are filtered according to their sizes,

and the most compact blob is selected as the pupil. Finally, center of the

pupil is calculated with a modified center of mass algorithm. Keil et al. [6]

first compute edge map and look for the glints to search the pupil nearby

them. Dark pixels composing the pupil are extracted with a histogram back-

projection, and the centroid of these pixels is considered as the pupil center.

Agustin et al. [7] threshold the image and extract the points between pupil

and iris. Then they fit ellipse to these points with RANSAC [8].

The occlusions caused by eyelids and eyelashes make detection of pupil
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a lot more difficult and there are studies that specifically target this prob-

lem. Long et al. [9] threshold the eye images with a user-set value. Then,

blob detection is applied and the largest blob is selected as the pupil. Pupil

center is computed by placing a parallelogram into the pupil contour with

the assumption that the centroids of the pupil ellipse and the parallelogram

will overlap. In a similar vein, Lin et al. [10] use inscribed parallelograms to

make a good estimate of the pupil center in occlusive cases. The image is

thresholded and undesirable artifacts are removed by morphological opera-

tions. Next, pupil contour is extracted and three parallelograms are inscribed

into it. If the centroids of these parallelograms are not overlapped, the pupil

contour is rotated and the previous step is repeated.

Ma et al. [11] add up the intensity values of rows and columns, and

take the lowest [row, column] value as approximate pupil center in their iris

recognition study. Then, adaptive thresholding is performed and a local im-

age region is determined according to the approximated pupil center. Finally,

edge detection followed by Hough circle transform [12] are applied.

Mäenpää [13] finds the pupil centre by thresholding and morphological

opening in their iris study. Dey and Samanta [14] downsample image to re-

duce computation time, and apply a non-linear power transform to increase

the contrast of the pupil. Then Gaussian smoothing followed by edge detec-

tion are performed. Next, edge segments are extracted and bounding box

of each edge segment is found as a modal heuristic. Finally, circle fitting is

applied to each segment to determine the pupil center.

There are also methods using alternative ways in feature extraction for

pupil detection. In [15] authors propose using curvature of pupil contour to

detect pupil boundary. After thresholding and blob detection are applied,

small blobs are eliminated by a pre-defined threshold. Next, contour of
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pupil’s blob is extracted and its curvature is calculated. Finally, edge pixels

of the pupil’s contour are then classified by employing a set of rules (e.g.

eyelids have positive curvature, etc.) and ellipse fit applied to the selected

pixels.

Another study, Starburst, estimates pupil center by an iterative radial

feature detection technique instead of finding all edges [16]. The algorithm

starts by locating and removing the glint. Then, rays are cast from an initial

point (assumed to be inside the pupil) with a 20○ of radial step. Each ray

stops when the derivation is greater than a threshold value, i.e., when a

sharp intensity change occurs. This operation is iterated a few times with

an updated starting point and a group of feature points are collected at each

step. Finally, an ellipse is fit to the collected feature points with RANSAC [8].

Although the algorithm differs by its feature extraction scheme, it is not

clear how it performs in occlusive cases as the pupil is in clear sight in all

experiments presented in the paper. Authors also present a study that tries

to adapt the Starburst algorithm to elliptical iris segmentation problem [17].

Another different approach on pupil detection is used in EyeSeeCam

project [18]. The algorithm performs edge detection followed by connected

component analysis to obtain edge segments. Thereafter, unwanted artifacts

like glints and other reflections are deleted by applying a sequence of mor-

phological operations and assumptions. Finally, Delaunay Triangulation is

applied to remaining pixels and the pupil’s boundary is detected assuming

it is a convex hull. Although results of the algorithm are successful in oc-

clusive cases, it has a complicated structure consisting of assumptions and

morphological rules. Furthermore, there is no concrete information about the

computation time requirements of the algorithm, except the authors’ claim

that all employed tools are computationally inexpensive.

11



In addition to above algorithms, there are also purely model-based

methods which are mostly utilized in iris recognition studies. As an example,

Daugman [19] proposes an integro-differential operator for detecting the pupil

and iris boundaries aiming to maximize the contour integral value on the

smoothed image derivative (Eq. 2.1).

max(r,x0,y0) ∣Gσ(r) ∗
∂

∂r ∮(r,x0,y0)
I(x, y)

2πr
ds∣ (2.1)

Arvacheh and Tizhoosh [20] developed an iterative algorithm based on an

active counter model which is also capable of detecting near-circular shapes

such as the iris and the pupil. These methods work fine; however, they re-

quire a full search of the image plane in order to find r, x0, y0 parameters that

maximize the given model. This search operation is computationally expen-

sive and highly vulnerable in cases where the pupil is not perfectly circular.

Therefore, they cannot be employed in real-time eye tracking applications.

Table 2.1 gives a brief taxonomy of the above-mentioned pupil detection

algorithms. Before we go over the table and describe relative merits or disad-

vantages of the employed methods, it is important to remind that even small

errors in pupil center or boundary detection can cause significant inefficien-

cies in medical or gaze applications. Therefore, downsampling the image to

save computational time is obviously undesirable as it decreases the accuracy

by wasting fiducial information. Next technique on the table is the bright/-

dark pupil differencing. Although this technique takes little computation and

eases roughly locating the pupil, it has important disadvantages. Firstly, it

needs additional hardware to obtain bright and dark pupil images consecu-

tively in a synchronous manner. Secondly, it reduces the temporal resolution

in half since it needs two frames to perform single detection. Thirdly, it is

very sensitive to motion; that is, if a large pupil displacement occurs between

12



two consecutive images, the algorithm fails. Ebisawa specifically addresses

this problem in [21], and proposes various methods for positional compensa-

tion.

As seen from Table 2.1, thresholding is the most common technique

in pupil detection. Although thresholding can quickly discriminate image

regions with different intensity values, it is highly vulnerable to lighting con-

ditions and parameter selection. Consequently, it fails on finding the exact

location where intensity change occurs and decreases the accuracy. Another

commonly employed technique is morphological operations which are ap-

plied on the thresholded binary image to improve visual structure of the

image. However, they may also affect the actual information on the image

and cause significant errors on the result. Moreover, the algorithms which

utilize bright/dark pupil, thresholding and blob detection to find a center

point for pupil are obviously not capable of detecting the boundary. Hence,

they cannot be employed in most biometrics or medical studies which require

precise detection of the boundaries of pupil and iris.

In this section we presented an overview of related studies covering

both biometrics and eye tracking areas from the viewpoint of pupil detection

problem. For interested readers, there are also comprehensive surveys that

review the gaze estimation literature, in particular [22, 23].
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2.3 Proposed Method

In this study, we propose an adaptive method for pupil boundary detection

which is able to save computation by inferring whether an occlusion is the

case or not. When the pupil is in clear sight, the computation takes very

little time; when the pupil is severely occluded, the algorithm infers it and

spends more effort to detect the pupil without compromising real-time appli-

cability. The main strategy improving the method against the occlusive cases

is extracting the elliptical arcs from the image and finding one arc or a group

of arcs representing the pupil contour. In this way, relevant features from a

partially visible pupil can be extracted and detection can be performed by

fusion of separate features. Besides detecting the pupil boundary and center

precisely, the algorithm can also identify if there is no pupil in the image as

a very handy information for many applications.

The proposed method has a simple flow and consists of the processing

pipeline shown in Fig. 2.1. The processing starts by the detection of the edge

segments by the Edge Drawing (ED) algorithm. ED returns a set of edge

segments, each of which is a contiguous chain of pixels.

After the edge segments are extracted, the next step is to determine

whether a near-circular segment exists that traces the entire boundary of the

pupil. Such an edge segment would be found if the pupil is clearly visible with

no or very little occlusion. To find whether an edge segment has a circular

geometry, we devise a fast heuristic method which is based on the gradient

distribution of the segments. On the condition that a near-circular segment

is found, we extract elliptical arcs only from that segment. If no near-circular

segment is found, which would be the case if the pupil is severely occluded

by the eyelids or eyelashes, then arcs from all edge segments in the entire

image are extracted.

15



Following the extraction of the elliptical arcs, the next step is to join

the arcs to generate a set of ellipse candidates that trace the pupil boundary.

Candidates are finally evaluated for their relevance to be the actual pupil

contour and the best one, if it exists, from among the candidate ellipses is

chosen.

In the following subsections, our goal is to elaborate each step of the

proposed algorithm in detail, giving enough detail to make the discussion

clear.

2.3.1 Edge Segment Detection

To detect all edge segments of an image, we employ our recently proposed

edge/edge segment detector, Edge Drawing (ED) [24]-[27]. Unlike traditional

edge detectors which work by identifying a set of potential edge pixels in an

image and eliminating non-edge pixels through operations such as morpho-

logical operations, non-maximal suppression, hysteresis thresholding etc., ED

follows a proactive approach. The ED algorithm works by first identifying

a set of points in the image, called the anchors, and then joins these an-

chors using a smart routing procedure; that is, ED literally draws edges in

an image. ED outputs not only a binary edge map similar to those output

by traditional edge detectors, but it also outputs the result as a set of edge

segments each of which is a contiguous and connected pixel chain [26]. This

property of ED extremely eases the application of the algorithm to further

detection and recognition problems.

Similar to all edge detectors, ED has many parameters that must be

tuned by the user for different images. Ideally, one would want to have

an edge detector which runs with a fixed set of parameters for any type of

image. To achieve this goal, we have recently incorporated ED with the a

contrario edge validation mechanism due to the Helmholtz principle [28, 29],
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Figure 2.2: (a) Sample eye image, (b) 255 edge segments obtained by the EDPF
algorithm. Each color represents a different edge segment.

and obtained a fast parameter-free edge segment detector, which we name

edge drawing parameter free (EDPF) [30, 31]. EDPF works by running

ED with all ED’s parameters at their extremes, which detects all possible

edge segments in a given image with many false positives. We then validate

the extracted edge segments by the Helmholtz principle, which eliminates

false detections leaving only perceptually meaningful edge segments with

respect to the a contrario approach with very little overhead of computation.

Fig. 2.2 illustrates detected edge segments for an example eye image. In the

figure, each color represents a different edge segment, which is one-pixel wide,

contiguous chain of pixels.

2.3.2 Near-Circular Segment Search

The main goal of this step is detecting the pupil in an easy and computation

efficient way when it is entirely visible without any occlusions. Once we have

the edge segments detected, we need to find the one that traverses the pupil

boundary. The first thing that comes to mind is to apply a brute force search

as follows: fit an ellipse to each edge segment, compute the fitting error, and

pick the edge segment that has the smallest fitting error. This method might

work only when the pupil is clearly visible, i.e., when the pupil is not occluded
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by IR-LED glints or eyelashes, however, fitting an ellipse and calculating the

fitting error for each segment requires too much computation.

To reduce this computational burden, we devise a faster method based

on the analysis of gradient directions to find the near-circular segment, if

one exists. Gradient information of the segments contains substantial infor-

mation about the geometrical structure and is used in shape matching, re-

trieval and recognition problems [32]-[36]. Since we already have the vertical

and horizontal derivatives of the image computed during the edge detection

scheme, we can find the gradient directions with simple trigonometry in a

computationally cheap way (see Fig. 2.3.a). The arctan function obviously

results angle values in an interval [−π/2, π/2], providing an angle range of

180○. Before examining the distribution of gradients, we quantize the angles

with 22.5○ to obtain discrete symbols, thus we divide the unit circle into 16

regions into 8 different directions (see Fig. 2.3.b).

Once we get the quantized gradient directions for all pixels in each

segment, we try to infer the modal characteristics of each segment by ana-

lyzing their gradient distributions. It is easy to observe that any segment in

near-circular form would have an even gradient distribution if the tangential

gradients on its perimeter would be sampled with a fixed angular step.

Fig. 2.4 shows the edge segments of an eye image and the distributions

of the gradient directions for 9 edge segments labelled a-i. As seen from the

figure, circular edge segments have an even distribution; whereas, straight

edge segments have an unbalanced distribution, where a few values dominate.

Thus, to distinguish the segments having circular shapes, we need to

select the segments that result in plain gradient distribution. To achieve this,

we use the entropy function (Eq. 2.2) on the quantized gradient distributions
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Figure 1: Eye image and edges 

 

  
 

 

 

Figure: gradient computation and quantization 
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Figure 2.3: (a) Gradient computation with image derivatives, (b) Quantization
of computed gradient directions.

of the segments.

E = −
n

∑
i

pi. log(pi) (2.2)

Since entropy function maximizes for flat distributions where the frequency of

each symbol is equal, we compute the entropies of the gradient distributions

of the segments (Eq. 2.3).

arg max ∣
8

∑
i

fGi
. log(fGi

)∣ (2.3)

where fGi
is the frequency of the ith gradient direction. The entropy values

for the segments are maximized for a perfect circle and gets lower as the

segment shape differs from being a circle (elliptic, etc.), and finally entropy

becomes zero for straight lines since a straight line has only one gradient

direction along its geometry. Since the number of different symbols is 8; the

maximum entropy value is log2 8 = 3 in our case. In Table 2.2, the lengths

and the entropy values of the segments shown in Fig. 2.4 are listed. It is easy

to observe that circular edge segments have higher gradient entropy values

regardless their size, whereas straight edge segments have lower values as

expected.

With this heuristic, we can discard the segments producing small en-
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tropy values than a certain threshold in a fast manner. When examining

speed of the heuristic, we measure that computing the gradient entropy of

an edge segment with available image derivatives is 150∼200 times faster than

ellipse fitting and error computation according to length of the segment. In

this way, we avoid spending computation time on the segments which have

irrelevant geometries.

Following the computation of the edge segment entropies, one segment

is chosen to be the near-circular segment to extract elliptical arcs if it satisfies

the following three conditions:

i) Must have a very high gradient entropy. The theoretical entropy upper-

bound for 8 different gradient directions is log2 8 = 3. Accordingly, we

choose the segments which have 2.9 or more gradient entropy.

ii) Must have a small ellipse fitting error, e.g., 2 pixels, when an ellipse is

fit to the pixels of the segment.

iii) Must be a closed segment. To avoid problems due to the small occlu-

sions, such as glints, we consider a 15 pixels threshold for the distance

between the start and end points of the segment.

Evaluation of the second condition requires ellipse fitting to a set of points, for

which we employ the method proposed by Fitzgibbon et al. [37]. To compute

the ellipse fitting error, there is no straightforward method; so, we developed

a method based on [38]. We estimate the distance between the ellipse and

each point by solving the equations described in [38] with Newton-Raphson

method in a couple of iterations. Once we estimate all distance values be-

tween each point and the ellipse, we calculate the normalized rms distance to

obtain a single scalar to represent the fitting error. For ellipse perimeter cal-

culation, which also does not have an exact solution, we employ Ramanujan’s
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Figure: edge segments and entropies 
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Figure 2.4: Detected edge segments displayed with different colors (top), Gradi-
ent distributions of the labeled segments in the image (a to i).

second approximation [39]. In the event that more than one edge segment

satisfies all three conditions given above, the one having the minimum ellipse

fitting error is chosen to be the near-circular segment. While existence of a

near-circular segment speeds up the computation, its not compulsory for the

detection of pupil.

It is important to note that shape of a segment does not necessarily

have to be near-circular to give high entropy values. In addition to segments

with near-circular geometry, segments which have concave shapes or follow
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complex trajectories can also produce high entropy values. Therefore, we

use entropy test as a prerequisite to accelerate the algorithm and make final

decision about a segment by ellipse fitting.

2.3.3 Elliptical Arc Extraction

The next step of the algorithm is extracting the elliptical arcs (which will

be referred to as arc hereafter) from the gathered edge segments. If a near-

circular segment could be found at the previous step, arcs are extracted only

from that segment. If no near-circular segment is found, then all segments

are subjected to arc extraction process. In this manner, the algorithm adapts

itself and requires less computation when the pupil contour is entirely visible.

In a previous work, we extract circular arcs by combining consecutive

line segments to detect circles in an image [40, 41]. However, pupil’s pro-

jection onto the camera plane can be in a more elliptical structure, hence

we need to detect the elliptical arcs in this study. To solve this problem,

we devise another strategy which also works fast. Finding the start and end

points of a potential elliptical arc inside an edge segment is achieved by locat-

ing the corners along the segment. First, we detect corners on the segments

with a fast curvature scale-space (CSS) method [42]. To gain speed, we used

the same gradient information employed in previous steps to compute the

turning angle curvature and detect corners. Afterwards, we fit an ellipse to

the points lying in between two consecutive corners along each segment and

obtain elliptical arcs.

Fig. 2.5.c and Fig. 2.5.d presents the results of our arc extraction

method for 4 test images. In the first two rows, the pupil is completely

visible; hence, the near-circular segment (the orange colored segment) is de-

tected. Therefore, arc extraction is applied only to this segment. When no

near-circular segment is found due to occlusions, arcs are extracted from all
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Table 2.2: Lengths and gradient entropies of the segments shown in Fig. 2.4.

Segment ID. Length (pix.) Entropy
a 271 2.96
b 128 2.66
c 86 1.99
d 68 1.66
e 100 1.89
f 127 2.76
g 232 2.36
h 35 2.83
i 113 1.74

segments to avoid missing any useful information (see 3rd and 4th rows of

Fig. 2.5). To save further computation time, we omit the segments having

low gradient entropy (i.e., < 2) because their straight geometry rarely con-

tains elliptical arcs. We also neglect the short segments (i.e., < 25 pixels)

since they do not provide any useful information. In the third column of

Fig. 2.5, low gradient segments and short segments are indicated in green

and blue, respectively, and the final segments that are subjected to arc ex-

traction displayed in red. The last column of Fig. 2.5 shows the detected

corners (orange colored squares) and extracted arcs (colored cyan) for all

images.

It should be noted that even if the pupil is in clear sight, it may appear

highly elliptical because of the view angle. In such a case, pupil’s segment

may result in a low gradient entropy and near-circular segment would not be

detected. As a consequence, elliptical arc extraction would be applied to all

segments even though there is no occlusion.

2.3.4 Generation of the Pupil Candidates

In this step, we generate candidate ellipses by grouping the extracted arcs.

Thus we aim to detect the complete pupil boundary even if its boundary

is partially visible. To generate pupil candidates, we try to fit an ellipse to

each subset of all extracted arcs. Excluding the empty set, there are 2n − 1
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Figure 2.5: Arc extraction process. First two rows include examples where the
pupil is clearly visible; whereas, in the last two rows the pupil is
severely occluded. (a) input images, (b) detected edge segments dis-
played in different colors, (c) short segments, low gradient entropy
segments and segments from which arcs will be extracted are col-
ored in blue, green and red, respectively. The near-circular segment
displayed in orange, if it exists, (d) corners (orange boxes) and ex-
tracted arcs (cyan segments). Note that if the near-circular segment
is found, corner and arc detection is only applied to that segment.

different arc combinations for n arcs. Due to the exponential grow rate, the

number of generated pupil candidates increases excessively for the number

of extracted arcs and testing all combinations becomes infeasible. In Fig. 2.6

an example is shown to illustrate the relation between number of selected

arcs and generated pupil candidates. As seen from the example, the number

of generated pupil candidates increases in an excrescent manner for higher
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Figure 2.6: Generated pupil candidates for different number of arc selections.
(a) Eye image with 10 elliptical arcs detected. (b)-(e) Generated 15,
31, 63, 127 pupil candidates for 4, 5, 6, 7 selected arcs, respectively.
Remember that we generate 2n − 1 ellipses for each pupil candidate
for n selected arcs.

number of selected arcs.

For the cases where the number of extracted arcs exceeds, we apply

a fast selection method to reduce the number of arcs. Similar to many

pupil center estimation methods, we simply binarize the image and find the

centroid of the largest blob as a very rough estimation of pupil center. Then,

we select a predefined number of closest arcs to that center.

In the experiments, we see that the pupil counter is detected as a couple

of separated arcs even in tough occlusions, hence we select 5 arcs to guarantee

reconstruction of the pupil boundary. If the number of extracted arcs is below

5, we do not perform arc selection which is the common case if there is no

occlusion. In the last two rows of Fig. 2.7.a, selected and eliminated arcs are

indicated with yellow and blue ellipses, respectively. The arcs displayed with

yellow ellipses are selected with respect to the distance between their center

and rough pupil center estimation (indicated with green circle). Please note

that any arc elimination is not applied to the first two rows due to the small

number of (i.e., ≤ 5) extracted arcs.

Once we obtain arcs, we analyze all 2n − 1 arc subsets by ellipse fitting

to all arc pixels in each subset [37]. Fig. 2.7.b shows all generated pupil

candidates for the input images in Fig. 2.5.a. Since the pupil candidate

generation process considers all subsets of selected arcs, groups of unrelated
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Figure 2.7: Pupil candidate generation and pupil detection steps. First two rows
include examples where the pupil has clear sight; whereas, last two
rows present occlusive cases. (a) Detected pupil blob center is in-
dicated with green spot. Ellipses show fitting results of arcs and
displayed in yellow and blue for selected and eliminated ones, re-
spectively. If the number of arcs exceeds a specific value (5 in the
example), arcs selected with respect to the distance between the el-
lipse center and the pupil blob center. (b) 2n−1 pupil candidates are
generated by joining all possible arcs combinations, (c) remaining
pupil candidates after elimination due to high fitting error, (d) the
selected ellipse representing the pupil contour using the argument in
Eq. 2.4.

arcs which do not form a valid conic geometry are also subjected to ellipse fit

operation. Therefore, the next step is to eliminate those candidates having

a high fitting error, which clearly cannot be the pupil boundary segment.

Fig. 2.7.c shows the remaining ellipse candidates after this elimination. The
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real pupil boundary segment will be chosen from among these remaining

candidates.

2.3.5 Detection of the Pupil

In the previous step, we get a number of pupil candidates each of which

consists of one subset of elliptical arcs. Accordingly, we still need to select

one candidate ellipse to be the final pupil contour. To make the decision, we

define a cost function which considers the following properties of a candidate

ellipse:

i. the ellipse fitting error (ε),

ii. the eccentricity (τ),

iii. the ratio of the arc pixels to the perimeter of resulting ellipse (φ).

Each of the pupil candidates is formed by one or more arcs. If the pupil

boundary is detected with multiple arcs, the fitting error should be reasonable

because we expect the arcs to be parts of the same contour. Thus we need

to minimize the fitting error ε.

The eccentricity (τ) indicates the compactness of an ellipse and is the

ratio of the semi-major and semi-minor axes. For a circle, it is obviously 1.

We obtain diverse pupil candidates whose eccentricities can vary, i.e. 0.1 ∼ 10.

However, pupil’s projection onto the image plane is usually closer to a circle

rather than a skewed ellipse in related applications. Therefore, we tend to

select a candidate having an eccentricity close to 1.

The parameter φ is the ratio of the number of pixels involved in ellipse

fitting to the perimeter of the resulting ellipse. In some circumstances, one

single and short arc may result in a large pupil candidate ellipse that may

lead to inconsistency. Therefore, we look for the pupil candidates which are

formed by consensus of more arc pixels and have larger φ.
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Figure 2.8: A set of experimental results where the algorithm succeeds. (a) in-
put image, (b) edge segments and corners, (c) extracted arcs pixels
(cyan), selected arcs (yellow), eliminated arcs (blue) and pupil blob
center (green), (d) generated pupil candidates, (e) the selected pupil
candidate. Frame IDs and other related information are printed at
the bottom of the images.

During our experiments, we observed that the effect of the eccentricity

(τ) is less than the effect of ε and φ due to the possibility of true pupil not

being the most compact ellipse among the candidates. Accordingly, we take

the squares of ε and φ to increase their effect on the cost function. Finally,
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Figure 2.9: A set of experimental results where the algorithm fails. Please refer
to section 2.4.1 for the explanation of the causes of failures.

we need to minimize ε and τ and maximize φ in our formulation, and select

the candidate that minimizes the following cost function:

arg min(ε,τ,φ) ∣
ε2 × e∣1−τ ∣

φ2
∣ (2.4)

Fig. 2.7.d. shows the pupil detection results. Among the pupil candidates

shown in Fig. 2.7.c, the one that minimizes cost in Eq. 2.4 is selected as the

pupil.

2.3.6 Detection of True Negatives

In many applications, having the information that there is no pupil in the

image is important as much as detecting the pupil. This information can

provide very useful extensions to the eye tracking applications such as blink

detection. It is possible to obtain arcs and pupil candidates although there

is no pupil with the algorithm (see last row of Fig. 2.8). We observe that the

cost function overshoots in these circumstances due to large ε and small φ

values. Therefore, we can easily find the lack of the pupil by examining the
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functions output. In Fig. 2.10 we present a plot of the cost function versus

a number of frames sampled from an eye blink operation. It is seen that the

function’s output increases as the visible part of the pupil is getting smaller.

2.4 Experimental Results

In this section, we present results for a comprehensive set of experiments.

First, we give pupil detection examples with challenging occlusive cases fol-

lowed by cases where the algorithm fails. Then we analyse the running time

of the algorithm by giving details for each step in both easy and tough cases.

Finally, we test the accuracy of the algorithm with a simple gaze estimation

application. Besides the results given in this section, we present videos and

more results on our website [43].

2.4.1 Detection Performance

In the experiments we used a mobile eye tracker built with two off-the-shelf

webcams shown in the video at <http://goo.gl/wh1NBL>. Fig. 2.8 shows the

results for a number of cases where the algorithm succeeds in detection of

the pupil even when the pupil suffers from motion blur (1st row), or it is

occluded from above, below and from both sides. In the last row the eye is

closed, and the algorithm correctly concludes that there is no pupil in the

image.

Fig. 2.9 shows the results for cases where the algorithm fails. The

failures can occur as false detections or misses. The common reasons for the

failures can be listed as follows:

◇ failure on detecting edge segments from pupil contour due to the motion

blur or high level occlusion,

◇ failure on arc detection due to inaccurate corner detection,

◇ failure of the cost function in selecting the correct pupil candidate.
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Figure 2.10: Output of our cost function for a set of example frames. It is seen
that the result of cost function increases proportional to the pupil
occlusion. If the occlusion is dramatic or there is no pupil in the
image, the value of the function overshoots. (Notice that the plot
is in logarithmic scale.)

We also present a video consists of 1600+ frames including blinks and occlu-

sive cases at <http://goo.gl/z2VugA>.

2.4.2 Running Time Analysis

Table 2.3 gives a dissection of the running time of the algorithm for the images

given in Fig. 2.8 and Fig. 2.9. The running time of the algorithm strictly

depends on the detection of the near-circular segment in the first place. If

the near-circular segment is found, the algorithm adapts itself and runs much

faster. The most time-consuming routines of the algorithm are ellipse fitting

and error computation methods and they are being invoked intensively during

the execution. Especially, fitting error computation method [38] estimates

the distance between each point and the ellipse by an iterative approach and

its computational cost strictly depends on the total length of extracted arcs

in terms of pixels. On the other hand, edge segment detection and gradient

entropy computation steps take the same amount of time regardless of the

input image as seen in Table 2.3.

In Fig. 2.11.a and Fig. 2.11.b we illustrate the distribution of aver-
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Figure 2.11: Distribution of execution times among the steps of the algorithm:
(a) Easy (non-occlusive) cases, (b) Tough (occlusive) cases.

age execution times for clear and occlusive cases, respectively. As seen in

Fig. 2.11.a, when the pupil is in clear sight, most of the time is spent on

edge segment detection and the rest takes very little time. When the pupil

is severely occluded and the near-circular segment cannot be found, then

arc extraction and joining take more time than edge segment detection (see

Fig. 2.11.b). We can say that the average running times for the images in

Fig. 2.11.a and Fig. 2.11.b are roughly 10 ms and 30 ms on an 2.8 GHz Intel

CPU.

We also prepared a demo video to clearly show how the algorithm

adapts itself and runs faster when a near-circular segment is found. In the

Table 2.3: Running times (in ms) for examples in Fig.s. on an Intel 2.8 GHz
CPU
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TOTAL
(ms)

Fig.2.7 - 1st row 9.65 0.92 0.07 0.34 0.95 11.93
Fig.2.7 - 2nd row 9.22 0.85 0.05 0.35 0.66 11.13
Fig.2.7 - 3rd row 9.17 0.43 1.21 5.66 7.74 24.21
Fig.2.7 - 4th row 11.48 0.57 1.38 5.44 9.08 27.94
Fig.2.8 - 1st row 10.69 0.48 0.97 7.74 8.12 28.01
Fig.2.8 - 2nd row 9.50 0.29 0.73 5.40 13.49 29.40
Fig.2.8 - 3rd row 7.98 0.12 0.19 0.43 1.15 9.87
Fig.2.8 - 4th row 11.39 0.37 0.78 3.24 7.35 23.13
Fig.2.8 - 5th row 9.64 0.26 0.55 0.76 1.72 12.93
Fig.2.8 - 6th row 9.05 0.29 0.65 0.61 1.20 11.79
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demonstration, we used a synthetic object and indicated the gradient entropy

inside the detected boundary. When near-circular segment cannot be found

due to the view angle or occlusion, arc extraction is applied on many segments

and running time increases dramatically. More detail is provided on the video

explanation at <http://goo.gl/tky8Zr>.

2.4.3 Accuracy

After visually inspecting the algorithm and analyzing the timing results, we

incorporated the algorithm into a point-of-gaze (PoG) estimation application

to obtain quantitative accuracy results. We performed a calibration proce-

dure for 9 screen points and employed a second-order non-linear mapping

with the following equations:

xg = ax4x
2
p + ax3y

2
p + ax2xp + ax1yp + ax0 (2.5)

yg = ay4x
2
p + ay3y

2
p + ay2xp + ay1yp + ay0 (2.6)

where (xp, yp) is detected pupil center, (xg, yg) estimated screen coordinate

of gaze and ax and ay vectors are the calibration parameters for x and y

coordinates, respectively.

In the experiments, we obtained an average gaze error about 0.3○. Since

our system does not compensate the head movements yet, we used a chin-rest

during the PoG estimation experiments. Although keeping the head still on

a chin rest eases the problem, obtained accuracy value is still a neat achieve-

ment compare to the existing methods [22]. In Fig. 2.12 PoG error results

for 10 different calibrations is presented. Additionally, we present a video

including both calibration and tracking schemes of our gaze estimation ex-

periment at <http://goo.gl/RVt2sz>. In another video, the user is entering

text with our virtual keyboard design [44] at <http://goo.gl/QM0muo>.
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 Figure 2.12: Point-of-gaze estimation errors for 10 different calibrations. Screen
calibration points are displayed as yellow circles and each calibra-
tion result is indicated with different marking and color.

2.5 Conclusions

Pupil detection is an indispensable step in many eye tracking applications

and has to be performed precisely. In most studies, pupil detection is handled

with straightforward methods which lack accuracy and fail in occlusive cases.

In this study we focused on developing a state of the art algorithm for pupil

boundary detection and center estimation. We basically find the arc segments

in the image and try to obtain a final ellipse encircling the pupil with the

consensus of all obtained features.

Because the edge segment detection method we used has optimum lo-

calization, extracted arcs represent the pupil boundary, hence its center, very

precisely. This ability of the algorithm can be useful especially in medical

applications. Another important property of the algorithm is the proposed

heuristic based on the distribution of gradients. In this way, the algorithm

can adapt itself and run a couple of times faster if there is no or very less

occlusion.
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As the experimental results show, the proposed algorithm can detect

the pupil even in tough occlusive cases without compromising the real-time

applicability constraints. According to results, the algorithm is able to detect

the pupil boundary even when 25% of its contour is visible by the camera.
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3. GAZE ESTIMATION

3.1 Introduction

In this part of the thesis study we propose a method for estimating the point-

of-gaze with the obtained image features in the previous step. Our purpose

in this step is to design a gaze estimation model which merges the upsides

of both 2D regression-based and 3D model-based approaches. In this way

we investigate the possibilities of developing a system enabling free head

movement without tedious geometric calibration.

Although eye tracking research is active more than several decades, it

is hard to refer to a breakthrough in the field. It is easy to see adequate

evidences to confirm this by viewing two most comprehensive surveys on

the topic published in 35 years apart [45, 22]. Although the recent develop-

ments in imaging and computing technologies, in both articles, majority of

the methods have accuracies about 1○ and the best reported accuracies are

around 0.5○. Due to the inconstancy of physiological and physical structure

of eyes, variability in lighting conditions, occlusions, and differences in scale

and appearance; further improving the accuracy and stability of eye tracking

systems still remains challenging.

Eye tracking algorithms consist of two main steps: feature extraction,

and gaze estimation. In the first step necessary information such as face,

eyes, center of pupil(s) and corneal reflection(s), etc. are detected with the

camera(s) and/or other sensors. Feature extraction methods can roughly be

classified as shape-based, feature-based and appearance-based methods.

In the second step, i.e. gaze estimation, location of gaze is computed

by processing the information detected in the previous step. Employed gaze
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Table 3.1: Pros & Cons of Gaze Estimation Approaches.

2D REGRESSION-BASED METHODS 3D MODEL-BASED METHODS

Pros

✓ Implicitly model the optical and phys-
iological properties of eye

✓ Do not require camera or geometry cal-
ibration, hence simple to implement

✓ Can operate with less amount of hard-
ware (for no or little head movement)

✓ Provide head pose invariance

✓ Can detect 3D line of sight (LoS)

✓ Require personal calibration rarely

Cons

× Do not provide head pose invari-
ance

× Cannot detect line of sight (LoS)

× May require recalibration frequently
(before each use)

× Require camera and geometry calibra-
tion

× Difficult to model human eye due to the
complex structure

× Require multiple glints to robust esti-
mate of cornea center

× Use extra camera and PTZ unit to en-
able large head movements

× Require modeling the refraction for
glasses and contact lenses

estimation method significantly affects the characteristics and performance of

an eye tracker, hence, studies related to gaze estimation problem constitutes

the major part of the literature.

In this study we leave the feature extraction step beyond the scope and

concentrate on the gaze estimation problem. Gaze estimation algorithms can

be listed in two main categorizations:

1. 2D Regression (Mapping) Based Methods: In 2D regression-based meth-

ods [47]-[53], detected eye features (pupil center, corneal reflections

(glints), etc.) are associated with gaze coordinates with a mapping

function. The coefficients of this function is determined with a cali-

bration process which relates the eye features and the gaze locations.

Behaviour of the mapping function can be linear or nonlinear, however,

a second order polynomial with cross terms is reported for giving the

best results in most studies.
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2. 3D Model (Geometric) Based Methods: In 3D model-based methods [54]-

[61], structure of the human eye is geometrically modelled to compute

the 3D gaze vector orienting from the cornea center. Thus the gaze

point is obtained by intersecting the gaze vector with the scene in-

formation. 3D model-based methods usually require two calibration

schemes. First one is the geometric calibration of the camera(s) and

environment, and is performed only once to obtain the necessary priori

knowledge. The second one is personal calibration which is performed

for each user to determine the parameters specific to human eye such

as the cornea radius and angle between optical and visual axes.

Both 2D regression-based and 3D model-based methods (RBM and

MBM in short) are thoroughly studied and many advantages and disadvan-

tages are stated [22, 46]. However, the problem of head-pose invariance is

still a tough problem for all types of eye trackers regardless the employed

gaze estimation method.

In this thesis study we propose a hybrid gaze estimation model which

aims to combine the advantages of both 2D regression-based and 3D model-

based methods. In our study, we employ a head-mounted eye tracker consist-

ing of two cameras, for viewing the eye and the scene concurrently. Therefore,

we extract the pupil center from the high resolution images acquired from

the eye camera, at the same time, we accurately estimate the head pose

with the scene camera by the help of fiducial markers. After that, we fuse

the information gathered from both cameras to estimate the PoG. Another

contribution of the thesis is hierarchical calibration procedure which is an

enhancement technique for the accuracy of mapping function.

The rest of this section is organized as follows. Advantages and disad-

vantages of the regression-based and model-based gaze estimation methods
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are explained in Section 3.2. We introduce the proposed method with the un-

derlying motives in Section 3.3. In Section 3.4 and Section 3.5 we explain the

details of calibration and gaze estimation schemes for the proposed gaze esti-

mation model. We present the experimental results of the proposed method

in Section 3.6. Important aspects of the study are discussed in Section 3.7.

Finally, we present the concluding remarks in Section 3.8.

3.2 Review of Gaze Estimation Methodologies

3.2.1 2D Regression-Based Methods

In 2D RBMs, relevant eye features are associated with gaze locations by a

mapping function and, the coefficients of this function are obtained with a

calibration procedure [47]-[53]. Once the coefficients are obtained, coordi-

nates of eye features can be mapped to screen coordinates. However, the

accuracy of this mapping decays in case of any head motion due to the dis-

placements on eye features on the eye image.

To improve the invariance of head pose changes, the vector between

the pupil (or iris) center and corneal reflection (PCCR) is employed [47, 50,

51, 52]. In this technique, the reflection of the light source has a relative

displacement to head motions, thus the change on PCCR vector remains

minimal. This technique can tolerate only small head movements and cannot

compensate large pose changes. PCCR vector is also used in head-mounted

eye trackers to compensate the slippage of the tracker.

2D RBMs implicitly model the eye with all non-linearities, as well as

glasses and contact lenses if exist, hence they are easy to implement and use.

However, those methods cannot detect the actual 3D line of sight (LoS) since

they only associates the coordinates of eye image and screen. Consequently,

they cannot provide significant head-pose invariance and they enforce users to

keep their head still These kind of physical constraints dramatically reduces

39



 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

scene frame 

eye frame 

scene camera 

Ps : camera center 

eye camera 

pupil center on 

eye image pp 

PO =(0,0,0) : origin of 3D 

world coordinate system 

3D point P  

markers  

2D point p on 

scene image 

pose of the eye 

tracker [R | t]s 

3D pose estimation  [ R | t ]           
Pcalibration                  pcalibration 

Pgaze                           pgaze 
 

regression-based 
2D mapping  

peye image → pscene image 

[ R | t ] 
Pcalibration                           pcalibration 

Pgaze3D                           pgaze2D 

projection 

back-projection 

  projection 

Figure 3.1: General model of the proposed system.

the comfort and ease of use especially for long sessions.

In [50], 2 cameras are employed to estimate the 3D head position and

modify the regression function to compensate the head movements. Although

this method relaxes the restrictions on head motion, it requires a prior stereo

calibration opposite to other RBMs.

In addition to the video-oculographic gaze estimation systems, there

are also systems which extracts features with simpler sensors instead of cam-

eras [53]. Since the extracted feature information may not be sufficient to

model the eye structure, RBMs are essentially more convenient for those

systems. Eventually, these systems can easily map the extracted features

to the screen locations and cannot provide head pose invariance without an

additional mechanism.

3.2.2 3D Model-Based Methods

Model-based approaches are more successful on providing head-pose invari-

ance, however, many methods require to be aware of the environment geome-

try to reconstruct the eye in 3D. They basically solve the head-pose invariance

problem by estimating the gaze as a vector in 3D, for this reason, most of

them require camera and geometry calibration in addition to the personal
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calibration. Geometry calibration is the scheme that the 3D structure of the

environment is modelled by measuring the positions and orientations of the

employed components such as monitor, cameras, light sources, pan-tilt-zoom

(PTZ) units, etc.

Most model-based methods assume that the cornea and eyeball has

a perfect spherical surface. There are few number of studies that model

these structures ellipsoids [54]. However, both approaches can fail due to the

fact that a real human cornea may have a non-uniform curvature especially

around the edges where the cornea merges with the limbus. Deficiencies on

modelling the cornea can cause significant inaccuracies on detection of 3D

glint locations. This situation causes errors on the detection of cornea center

and results on a significant drift on the estimated gaze.

The most common feature extracted in MBMs is glint which is the

reflection of a light source from the cornea surface. Glints are very helpful in

estimation of various parameters of eye such as cornea radius and position

of cornea center. Shih et al. [57] show that it is possible to detect the cornea

center with one camera and two glints if the cornea curvature is known.

However, it requires at least two cameras and two light sources when eye-

specific parameters are unknown.

There are also studies that use population averages for human eye pa-

rameters (cornea curvature, refraction indices, angle between visual and op-

tical axes, distance between pupil center and cornea center, etc.) overcome

the problems related to geometrical modelling of human eye [55, 59].

Single camera systems are subjected to the tradeoff between high res-

olution eye images and tracking range. Otherwise, it requires to employ

additional hardware (i.e., stereo cameras, PTZ units, light sources, etc.) to

track eyes with high resolution in a wide area [56]. This situation complicates
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the geometric calibration and causes the system to be error prone. Although,

geometric calibration is performed only once (unless any change is applied

to the components), it is a troublesome process that may require accurate

measurements of geometry. In some studies mirrors are employed since PTZ

units may decelerate the responsiveness of the tracker due to the mechanical

operation [54, 59].

Guestrin and Eizenman [60] state the relations between the glints and

gaze estimation in fully calibrated scenarios which require Euclidean informa-

tion for the cameras, human specific parameters, light source positions, and

camera parameters. Villanueva and Cabeza [61] prove that, regardless the

number of light sources and cameras, at least one calibration point requires

to estimate the angle between optical and visual axes in a MBM.

It is shown that increasing the number of employed glints improve the

accuracy in both 2D RGM and 3D MBM approaches [22, 61], however, there

are also several difficulties on using glints. First, using specular reflections

makes working at outdoor difficult due to the uncontrolled lighting condi-

tions. Second, if system uses multiple light sources, all glints have to appear

for robust gaze estimation. Otherwise, accuracy might significantly reduces

in case all of the glints cannot be detected due to the eyelid/eyelash occlu-

sions, pose differences or reflections. Moreover, to get benefit from multiple

glints, cornea has to be modelled very accurately due to the non-spherical

geometry of it.

Besides its benefits, there are important issues that need to be con-

sidered about glints regarding approaches including techniques using PCCR

vector. First, contrary to the assumption, glints displace as the eye moves

since it rotates around the eyeball, not around the cornea center [22]. There-

fore, positions of glints change in 3D with the whole cornea surface as well.
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Second, the location of glints can be slightly effected due to the non-spherical

curvature of cornea.

Another important point on 3D eye modelling is the effect of refraction

to the glints and other eye features. Refraction causes features to be ob-

served on different lines rather than they are actually located. Omitting or

inefficiently modelling the refraction factor may perturb the gaze accuracy 1

degree or more. Therefore, there are studies attempt to reconstruct the pupil

in 3D according to the refraction index to improve the accuracy [58, 61].

All the aforementioned issues related to the model-based approaches

can considerably effect the estimated gaze location unless they are considered

in a sensitive manner. Although regression-based methods implicitly handle

most of these issues, head-pose invariance significantly hinders their practical

use. In Table 3.1 we present a brief taxonomy regarding the advantages and

disadvantages of the gaze estimation approaches.

3.3 Proposed Method

In this study, we propose a hybrid gaze estimation method that intends to

merge the upsides of both RBM and MBM approaches. In our method,

we aim to overcome the challenges related to 3D modelling of human eye

by using a regression-based mechanism. At the same time, we provide free

head movement by accurate 3D pose estimation with the help of fiducial

markers. We extract the markers from the scene images and use 3D-2D

correspondences to find the location and orientation of the apparatus in 3D

precisely. In Fig. 3.1 we present the gaze estimation model of the proposed

method. We map the eye image coordinates by a regression based method,

and associate the scene image coordinates with real world by computed pose

matrix.

We develop a lightweight goggles consist of two webcams, one for mon-
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itoring the eye, and the other is for monitoring the scene (see Fig. 3.2).

There are several reasons for preferring a head-mounted (HMD) eye tracker

in this study. First, precision of feature extracting scheme deserves signifi-

cant attention for a reasonable eye tracking accuracy. It is a fact that the

more resolution the system acquire; the more precision and accuracy the eye

tracking system provides. In a HMD system, it is easy to sample the eye in

high resolution that is essential for precise feature extraction, hence accurate

estimation.

Similarly, the accuracy of head-pose computation is crucial for efficient

position compensation. There are remote gaze estimation studies try to

estimate the head pose by face detection [64]. Yet, head pose estimation with

this technique cannot provide sufficient accuracy due to the discrepancies of

human facial features. For this reason, we incorporate a fiducial marker

based pose estimation mechanism using the scene camera. In this way, we

can estimate the head pose in millimeter precision.

Actually, using fiducial markers in gaze estimation applications is not

new, however, they are usually employed in detecting the inter-frame corre-

spondences rather than estimating the head pose. Then detected correspon-

dences are utilized to merge the gaze information acquired during a session in

a single frame to generate gaze analysis results like heat maps. For instance,

in [63] markers are employed to find the homography among the frames for

mapping the gaze locations to the reference frame.

As a complimentary motive for developing a HMD system, we can

count the extreme large tracking regions that they provide. Even in the most

sophisticated remote systems, users have to keep their heads in a predefined

volume to get the best experience. In HMD systems this constraint can

be removed, thus developing a diverse set of mobile applications becomes
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Figure 3.2: Apparatus built for experiments.

possible. Especially, multi-monitor scenarios are in our interest that two or

more monitors can be utilized in the same system without an incrementation

on the number of cameras.

We detect pupil contour and center with the method presented in the

previous chapter whose article version is currently in revision [65]. We also

estimate the pose with the help of EDMarkers library presented in [66]. The

intrinsic calibration of scene camera is required for accurate estimation of

head pose. On the contrary, intrinsic calibration of eye camera is not nec-

essary because it is implicitly approximated during by the least square esti-

mation based mapping operation. In Fig. 3.3 sample images acquired from

eye and scene cameras are presented where the detected pupil contour and

extracted markers with the pose information is shown. In the first image

detected pupil contour, and in the second one, extracted markers and pose

are shown.

Our method estimates the gaze in two steps. First, we find the gaze

location on the image acquired by scene camera (scene frame in short). Con-
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sidering the scene frame as a virtual display mounted to the head at a distance

of focal length of the scene camera eases to explain the proposed gaze esti-

mation methodology. Obviously, the gaze location on scene image does not

change with head-pose changes due to the fact that the virtual display has

the same displacement and rotation with user’s head.

Apparently, finding the gaze on the virtual frame is easy and robust,

however, it is not sufficient to find the actual gaze in 3D environment. To

solve the tough part of the problem we use the head pose information that

we obtain by markers. Head-pose information is rarely used explicitly in

gaze estimation algorithms because there is no straightforward method to

fuse regression parameters and head-pose information [22]. In this study we

use common computational vision techniques to find the gaze point in real

world. We give the details of the proposed system in the following sections.

3.4 Calibration

Mapping-based gaze estimation approaches work quite well unless head-pose

invariance is the case. In these techniques, a mathematical relation is formu-

lated between the known gaze locations and eye features (i.e., pupil center

or PCCR vector). However, in our study, we aim to map the eye feature

locations detected from eye camera to the certain locations on scene camera

image. Technically speaking, we want to construct that mapping between

the eye and scene frame coordinate systems. Therefore we have to use the

projections of the 3D calibration points (CP in short) on the scene frame

instead of the point locations itself.

Notation: Remember the projection of 3D points to an image plane

in pinhole camera model [69] ;

λ p̌ T = K [R ∣ t]P T (3.1)
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(a) Eye image in 1280 × 720 resolution.

(b) Scene image with dense markers in calibration mode.

Figure 3.3: Sample camera images acquired from eye and scene cameras, respec-
tively.

where λ is the arbitrary scale factor in homogeneous coordinates, P is a 3D

point in world coordinate system, p̌ is a 2D point which is the projection of P .

K is intrinsic camera matrix, R is rotation matrix and t is translation vector

of the camera, respectively. Notice that [R ∣ t] is called the extrinsic camera

parameters and represents the pose of the camera. Herewith, we denote p

as the undistorted image coordinates of p̌ and, for convenience, we denote

H as the entire mathematical transformation (consisting of projection and

distortion correction) applied to P such that p = HP where p = (x, y) and

P = (X,Y,Z) are 2D and 3D points, respectively.

During calibration, we acquire frames from both eye and scene cam-

eras synchronously as the user is looking at the predefined 3D calibration

points appeared on the monitor. We obtain pupil center pp = (xp, yp) from
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Figure 3.4: Calibration schema where the information gathered from scene and
eye cameras is fused to obtain regression parameters.

eye camera and extract markers with EDMarkers library from scene cam-

era frames (See Fig. 3.3). Since we need to compute extrinsic parameters

with 3D-2D correspondences, we calibrate the scene camera beforehand to

obtain the K matrix and distortion coefficients. With the detected markers,

we compute the pose of the scene camera [R ∣ t]s which also corresponds

to the head-pose as well. For computation of [R ∣ t]s we use the OpenCV’s

pose estimation function with the Levenberg-Marquardt algorithm as the

optimization method [67, 68].

Once we gather the necessary information consisting of pupil centers

and pose matrices from eye and scene cameras respectively, we can construct

the mapping between eye frame and scene frame coordinate systems. To do

this, we need to know the corresponding locations of the scene images for

the 3D CPs displayed on the monitor. In our gaze estimation model (see

Fig.3.1), we accept the upper left corner of the monitor as the origin of the

world coordinate system PO = (XO, YO, ZO). In this scenario, assume that
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Figure 3.5: Hierarchical calibration: We divide screen into smaller regions and
recalibrate each sub-screen (s1..4) to enhance the accuracy of gaze
estimation.

the user is looking at the ith of the m CPs Pci = (Xci , Yci , Zci) displayed on

the monitor; we can compute the location of the projection of that CP as

the following;

pc = HsPc (3.2)

where Hs is transformation matrix of scene camera, Pc is 3D CP displayed

on monitor in world coordinates and pc is 2D CP in scene image coordinates.

For each scene frame containing pc as the projection of a certain 3D

CP, we also have a concurrent eye image with a pupil center pp. To form

an equation system for pp Ð→ pc mapping with eye and scene image pairs,

we need to generate a feature polynomial to find the mapping coefficients.

Employing higher order polynomials has been shown to improve the accuracy

of regression-based approaches, however, increasing the number of terms re-

quires more CPs in the end. As a result, it is found that the second order

polynomials offers a good compromise between the number of CPs and the

gaze estimation accuracy.

After the acquisition of n scene and eye image pairs during a calibration

scheme, we set the following equation system to find the mapping coefficients
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with least squares estimation:

⎡
⎢
⎢
⎢
⎢
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(3.3)

where ppi = (xpi , ypi) and xci are the coordinates of pupil center and x com-

ponent of 2D CP pc, respectively, both belong to the ith scene - eye image

pair. cx = [cx0 ..cx5]
T is the 6-dimensional coefficient vector which maps any

pp to a corresponding x component of scene image coordinate system. Sim-

ilarly, the same system is also established and solved with y components of

2D CPs (pc) to find the cy vector which maps the detected pupil center to

the y component of scene image coordinates. In Fig. 3.4 we present a block

diagram explaining the proposed calibration method.

3.4.1 Hierarchical Calibration

In regression-based methods relevant features of eye image such as pupil

center are utilized to map the screen coordinates. When a user is gazing the

screen from one edge to the other, displacement of the pupil center on the

image forms a nonlinear trajectory. The characteristic of this trajectory is

strictly depends on the camera’s location and view angle while monitoring

the eye. For instance, if the camera is monitoring the eye from a lower level,

vertical movements of the pupil center becomes less perceptible due to the

spherical structure of eyeball.

Viewing angle of the camera and spherical trajectory of pupil causes

the mapping function to operate in a nonuniform manner. In other words,

mapping function provides different accuracies on different portions of the

screen because the obtained mapping coefficients are computed for whole
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Figure 3.6: Gaze estimation schema. Since we define the 3D scene with markers
as a surface representing the monitor, we do not need to provide
additional data.

screen in a global manner. To reduce this deficiency of regression-based gaze

estimation and enhance the accuracy; we propose a simple and efficient two-

level calibration scheme that we term hierarchical calibration.

In the first step of this scheme we perform global calibration which

covers the whole screen just same as the conventional methods. In the second

step, we perform individual calibrations for certain portions of the screen.

In this manner, regression parameters can fit the smaller portions of the

screen instead of the whole screen. Therefore, nonuniformity of the mapping

function can be modelled better and smaller errors can be obtained.

In Fig. 3.5 we show an illustration as an example of hierarchical cali-

bration for nine point calibration scheme. In the first step, we calibrate the

system for all CPs (a to i) to find cx and cy vectors which map any eye fea-

ture vector to screen coordinates. In the second step, we perform calibration

operations for all subscreens (s1 to s4) with four CPs for each and find local
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regression parameters. For example, in the case of s1, we find cxs1 and cys1

with the data of {a, b, d, e} CPs.

During the gaze estimation, we first find the gaze point with global

coefficient vectors cx and cy to determine the gaze point on the screen. At

the second step, to find the subscreen which the gaze falls on, we compute

the Euclidean distances between the gaze and subscreen centers (m1 to m4

in Fig. 3.5). After the subscreen is determined by selecting the shortest

distance, enhanced gaze location is computed by multiplying the eye feature

vector with the corresponding subscreen’s regression parameters.

3.5 Gaze Estimation

The calibration procedure is completed with the computation of regression

parameters which maps the eye image coordinates to scene images coordi-

nates. In gaze estimation step, we perform the identical operation in reverse

order to detect the gaze in 3D. We obtain the 3D gaze in two steps; first,

we find the 2D PoG (pg) which is the gaze on the scene image, and second,

we compute 3D PoG (Pg) location whose projection with the current pose

information corresponds to pg (refer to Fig. 3.1). We are giving the details

for each step in the following subsections.

3.5.1 2D PoG Estimation

In the first step of gaze estimation scheme, we detect the gaze location on

the scene image (pg) with the regression parameters as the following:

pgx = cx0 + cx1xp + cx2yp + cx3xpyp + cx4x
2
p + cx5y

2
p (3.4)

pgy = cy0 + cy1xp + cy2yp + cy3xpyp + cy4x
2
p + cy5y

2
p (3.5)

where pp = (xp, yp) is pupil center detected from eye camera, pg = (xg, yg)

is estimated PoG on scene frame (PoG2D), and cx and cy are the coefficient
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Figure 3.7: Snapshot of the software developed for the experiments. Streams of
eye and scene cameras are displayed on the left. Blue region is gaze
area in 1200×800 pixels resolution. Upper left corner of the gaze area
is origin for both 2D gaze area and 3D world coordinates. Markers
within the gaze area displayed only during the calibration scheme to
improve the pose estimation accuracy.

vectors obtained with least square estimation. To find the enhanced PoG,

we compute the distances between detected (pgx , pgy) and centers of the sub-

screens (see Fig. 3.5). In this way, we find the subscreen which the PoG

falls. Afterwards we update the pg by multiplicating the same feature vector

generated from pupil center by the local regression parameters belonging to

the corresponding subscreen. Obviously, PoG2D is invariant to head-pose

changes because the scene camera moves in the same direction and orienta-

tion with the head.

3.5.2 3D PoG Estimation

Detecting the gaze point on the scene image is the first part of the two

step 3D gaze estimation. In the second step, we need to associate the 2D

gaze coordinates on the scene image with the 3D world coordinates with the

utilization of transformation matrix of the scene camera Hs. In other words,
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Figure 3.8: An example of calibration result.

we need to find the 3D point Pg whose projection coincides with the 2D PoG

(pg) with respect to the given intrinsic and extrinsic parameters K [R ∣ t].

This operation is actually a back-projection and can be performed in a couple

of simple steps when the pose information is available.

For an image point and a certain transformation matrix, there are infi-

nite number of 3D points which are projected to the same 2D point. There-

fore, back-projection of a 2D point to 3D corresponds to a ray, obviously.

To find the actual gaze point, we need to intersect that ray with the 3D

scene information. Notice that 3D information in our case is surface of a

monitor, thus it is a plane with a simple 3D structure. In our system con-

figuration, we set the upper left corner of the monitor as system origin PO,

hence Z components of all points on the monitor are zero (refer to Fig. 3.1

and Fig. 3.7).

To find the ray equation, required information consists of the intrinsic

(K) and extrinsic ([R ∣ t]) parameters of the camera. Since the ray intersects
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(a) Scene camera image from long dis-
tance.

(b) Scene camera image from short dis-
tance.
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(c) 2D PoG error sketch.
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(d) 2D PoG error sketch.
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(e) 3D Calibration result.
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(f) 3D Calibration result.

Figure 3.9: Calibration results for two sessions from different distances. (a, c, e)
from ∼45 cm, (b, d, f) from ∼110 cm.
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the camera center, first the location of the camera center in world coordinate

system needs to be computed. In our scenario we need to compute the center

of scene camera with the extrinsic parameters as the following:

Ps = −R−1t (3.6)

where Ps = (Xs, Ys, Zs) is the center of scene camera in world the coordinate

system originated with upper left corner of gaze area shown in Fig. 3.7. Once

the camera center Ps is found, we associate it with the pixel coordinates of

the image point which is also coincides with the same ray:

L(λ) = Ps + λR−1K−1pg (3.7)

where λ is the scaling factor and the L(λ) is a function of λ and represents

the point set which constitutes the ray [69]. Obviously, the point that we are

looking for is the one among the set of points identified by L(λ). For a known

depth Z, it is possible to find the X and Y coordinates in 3-dimensions:

λ =
Z −ZPs

v3
(3.8)

where ZPs is the Z component of the scene camera center and (v1, v2, v3)T =

R−1K−1pg.

We define the 3D structure of our system with the help of markers

displayed on the monitor, thus we do not need to perform tedious geometric

calibration. We display the markers in the specific locations and assume

that the surface of the monitor corresponds to X − Y plane. In this way

Z components of all points on the monitor becomes zero and we easily find

PoG3D by setting Z = 0 to find the gaze point in Eq. 3.8.
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3.6 Experimental Results

In this section we present the performance of the proposed method in terms

of accuracy and stability. Since the proposed algorithm estimates the gaze

in two steps and the efficiency of the obtained gaze strictly depends on the

success of both. For example, if the detection of PoG2D is not accurate,

than the obtained PoG3D by back-projection ends up inaccurate as well. For

this reason, we present results in both 2D and 3D in terms of accuracy. In

Fig. 3.7 the user interface that we develop for experimental issues is shown.

We perform experiments with the apparatus that we build with two webcams

(Microsoft HD 3000) on a safety glass (see Fig. 3.2). We only modified the

eye camera by mounting an 8 mm lens and IR-pass filter. We can deliver

1280×720 images synchronously from both cameras.

In Fig. 3.8 we present a calibration result with legend for a nine-point

calibration scheme. We explain how the sketches of calibration results should

be interpreted by the reader on this figure. We superimpose the 3D and 2D

PoG sketches to show the relation between 3D and 2D gaze estimation accu-

racies and effect of the calibration distance. In the sketch, 3D CPs correspond

to the CPs displayed on the monitor and 2D CPs are their projection to the

scene image with the pose which the image pair is sampled with. 2D PoG and

2D Enhanced PoG are gaze locations on the scene image computed by using

the global and local (obtained by hierarchical calibration) regression param-

eters, respectively. Sub-screen centers are the centroids of the corresponding

2D CPs.

In the experiments we sample 3 image pairs for each CP, therefore, for

nine-point calibration scheme we sample 9×3 = 27 eye-scene image pairs and

it takes about 25 seconds in total. If the user moves his/her head, 2D CPs

will not overlap and scatter according to pose changes for each eye-scene
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(a) 2D calibration result with small
head motion.
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(b) 2D calibration result with large
head motion.
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(c) 3D view of (a).
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(d) 3D view of (b).
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(e) Another 3D view of (a).
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(f) Another 3D view of (b).

Figure 3.10: Calibration results with different amount of head motions from ∼70
cm distance. (a, c, e) with small head motion. (b, d, f) with large
head motion.
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image pair (see Eq. 3.2). 3D PoG and 3D Enhanced PoG are the back-

projected gaze locations in world coordinate systems for 2D PoG and 2D

Enhanced PoG, respectively. From the sketches it is clearly seen that the

enhanced PoGs reach the target CPs more accurately. The legend presented

in Fig. 3.8 is valid for all other experimental results in the paper, hence we

will not give any other legend to save space. In 3D box sketches (Fig. 3.9.c

& f) we show the 3D CPs (red dots) and pose of the eye tracker with respect

to the monitor in 3D to visualize the head displacement and pose change. In

this sketch, we also display the back-projected rays (blue) and 3D enhanced

PoGs (green plus signs).

In Fig. 3.9 we present the data for two calibrations, from longer (Fig. 3.9.(a-

c)) and shorter (Fig. 3.9.(d-f) distances, respectively. Notice that during the

calibration from the longer distance, eye movements remain minimal because

the CPs are viewed closer to each other as the user move away from the

monitor. As a natural consequence of this, the region which 2D CPs cover

becomes narrower with respect to the calibration distance. This is because of

the scaling effect of the projective transformation which causes objects to be

observed smaller as the distance increases. Eventually, saliency of the user’s

eye movements decreases as the distance to the monitor increases, hence the

precision of the gaze estimation diminishes.

In Fig. 3.10 we present the experimental results for two calibration

schemes for small (Fig. 3.10.a-c) and large (Fig. 3.10.d-f) head motion. It is

clearly visible from the 2D PoG sketches in Fig. 3.10.a & d, locations of 2D

CPs are effected with respect to the scene camera pose variations due to the

fact that 2D CPs are projections of 3D CPs. In this manner pupil centers are

associated with the projections of 3D CPs and head motions can be compen-

sated even during the calibration scheme. This mechanism can compensate

medium level head motions very effectively, however, the efficiency of the
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calibration degrades for very large head motions. In large head motions 2D

CPs are scattered in an uncontrolled manner, and consequently, success of

the hierarchical calibration decreases. To maximize the robustness and accu-

racy of a calibration, homogeneous distribution of 2D CPs, hence sub-screen

centers is essential. Even though the proposed algorithm can compensate

minor head movements during calibration, the user should keep his/her head

still for a better accuracy.

3.6.1 Gaze Estimation Accuracy

Similar to many existing methods, we compute the gaze error in angular

form. Since we compute the 3D pose of the eye tracker, we can accurately

measure the distance between the eye tracker and any 3D point, as well as

the points on the screen. In this way, we can accurately calculate the angular

gaze error for each individual eye-scene image pair after the completion of

calibration. We compute the amount of gaze drifts for 2D & 3D PoGs then we

evaluate angular shifts. In most studies, angular accuracies are computed in

horizontal and vertical separately. However, measuring accuracies separately

becomes meaningless for head-pose invariant systems since head may also

perform roll action. In that situation vertical movements of eye both have

vertical and horizontal components on the target plane. Therefore we provide

all results in magnitude form which is the gaze error in terms of degrees.

We run experiments with 10 subjects multiple times for each, and take

the median accuracy values by eliminating best and worst performances. In

Fig. 3.11 we present the gaze accuracies that we measure during the exper-

iments. It is expected to have lower PoG3D accuracies since the errors are

being accumulated during the two step 3D gaze estimation scheme. The

reason behind the PoG2D error is the inefficiency of the mapping function.

After estimation of PoG2D we back-project the pg and intersect it with the
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Table 3.2: Average gaze estimation accuracies.

Accuracies (○) PoG2D
Enhanced
PoG2D

PoG3D
Enhanced
PoG3D

Minimum 0.08 0.04 0.23 0.12
Maximum 0.62 0.46 1.19 0.89
Average 0.23 0.15 0.55 0.37

monitor plane to obtain PoG3D. In this step gaze estimation error increases

due to the errors accumulated from intrinsic camera calibration and pose

estimation schemes. In Table 3.2 average accuracy values are shown for the

2D and 3D PoG estimations. The effect of the hierarchical calibration can

be seen from the results which improves the accuracies up to %36 and %33

for 2D and 3D PoG estimation, respectively.

3.6.2 System Performance

We can acquire HD frames in 1280×720 pixels resolution from both eye and

scene cameras simultaneously. Processing time of one eye image to extract

pupil center takes ∼20 ms on an Intel Core i7 2.80 GHz CPU. For scene

images, it takes about ∼45 ms to extract the markers and compute the trans-

formation matrix on the same machine. Combining the information gathered

from eye and scene cameras to compute the PoG2D and PoG3D takes negligi-

ble time. Consequently, whole gaze estimation scheme for one eye and scene

image pair takes about 65 ms. Therefore proposed system can run in ∼15

Hz for the certain implementation. In addition, processing of eye and scene

images are independent and thus they can be executed in separate threads

in parallel by utilizing the multi-core CPUs. In this manner real-time per-

formance of the system can be improved. Along with the results given in the

paper, we further present demo videos and other supplemental materials in

our web page [70].
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3.7 Discussion

The proposed gaze estimation model easy to deploy and requires only per-

sonal calibration for the computation of regression parameters. Eye and

scene cameras do not require a joint calibration since their field of views do

not intersect. However, scene camera requires the computation of intrinsic

parameters which is an operation performed only once. Before personal cal-

ibration, user can adjust the eye camera with the knuckles on the camera’s

arm in order to acquire the best eye images (see Fig. 3.2). The physical

changes that the user applies to the goggles are compensated with the per-

sonal calibration. The system does not require geometrical calibration since

we infer the 3D structure by the help of markers and we display them on the

predefined coordinates of the monitor. Using markers may reduce the effec-

tive area of the monitor, but, this drawback can be solved easily by hiding

markers around the computed gaze location in application.

As an important feature, proposed system can be extended for multi-

monitor systems very easily by defining each monitor as an individual 3D

plane and displaying different markers. It is not necessary to measure the

relative positions of the monitors since the pose is computed automatically

for each monitor.

Another critical advantage of the proposed system is the capability to

work with glasses and lenses. Because we associate the eye features with

the scene image coordinates by a mapping function, we indirectly model the

glasses and lenses if any exists.

There are couple of deficiencies of the proposed system. First, we can-

not compute the actual line-of-sight (LoS) like the majority of the model-

based approaches. The difference is obviously the origin of the gaze vector.

The origin of the computed gaze vector is the cornea center in existing MBMs,
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however, it is principal point of the scene camera in our approach. Actually,

we do not know any specific gaze estimation application which suffers from

this situation.

Second, similar to all head-mounts, our system suffers from slippage,

and therefore, efficiency of the calibration decays. To reduce the effect of

slippage we also test our system with using PCCR vector instead of pupil

center. In the experiments, we see that the effectiveness of the calibration

remains longer when the PCCR vector is employed. However, PCCR vector

cannot properly work in hierarchical calibration and thus results in a lower

accuracy compare to the pupil center.

Another problematic coming with the head mounted eye trackers is par-

allax error [72]. It becomes very prominent especially in mobile eye tracking

applications where distances of fixation points significantly vary [74]. In our

experiments, effect of the parallax error becomes noticable when the user

dramatically changes the distance to the target plane. There are couple of

methods for parallax error compensation in the literature, i.e. optical [71]

and computational [73].
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3.8 Conclusions

In this chapter of the thesis we propose a gaze estimation model which aims to

combine the advantageous sides of both 2D regression-based and 3D model-

based gaze estimation approaches. Proposed system is able to detect 3D PoG

without requiring tedious geometric calibration. We obtain gladsome exper-

imental results by computing the head pose very accurately and modeling

the 3D of monitor precisely without any hand measurements, both with the

help of markers. As a unique property, our gaze estimation approach can

even compensate the small head movements occurred during the calibration

and perform with a reasonable accuracy. By the help of fiducial markers, it

is possible to use even multiple displays without calibrating their positions

with respect to each other. Markers with different IDs can be placed on

different displays and hence they have individual coordinate systems. The

scene camera can distinguish the display which the user is looking at and

estimate the pose. In this way gaze of the user can be estimated. Multiple

display scenario is a tough situation for remote systems due to the narrow

tracking range even though they are supported with a PTZ unit.

In the literature remote systems constitutes the major part on the con-

trary to the head-mounted systems. However, increased interest to the mo-

bile eye tracking, wearable computers and personal displays can increase the

demand for head-mounted eye tracking in near future. In this way, head-

mounted eye trackers can lead up to hands-free interaction with mobile de-

vices because of the reliability against external factors they provide. Fur-

thermore, the association of gaze with the real world can lead up to many

new interaction styles for the user with the environment they live.

In this work we only perform gaze estimation experiments which aim

to find the gaze on a plane. For this task, we do not need to measure the
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Table 3.3: Comparison of gaze estimation studies.

Method
Cameras
/ Lights

Head
Pose

Calibration
Accuracy

(○) References

Regression
Based

1 / 0 × Personal 2 - 4 [87]
1 / 1 × Personal 1 - 2 [47, 49, 51]
1 / 1 × Full 0.75 [52]

Model
Based

1 / 1 ✓ Personal 0.5 - 1 [55]
1 / 4 ✓ Full ∼1 [61]
2 / 1 ✓ Full 3 [59]
2 / 2 ✓ Full < 1 - 2 [57, 58]
3 / 1 ✓ Full 0.7 - 1 [56]
4 / 2 ✓ Full 0.6 [54]

Hybrid 2 / (1) ✓ Personal ∼0.35 Proposed

3D structure to apply geometry calibration thanks to the fiducial markers.

Nevertheless, with the proposed method, it is also possible to find the gaze

on an arbitrary object as long as the 3D model of the scene or object is

available. For instance, gaze information of a user on a sculpture is also

possible if the 3D model data of that sculpture is available. However, in this

scenario, geometry calibration is required to associate the specific locations

of the sculpture with the markers.
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4. ON-SCREEN KEYBOARD: SliceType

4.1 Introduction

Once we can obtain reliable eye features in chapter 2 and compute the PoG

with those features in chapter 3 we need to utilize this information in an ap-

plication which is developed specifically to be used with gaze information. In

this chapter of the thesis, we aim to design and develop an on-screen keyboard

to enable boosting the text input throughput with plain gaze information.

Historically, the human-computer input device has been the keyboard

before mouse was introduced in late 60s. People use keyboards of different

layouts and functionalities to edit documents, write e-mails and short mes-

sages, prepare presentations etc. Although the physical keyboard remains to

be the central text entry device for many people, it is not a viable solution

for many people with disabilities.

To enable text input entry for individuals with disabilities who cannot

use a traditional physical keyboard, On-Screen Keyboards (OSK) having

different interfaces and functionalities have been designed over the years [75,

76, 77, 78, 79]. The main factor that determines the design of such keyboards

is how the user selects an item, e.g., a button, a letter etc., from the OSK

graphical user interface (GUI). In case the person has some form of motor

ability in his/her voluntary muscles, one approach is to use a specialized

switch for item selection. If the person is completely paralyzed and is unable

to move any voluntary muscles except the eyes, for example those suffering

from cerebral palsy (CP), amyotrophic lateral sclerosis (ALS) also known

as Lou Gehrig’s disease, or locked-in syndrome (LIS), eyes are the person’s

only input modality and interaction medium. In such cases, eye tracking and
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Figure 4.1: Scanning keyboard in Windows 7. The current scan is at row 3. Let-
ter ‘k’ has been selected in the previous scan; therefore, the keyboard
displays word suggestions at the first row.

blink detection are the only gestures for user input. Using one or both of

these input modalities, different kinds of OSK designs have been proposed

in the literature.

In this paper, we present a new OSK, named SliceType because of the

shape of the character buttons, to help disabled individuals for fast text en-

try. SliceType can be operated by a pointing device such as a mouse or by

eye tracking software that translates eye movements to mouse movements.

Unlike most rectangular OSKs found in the literature, SliceType has a cir-

cular shape to minimize the distance between any two characters. Character

frequency statistics of a corpus is utilized to lay out the characters on the

OSK GUI. Users select a character by dwelling upon the button representing

the character for the entire dwell period. As characters are selected, charac-

ters that may not follow the currently entered word prefix get removed from

SliceType GUI and their button areas are merged with those of neighboring

characters; thus making it possible to select the remaining characters more

easily and accurately. To make typing faster, SliceType also starts present-

ing word suggestions within the same button area representing the current

character (instead of using a separate area as is done by many OSKs) based

on the entered word prefix, which the user may select by dwelling on the

suggested word one more time. Furthermore, SliceType is designed to make

word predictions based on the previous two words entered by the user, which
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(a)                                                                             (b)   

Figure 4.2: SoftType’s user interface. Letter ‘t’ has been selected in the previous
scan. (a) The keyboard makes suggestions for the next letter, (b)
Suggested words are displayed in the second row.

improves the quality of the word suggestions. Experiments performed by a

set of novice users show an average text entry throughput of 5.2 words per

minute (wpm) using a physical mouse as the input device, and 3.45 wpm

using an eye tracker with a dwell period of 1000 ms.

4.2 Related Work

Existing OSKs found in the literature can be grouped in two general classes:

(1) those that get operated by selecting a periodically highlighted item, e.g.,

a button, a pie slice, or any other GUI widget that can be selected. The item

selection can be performed by a special physical switch if the user can operate

certain voluntary muscles, or by eye blinking if the user is severely disabled

and can only move eyes. (2) those that get operated by the movements of

the computer mouse, either by moving the mouse over the appropriate item

of the OSK GUI and dwelling on it for a period of time for selection, or by

moving the mouse in certain paths to select certain items or to draw certain

patterns. Since most such systems make use of an eye tracking software to

translate the user’s eye movements to mouse movements, they are usually

called eye typing systems.
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Figure 4.3: BlinkWrite’s user interface.

OSKs that fall in the first category are generally called scanning key-

boards. The idea with a scanning keyboard is very simple: The letters of

the alphabet are laid out in some order on the OSK GUI. Each letter or a

group of letters is periodically highlighted for a period of time before the scan

moves to the next item. If the user wants to select the currently highlighted

item, s/he uses a physical switch or uses eye blinks/winks to indicate the

selection.

A good example for a scanning keyboard is the OSK that comes with

standard Windows operating systems. Fig. 4.1 shows the scanning keyboard

distributed with Windows 7. Instead of scanning over each letter, the Win-

dows OSK performs row/column scanning for optimization. The scan starts

at row 1. If the user wants to select a key from the currently highlighted

row, s/he presses the space bar from the physical keyboard or uses some other

physical switch device such as a joystick. A column-wise scan of the keys

from the currently selected row then starts from left to right. To minimize

the number of selections for a key, called the scan steps for character (SPS),

the horizontal scan walks over the keys in the same row in groups of three
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Figure 4.4: WiVik’s rectangular user interfaces. There is a button for each char-
acter.

keys. Once the desired group is highlighted and the user selects the current

group, a final scan over the individual keys within the group is performed

key by key. The user finally selects the desired key after it is highlighted.

It should be clear that it takes three user inputs to select a single key from

this keyboard. Windows OSK also implements word completion as shown in

Fig. 4.1. After the certain prefix of a word is entered, suggested words are

displayed on the top-most row, which the user can select once highlighted.

For example, in Fig. 4.1, the current scan is at row 3. Letter ‘k’ has been

selected in the previous scan; therefore, the keyboard displays word sugges-

tions starting with letter ‘k’ at the first row ordered with respect to some

criterion such the frequency of occurrence in a corpus.

SoftType [80] is one of the earliest scanning keyboards with character

and word completion capabilities. Fig. 4.2 shows SoftType’s user interface,

where letter ‘t’ has been selected in the previous scan, which appears at the

topmost textbox. The keyboard now makes suggestions for the next letter

that may follow ‘t’ by using the frequency statistics of the English language,

which are displayed in the first row. The keyboard also starts making word

suggestions in the second row. Authors state that the users make selections

from the keyboard either by moving their head against one of three switches

mounted in their chair, or by hitting a large banger switch [80].

Instead of using a physical switch for key selection, which cannot be uti-
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Figure 4.5: GazeTalk’s user interface. When the mouse cursor dwells upon a
letter for the entire dwell period, it is selected. Here, the mouse
is located on letter ‘i’, and the dwell period progress bar is almost
complete.

lized by individuals with severe disabilities, blinks or winks must be utilized

to mean an eye switch. A good example for such an OSK is BlinkWrite [81,

82], which is a scanning ambiguous keyboard that solely makes use of eye

blinks for text entry. Fig. 4.3 shows BlinkWrite’s user interface. The top row

shows the text to be entered by the user. The second row shows part of the

text entered by the user so far. The third row shows the letter selection but-

tons. As seen, the letters are grouped in sizes of 8 or more (except the space

key) to minimize the number of items to be scanned. The system makes sure

at most two scanning intervals are necessary for text entry. Authors report

a text entry throughput of 4.8 wpm with an accuracy of 97% for a scanning

interval of 850 ms.

BlinkLink [83] is another example system that uses blinks as input

modality in their gaming system and report an accuracy of 96%, which is

based on the correct target selection statistics in a coordination game.

OSKs that fall in the second category work by the movements of the
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Figure 4.6: pEYEwrite’s user interface. The circular pies in the middle are used
to enter letters, which appear inside the textbox at the bottom.
Other buttons shown on the sides provide auxiliary functionality.

pointing device, that is, the mouse, and are generally called eye typing sys-

tems. The idea with these systems is to move the mouse either physically

or by an eye tracking software over the item to be selected from the OSK

GUI and dwell upon the item for a certain period of time; or alternatively, to

move the mouse in certain paths to select items or to draw certain patterns.

One of the earliest examples of such systems is WiVik virtual key-

board [84, 85]. The OSK has a rectangular user interface with a button

for each character as shown in Fig. 4.4. To select a button, the user moves

the mouse cursor over the button representing the letter and stays over the

button for the entire dwell period. The selected character is fed into the sys-

tem character queue. WiVik also has word prediction to suggest appropriate

words to complete the current prefix, which appears on the left side of the

user interface. Users may select the desired word from within this suggestion

box to make typing faster.

Another similar system is Gazetalk [86, 87]. Unlike WiViK, which

displays all letters on the main GUI, Gazetalk uses the statistics of a corpus
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Figure 4.7: EyeWrite’s user interface and the patterns representing each charac-
ter. In the figure, letter ‘c’ is being typed.

to present the six most widely used letters inside big rectangular boxes on

the main GUI as shown in Fig. 4.5. To select a letter, the user moves the

cursor over the box representing the letter and stays in that box for the entire

dwell period. A progress bar shows the amount of time being waited so far,

and the remaining dwell period for the letter to be selected. The transcribed

text is shown at the top-left box. Authors report a text entry throughput of

4 wpm with a dwell period of 750 ms.

pEYEwrite [88] has a different design in that it has a circular interface

with pie slices as shown in Fig. 4.6. To select a letter, the user first dwells

inside the pie containing the desired group of five characters. Once the dwell

period is up, a new circular popup menu appears, where each character is

displayed inside a separate pie slice. The user dwells inside the pie slice

for the desired letter for the second time to select it. The transcribed text

appears inside the textbox at the bottom. Other buttons on the user interface

provide auxiliary functionality. Authors report a text entry throughput of

7.9 wpm with a dwell period of 400 ms.

EyeWrite [89] is an alternative system, where entering a character in-

volves drawing a certain pattern by moving the mouse rather than dwelling

upon an area representing a letter. Patterns resemble hand-printed letters
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Figure 4.8: Dasher’s user interface. Selection is performed by moving the mouse
towards a letter. Currently, the word “development” is being writ-
ten.

and are drawn by moving the mouse cursor from one corner of a rectangular

window to another as shown in Fig. 4.7. Authors report a text entry through-

put of about 5 wpm. In addition to EyeWrite, Minimum Device Independent

Text Input Method (MDTIM) [90] and Eye-S [91] also employ this style of

“eye graffiti” communication. In these systems, letters are created by a se-

quence of fixations on several region areas called hotspots, which are usually

made invisible and do not interfere with other applications; thus, making it

possible to make use of the entire screen area.

Dasher [92] has a radically different design in that it works by contin-

uous gestures. Letters of the alphabet appear on the right hand side of the

GUI as shown in Fig. 4.8. Selection is performed by moving the mouse to-

wards a letter, which causes the area representing the letter to get bigger as

it is approached, called dynamic zooming. When the letter finally moves to

the left of the vertical line dividing the user interface in half, it gets selected.

Now, new letters that may follow the selected prefix of letters with respect to

a corpus appear on the right. To undo a selection, the mouse must be moved

to the left towards the center of the dividing vertical line, which causes the

selected letters to move back to right of the vertical line and become dese-

lected. Authors report a text entry throughput of about 20 wpm after one
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(a)                                                                             (b)   

Figure 4.9: (a) A keyboard layout to minimize the number of cursor steps to
enter a French book chapter [97], (b) Zooming user interface to make
easy and correct selections [99].

hour of practice.

In addition to the OSKs mentioned above, there are many other systems

to help disabled persons use computers and enter textual information. For

example, [93] presents an OSK with a hierarchical character organization

operated by a remote control. VisionKey [94] is one of the earliest OSKs

having a somewhat unique selection method. By moving the eye towards the

corners of a square grid, the intention is communicated to the OSK. Finally,

the selection is performed by moving the mouse to the target cell.

In both scanning keyboards and eye typing systems, reducing the scan-

ning interval or dwelling period will increase the text entry rate, but there

will be more errors or missed opportunities for selection. Most systems use

a fixed time interval in the range from 500-1500ms. One approach is to dy-

namically adjust the system’s scanning interval or dwelling period based on

the previous user performance including text entry throughput, error rate,

reaction time etc.

There is also a good body of research on the optimal layout and size

of the keys on the OSK user interface [95, 96, 97, 98, 99, 100, 101]. With

scanning keyboards, the general idea is to place the most frequently used

letters at the beginning of the scan sequence. Authors in [95, 96, 97] evaluate
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different letter placement strategies and their effects on the text entry rate.

For example, Fig. 4.9(a) shows a keyboard layout optimized to minimize the

text entry time for a French book chapter [97]. Zooming interfaces [99, 100]

is also an interesting idea in which the region having the current user focus

is made bigger for easy and accurate selection. Fig. 4.9(b) illustrates this

idea [99]. A study on how auditory and visual feedback affects eye typing

is presented in [102]. Authors state that proper feedback by the system

facilitates eye typing and influences both the text entry throughput and

error rate.

Word or phrase completion or prediction is also widely employed by

many OSKs [103, 104, 105, 106, 107, 108, 109]. The idea with word comple-

tion is to look at the currently entered word prefix and make word sugges-

tions. The goal is to allow the user enter a complete word without selecting

or entering all of its letters, thus increasing the text entry rate. The idea with

word prediction or sentence completion is to make use of the words entered

so far in the sentence and make better suggestions for the remaining words of

the sentence. It is very common to use the last two words, called a bigram,

to generate a prediction for the next word, which is also what SliceType

does. Authors in [109] look at user interface and human factors affecting the

performance of text prediction such as the orientation of the prediction list,

number of suggestions to be displayed, proper placing of prediction window

etc.

4.3 SliceType: An efficient On-Screen Keyboard

4.3.1 SliceType GUI and Character Layout

In the design of a new OSK, the first design choice is about the shape of

the OSK GUI and the placement of the characters on the GUI. There are

generally two alternatives for OSK GUI design: (1) Display the characters
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Figure 4.10: SliceType GUI and the layout of the characters on the GUI.

all at once on the GUI, (2) Group the characters under categories, making

them reachable by a hierarchical selection mechanism.

Example OSKs in the first category are the Windows scanning keyboard

(Fig. 4.1), SoftType (Fig. 4.2), and WiVik (Fig. 4.4). In these OSKs, selecting

a character from the GUI requires a single selection event, but the area in

which the character is displayed on the GUI is small since there are many

characters to display. Example OSKs in the second category are BlinkWrite

(Fig. 4.3), GazeTalk (Fig. 4.5), and pEyeWrite (Fig. 4.6). In these OSKs,

selecting a character from the GUI requires two selection events: First to

select the group of characters containing the desired character, and the second

to select the desired character from within that group. The need for an

additional selection event for each character slows down typing, but this

layout has an advantage: Since only a small number of buttons have to be

displayed all at once on the GUI, the area representing each button can

be made bigger, which makes it possible to use a coarse input device for

selection. On the other hand, displaying all characters on the GUI at the

same time results in a smaller footprint for each character assuming that the
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overall size of the keyboard is constant. This means that an accurate and

high resolution input device is required for accurate selection. Considering

that the eye tracking and gaze detection technology has reached some level

of maturity and will only improve in the future, we have decided not to use a

hierarchical layout for SliceType, but instead chose to display all characters

at once on the SliceType GUI as shown in Fig. 4.10.

The keyboard is shaped as a circle encased in a square. The aspect

ratio is set to be 1:1, which provides compactness to the keyboard, while

minimizing the distance among the characters. The circular keyboard area

contains the characters, while each of the remaining four corner areas are

used for an additional functionality. The circular area has an innermost

circle enclosed by two outer rings. The innermost circle is divided in half to

two buttons to store 2 characters, E and T, and the outer rings are divided

radially into 24 buttons to store the remaining 24 characters of the English

alphabet. The size of each button representing a character has been made

to be similar to each other.

Typing on an OSK consists of travelling to and from a set of selection

points (buttons) on the keyboard GUI. Some of these points are visited more

frequently than others. The main design objective in the placement of the

characters on the GUI is to minimize the total distance travelled during typ-

ing. An obvious solution to this problem is to assign the more frequently

visited points near the center of the GUI. To achieve this objective, we cal-

culated the frequency statistics of the letters in our English corpus, which

are given in Fig. 4.11, and used these statistics to lay out the letters on the

SliceType GUI as follows: We stored the two most frequently used letters, E

and T, in the two halves of the innermost circle. Then the remaining letters

have been assigned to the buttons on the two enclosing rings in the order

of decreasing frequency starting from inside and moving out. That is, the

78



0.00

0.02

0.04

0.06

0.08

0.10

0.12

0.14

e t a o i n s r h l d c u m f p g w y b v k x j q z

F
re
q
u
en
cy

Character Frequencies

Figure 4.11: Character frequency statistics of the corpus used by SliceType.

most frequently used 12 characters have been stored in the inner ring, and

the remaining 12 characters have been stored in the outer ring as shown in

Fig. 4.10.

Instead of pairing a more frequently occurring letter with a less fre-

quently occurring letter within the same pie slice as done by SliceType, a

better approach may seem like pairing two letters that frequently follow each

other in the words of the corpus. Such a choice would obviously result in

less mouse movement over the OSK GUI since after a letter is chosen, the

next letter would most likely be its pair in the same pie slice. Although

this alternative might have easily been implemented in SliceType, we made

a conscious decision against this approach due to the following reason: In

SliceType, not only do we want to minimize the total amount of mouse move-

ment during typing, which requires frequently occurring letters to be placed

close to each other, but we also want to easily and accurately select each

letter from the OSK GUI, which requires the screen area representing each

letter to be as large as possible. Implementing this second criterion requires

displaying as few letters as possible on the OSK GUI so that the screen area

representing each letter would be quite large for accurate selection even with

a course mouse input mechanism. Recall that this is the goal of a hierarchical

OSK GUI such as BlinkWrite, which requires at least two selections for each
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Figure 4.12: Merging of character button spaces based on the current word prefix
“in”. Letter ‘w’ has been removed and its button space has been
merged with the button space of letter ‘n’.

letter.

To reduce the number of letters displayed on the GUI, SliceType looks

at the current word prefix and using its prediction engine, determines possible

continuations for the rest of the word. The letters that cannot be used to form

a complete word in the corpus from the current prefix are then removed from

the GUI. The button space representing a removed letter is then merged with

the button space of a neighboring letter so that it grows in size for easy and

accurate selection. This behaviour is illustrated in Fig. 4.12: The word prefix

entered so far, i.e., “in”, appears on the upper-left corner of the GUI. Since

letter ‘y’ cannot follow the prefix “in” to make up a legitimate word in the

corpus (that is, there is no word that starts with the prefix “iny”), letter ‘y’

is removed from the SliceType GUI, and its button space is merged with the

button space of its neighbor, which is letter ‘s’ in this case. Similarly, letter

‘w’ is removed and its button space is merged with letter ‘n’. Notice that

if letters that frequently follow each other in legitimate words were placed

next to each other on the GUI, such button merging would have been less

80



frequent.

Like many OSKs, SliceType is equipped with word completion capa-

bility; that is, SliceType makes use of the currently entered word prefix and

provides word suggestions completing the current prefix. To display the

suggested words, most OSKs use a separate dedicated area. The user then

periodically checks this area to see if the desired word appears in the list,

and if it does, s/he selects that word using the OSK selection mechanics.

There are some problems with this approach. Firstly, the user must check

the word display area frequently to see if the desired word is among the sug-

gested words as they get updated with each new entered letter. This causes

many fruitless checks, until the desired word finally appears among the sug-

gestions. This continuous update of the suggested words area may distract

novice users, and therefore, they may be inclined to skip checking suggestions

altogether either from frustration due to a lack of success in their previous

attempts at selecting a suggested word, or to avoid getting distracted be-

cause they have to concentrate on selecting the next letter of the word from

the GUI. The second problem is about the number of words that needs to

be displayed on the suggestions area. For example, if the most likely 10

words are displayed in a list, the user must scan all 10 words for each of

their unsuccessful attempt at using the suggestions. Going back and forth

between the area displaying the word suggestions and the area displaying

the next letter of the word may distract the user and make them mistype

a word for an error, which will decrease typing speed although the point of

using word completion is to increase typing speed. Furthermore, reserving a

separate place on the OSK GUI to display a lot of word suggestions causes

waste of valuable GUI space, which can be utilized for some other purpose.

If, however, only a few words are suggested and displayed, then the desired

word may not appear among the suggested words until after the user types
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Figure 4.13: Using the current prefix “in” and the next letter ‘p’, SliceType
suggests the word “input”, which appears inside the pie slice rep-
resenting letter ‘p’.

the larger portion of the word, which is not preferable either.

Instead of designating a separate GUI area to display word suggestions,

we have employed a different approach that enables us to suggest words while

not using additional GUI area. Fig. 4.13 illustrates the idea of our novel

word suggestion mechanism: As seen on the upper-left corner, the user has

so far typed the word prefix “in”. The user next intends to select letter

‘p’ by moving the mouse cursor (either by using a physical mouse or by an

eye tracker that translates eye movements to mouse movements) inside the

button representing letter ‘p’. Now, not only SliceType highlights the pie slice

representing the currently selected letter ‘p’ in orange, but it also displays

the word “input” (generated using the current word prefix “inp”) suggested

by the prediction engine under letter ‘p’ within the same pie slice. Displaying

the suggested word in the same pie slice as the current letter enables the user

to read the suggestion without changing their gaze to a different location,

which prevents distractions that may be possible with other OSKs. Notice

that SliceType displays only one suggested word within the currently selected
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(a)                                                                                            (b) 

  
(c)                                                                                            (d) 

 Figure 4.14: (a) The user has just started dwelling upon letter ‘i’, which is
highlighted with light-orange. The word “in” is suggested and
displayed inside the button area of letter ‘i’. (b) About 50% of the
dwell period is up as indicated by the dark-orange slider, (c) About
90% of the dwell period is up, (d) The entire dwell period is up.
Letter ‘i’ is selected and appears on the top-left corner of the GUI.

letter. If all suggestions were to be displayed, OSK GUI would be cluttered,

which would hinder the user’s peripheral vision from locating the next letter.

This is why we prefer displaying the word having the highest ranking among

the potential suggestions. The details of SliceType’s prediction engine is

given in section 4.3.3.

4.3.2 Using SliceType

SliceType is a direct selection system, where letter selection is performed by

dwelling inside the button representing the letter. The default dwell period

is 1000 ms, but it is a parameter that can be adjusted by the user.
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(a)                                                                                            (b) 

  
(c)                                                                                            (d) 

 Figure 4.15: The user has entered the word prefix “in”. (a) The current focus
is on letter ‘p’ and SliceType suggests the word “input” for com-
pletion. (b) The user is about to complete the selection of letter
‘p’. (c) The user continues dwelling inside letter ‘p’ to select the
suggested word. The dwell period progress is illustrated by a green
slider instead of an orange slider. (d) The user is about to complete
the selection of the suggested word “input”.

When the mouse cursor is moved inside the boundaries of a button,

it is highlighted as its color turns to light-orange. This is illustrated in

Fig. 4.14(a), where the user has just moved the mouse inside letter ‘i’. To

select this letter, the user has to stay inside the button for the entire dwell

period. The amount of dwell period that has passed since the mouse has

moved inside the button is indicated by a dark-orange slider that continuously

fills the button area. In Fig. 4.14(b), about 50% of the dwell period is up, and

in Fig. 4.14(c), about 90% of the dwell period is up as indicated by the dark-

orange slider. When the entire dwell period is up, letter ‘i’ becomes selected
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and appears on the top-left corner of the GUI as shown in Fig. 4.14(d). Also

notice in Fig. 4.14(d) that after letter ‘i’ is selected, some letters have been

removed from the SliceType GUI and their button areas have been merged

with the button areas of neighboring letters. The details of this merging

algorithm is given in section 4.3.3.

Fig. 4.14 and Fig. 4.15 demonstrate the details of SliceType’s word

suggestion and selection mechanism. Assume that the user wants to type

the word “input” using SliceType. As soon as the user moves the cursor

inside the first letter of the word, i.e., ‘i’, its color changes to light-orange

and the first suggested word “in” appears inside the button area of letter ‘i’.

Since the user desires to type “input” rather than “in”, s/he completes the

selection of letter ‘i’ by dwelling inside its button area for the entire dwell

period, and then moves on to the next letter, i.e., ‘n’, of the desired word.

Although it is not shown in the figures, SliceType continues suggesting the

same word, “in”; but this time, the suggested word is displayed inside the

button area of letter ‘n’. After letter ‘n’ is selected and appears on the upper-

left corner of the GUI, the user now moves on to the next letter, i.e., ‘p’, of

the desired word. This time SliceType suggests the word “input”, which is

displayed inside the button area of letter ‘p’ as shown in Fig. 4.15(a). The

user stays inside letter ‘p’ for the entire dwell period to select it as shown

in Fig. 4.15(b), and when the selection is complete, letter ‘p’ appears on the

upper-left corner of the GUI as shown in Fig. 4.15(c). Now the user wants

to select the suggested word “input” displayed inside the button area of

letter ‘p’ so that s/he does not have to type the rest of the letters of the

desired word. To select the suggested word, the user must continue dwelling

inside letter ‘p’ for one more dwell period. This is illustrated in Fig. 4.15(c),

where the dwell period progress is illustrated by a green slider to mean the

selection of the suggested word instead of an orange slider, which indicates
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the selection of the current letter. When this second dwell period is up, the

suggested word “input” is selected by the user and is sent to the system’s

character input stream. SliceType GUI then returns back to its default state

shown in Fig. 4.10 to display all characters again, and the user can start

typing a new word.

SliceType does not have a dedicated area on its GUI to display the

user’s transcribed text. Instead, it sends the entered text to the system’s

character input system, which can then be read by the program having the

current system focus. This way, the entered text can appear inside any

program, e.g., a word processor, a text-to-speech program, a web browser,

etc.

Punctuation marks or numeric digits can also be entered using Slice-

Type by selecting “Other Keys” functionality located on the lower-left cor-

ner of the GUI (refer to Fig. 4.10). SliceType puts a single space character

automatically after entered words, unless the last character of the entered

text is a punctuation mark or a digit. To manually enter a space character,

the user must select the empty area located on the upper-left corner of the

GUI. This functionality can also be used to select the current word prefix

that appears on the upper-left corner of the GUI to send it to the receiving

program. Thus, shorter words that may not appear in the corpus can be

typed. For example, if the user wants to type the word “a”, and the pre-

diction engine suggests the word “and” inside the button area of letter ‘a’,

the user should first select letter ‘a’ by dwelling upon its button area, which

would then appear on the upper-left corner of the GUI, and then select the

button area on the upper-left corner to concur the selection of the word “a”.

Selecting “Backspace”, which is located on the upper-right corner of

the GUI, has two different connotations: If it is selected by dwelling for a

86



single dwell period, i.e., when it is filled with a dark-orange slider, it clears

the current word prefix displayed on the upper-left corner of the GUI and

resets the keyboard to its default state. If it is selected by dwelling for two

dwell periods, i.e., when it is filled with a green slider, it deletes the last

entered word. To delete the last word from the system’s character input

stream, SliceType sends the appropriate number of backspace characters.

Finally, “Options” key located on the lower-right corner of the GUI can be

used to adjust dwell period and other parameters of SliceType.

4.3.3 SliceType Operational Mechanics: Button Merging and

Word Prediction Engine

We mentioned that if an OSK displays all characters of an alphabet on its

GUI at once, then it would take only a single event to select a character;

but too many characters on the GUI would also mean that the button area

representing each character would be small, and therefore, selecting a button

would require high fidelity mouse input. Conversely, displaying only a few

characters on the OSK GUI means that the button area representing each

character would be large, and therefore, accurate selection of a button can

be achieved even with a coarse mouse input; but only a few characters on

the GUI would mean multiple events to select each character.

SliceType was designed to combine the benefits of these two design

alternatives: Require a single event to select each character, but make the

button area representing each character as large as possible for easy and

accurate selection. To achieve the first goal, SliceType displays all 26 letters

of the English alphabet on its GUI by default. To achieve the second goal,

SliceType adaptively decreases the number of letters displayed on its GUI

to make the button sizes of the remaining letters larger. Letter removal

is achieved by making use of the entered word prefix: After a new letter is
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entered by the user, the word prediction engine evaluates the current prefix to

make word suggestions. At the same time, the prediction engine determines

the letters that cannot follow the current prefix based on its corpus, and

those letters are removed from SliceType GUI. One or more of the remaining

buttons then take over the areas belonging to the removed buttons. This is

called button merging.

During button merging, there are two important considerations: (1)

The area belonging to the removed button should be divided fairly among

the remaining buttons so that as many buttons as possible can grow in size.

One button should not have all the area to itself, as the growth in size yields

diminishing returns. (2) As the size of a button grows, the letter displayed

on the center of the button should not move too much from its original

location. If the button’s position changes too much, that would distract the

user, and s/he would have a harder time typing as the OSK GUI changes

unpredictably. Therefore, the changes to the OSK GUI should be as smooth

as possible.

To satisfy both goals above, we designed our button merging algorithm
as follows:

(1) Merge radially, i.e., towards the outer ring or the inner ring.

(2) Merge laterally counter-clockwise (ccw) with neighbors on the same
ring, only if both have not merged radially.

(3) Merge laterally ccw, only if both have merged radially.

(4) Merge laterally clock-wise (cw), only if they both have merged radially
or if they both have not merged radially.

During the button merging, the above algorithm is used in parallel for

all buttons. Step (1) is applied for all buttons before proceeding to step (2).

This causes preceding steps to be prioritized. In this case, empty spaces will

be used for radial merging, rather than lateral merging whenever possible.
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The two buttons in the innermost circle simply merge whenever pos-

sible, and they do not merge with the rest of the buttons. The rules imply

that a button can only merge with its ccw or cw neighbor. This is illustrated

in Fig. 4.15(c), where the letters ‘p’ and ‘u’ do not get merged with the free

space on the left side of the OSK GUI. If they were merged with that free

space, letters ‘p’ and ‘u’ would have to be written too far away from their

original locations, which would distract the user. Furthermore, that would

also achieve little, as the buttons in Fig. 4.15(c) are large enough as they are.

SliceType prediction engine keeps a bigram corpus that consists of word

pairs for prediction. The last word entered and the current word prefix are

used to predict the word that the user is currently entering. If there are

multiple candidates for prediction, the word that belongs to the more fre-

quently used bigram pattern is preferred. Let us illustrate these mechanics

with an example. Assume the last word entered by the user is “his” and

the user brings the cursor over the letter ‘f’ to start the next word. The

prediction engine looks for the word pairs that start with “his f-”. There

are actually three word pairs that satisfy this condition: “his first”, “his

father” and “his family”. Since the pair “his first” is used more fre-

quently compared to the other two, the prediction engine suggests “first”

for the letter ‘f’.

Note that the word “for” is used far more frequently in English lan-

guage, compared to “first”. If we had only used a unigram prediction

model, the prediction engine would have looked up for the words starting

with “f-”, and would have suggested “for” for the letter ‘f’. However,

“his for” is not a common word pair at all, otherwise the bigram corpus

would have included it. This illustrates that one should prioritize bigram

prediction results over unigram prediction results. Using a hybrid prediction

model (i.e. a corpus that is composed of both single words and word pairs)

89



would still yield “for” as the result, due to the sheer frequency of the word

“for”. However, “for” is used so rarely after the word “his” (mainly due

to grammatical reasons), it should never have the chance to be suggested.

Using n-gram prediction models where n is larger is favorable to achieve

more accurate predictions. This is shown by comparing the unigram and bi-

gram predictions above. However, using solely bigram predictions is also not

practical. We have mentioned that the bigram corpus has only three members

starting with “his f-”. If the user wanted to write “his future”, bigram

prediction would not have been able to help. For such cases, SliceType uses

unigram prediction as a safeguard. Continuing from the previous example,

the user has entered “his”, and wants to enter “future” now. When the

cursor is on ‘f’, prediction engine suggests “first”, according to the bigram

prediction. The user enters ‘f’ and moves on to ‘u’. In this case, bigram pre-

diction has no suggestions for “his fu-”. Hence, unigram prediction takes

over. The most frequently used word that starts with “fu-” is “further”,

so the unigram prediction suggests it. The user enters ‘u’, and moves on to

the next letter, ‘t’. The most frequently used word that starts with “fut-”

is “future”, and the user can choose the suggestion and finish entering the

word. When the corpora are same sized, it is exponentially less likely for

corpora with higher n (where n is the size of the word groups) to come up

with a result. As even our bigram corpus cannot cover the majority of the

common word pairs (like “his future”), using corpora with even higher n

is not preferred for a project of this scale.

If the corpora would have been kept as a list, finding a prediction would

become more complex as the size of the corpora grows. Instead, the unigram

and bigram corpora are kept as individual tries, which are constructed to

achieve the results as explained above. These tries can be updated by in-

cluding additional words, or frequencies of the words can be changed based
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on usage, which will result in a prediction engine that dynamically adapts.

4.4 Experimental Setup and Results

To compare the performance of SliceType in terms of usability, we have

chosen two other publicly available, state of the art OSKs for comparison:

GazeTalk [87] and Dasher [92]. These keyboards were chosen to cover a wide

variety of design choices. Both SliceType and GazeTalk are operated by the

movements of the pointing device and perform dwell-based selection, while

Dasher employs continuous gestures approach for operation and selection.

Since all OSKs are operated by the movements of the pointing de-

vice, we used an eye tracking system to translate the user’s eye movements

to mouse movements. The eye tracker used in the experiment is Monocular

Edge Analysis System from LC Technologies. It has a sampling rate of 60Hz,

and a gaze position accuracy of 0.45 degrees. The users need to calibrate the

system before using it, and should not move their head during operation.

Experiments were done without a chinrest, as the effect of involuntary move-

ments on calibration was minimal. The calibration was repeated before the

use of each keyboard to prevent unfair advantage due to better calibration.

GazeTalk uses the screen area more liberally, and as a result, has fewer

and larger buttons. This may be advantageous for participants struggling

with eye tracking technology. On the other hand, the other two keyboards

require more accurate eye tracking input. Although a keyboard’s maximum

typing speed may exceed others, constant need of utmost concentration and

detection accuracy is a design problem that will negate the speed advantage

in daily use. There is certainly a sweet spot for this trade-off, and our

experiment was designed to find which keyboard is closer to this sweet spot

under daily use conditions.

The typical user of an OSK is expected to use it frequently, and achieve
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fair proficiency in a short amount of time. Since the user will be proficient

with the keyboard in the majority of the time they use it, it is ideal for the

experiment participants to be proficient with each keyboard. However, it is

not realistically possible to find participants who are proficient with all the

related keyboards. The closest possibility is to teach completely unexperi-

enced novice users. On the other hand, getting a large number of participants

to type with each keyboard by gaze for a long enough time to make them

proficient is not practical. Instead, we tried to accelerate the participants’

learning process by getting them to read about the keyboards beforehand and

gave a quick tutorial of the keyboards during one-on-one teaching sessions.

Experiment was performed with 37 undergraduate and graduate com-

puter engineering students. The students were all novice users of the eye

tracking system and the keyboards; that is, none of them had used the key-

boards nor the eye tracker before. Participants were not asked to remove

their glasses or contact lenses. They were given written usage instructions

for each keyboard prior to the experiment. After reading the instructions,

each participant was individually taught how each keyboard and the eye

tracking system work for half an hour. After this brief training session, the

participants were asked to eye-type three paragraphs written in intermediate

level of English. Each paragraph was chosen to represent daily conversations’

level of complexity.

In daily usage, OSKs are usually employed by disabled individuals to

communicate their thoughts rather than having them copy a text from a piece

of paper to the computer. Therefore, the experimental setup was configured

in a way to emulate this real-world usage scenario: Instead of having the

participants type a pre-written text, they were read the text aloud as they

typed it. Participants were asked to type as much of the text as possible

in 5 minutes. Both the order of the usage of keyboards and keyboard-text
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Figure 4.16: Average number of correctly typed characters by the participants
in 5 minutes.

matching were permutated to prevent any unfairness. The windows for each

keyboard were also kept in a similar size. The parameters for each keyboard

were kept in their default values. That is, the dwell period for both SliceType

and GazeTalk were set to 1000 ms, and for Dasher the speed was set to 0.8

with adaptive speed adjustment enabled.

After the experiment was finished, the participants were asked which

keyboard they would prefer to use if operating an OSK by an eye-tracking

software were their only means of verbal communication. The participants

put the keyboards in order of preference. The reasoning behind this question

was that although a user may type slowly using an OSK, s/he may have a

better user experience with that keyboard; that is, a keyboard that provides

faster key entry may not always be the most user-friendly one due to hu-

man perceptual experience. Both the experiment and the survey were done

blindly to prevent any prejudice, bias or inclination towards a particular key-

board, meaning that the participants were not informed about the keyboard

developed in this work.

The data obtained from the experiment are the following: (1) the length

of the text that a participant was able to type in 5 minutes, (2) the number
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Figure X1. Ratios of participants based on number of characters entered in 5 minutes. 
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Figure 4.17: Percentage of the participants who typed <50, 50-100, or >100 char-
acters with different keyboards during the 5 minute text entry ses-
sion.

of errors made during typing, (3) a participant’s order of preference of the

keyboards in terms of usability. Mistakes in punctuation were also consid-

ered as errors, and all consecutive mistakes were counted as a single error.

For example, “How ar-rre you?” is counted as a single error, even though

there are multiple consecutive extra characters. The participants were free

to correct their mistakes; only the resulting text at the end of 5 minutes

was taken into consideration. It was observed that poor typing performance

caused participants to be less likely to correct their mistakes. There were

also cases in which the participants did not notice their mistakes, or were

unable to correct them even when they tried.

Table 4.1: Text entry rates with each keyboard: (row 1) using a physical mouse
for mouse movements, (row 2) using an eye tracker for mouse move-
ments.

Words per minute Dasher GazeTalk SliceType

Previous Experiment [24] 3.50 3.07 5.42

Current Experiment 1.68 2.93 3.45
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for the keyboards.

Fig. 4.16 illustrates the average number of correctly typed characters

by all participants in 5 minutes. Clearly, SliceType gives the highest text

entry throughput; however, participants’ poor performance with Dasher is

striking. In our previous experiment [24], Dasher had the second best result.

The difference is represented in Table 1, for which the experimental results

shown in Fig. 4.16 are converted to words per minute (wpm) using the 5

characters per word standard.

As seen in Table 4.1, SliceType has the highest text entry rate in both

experiments, but the ranking between Dasher and GazeTalk is reversed. The

difference between the results obtained in this experiment and the results

from our previous experiment in [24] has an obvious explanation. The ex-

periment in [24] was conducted using a physical mouse as the input device,

while the experiment presented in this paper is conducted with an eye track-

ing system. Table 4.1 shows that the use of an eye tracker nearly halved

the number of words entered using Dasher and SliceType, while it did not

Table 4.2: The average number of errors over all users for each keyboard using
an eye tracker.

Dasher GazeTalk SliceType

Average number of er-
rors in 5 minutes

1.03 0.54 0.68
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affect GazeTalk’s performance much. As mentioned before, both Dasher and

SliceType require higher fidelity mouse movement and input, yet GazeTalk’s

larger buttons allow the use of less accurate input devices. Even though Slice-

Type’s performance deteriorated when used with an eye tracking system, it

still performs the best among the three keyboards.

In Fig. 4.17, the participants were grouped based on their character

entry rate with each keyboard. That is, the percentage of the participants

who typed less than 50 characters, in between 50 and 100 characters and more

than 100 characters using each keyboard is illustrated. It is clear from the

figure that the majority of the users were not able to use Dasher efficiently.

This shows the high learning curve of Dasher. With GazeTalk, only a few

users failed to type efficiently while most of the users typed at an average

typing speed. But only a few users were able to reach very high typing

speeds of 100 or more characters. This shows that GazeTalk has a low

learning curve and is easy to use. However, with GazeTalk it is not possible

to reach very high typing speeds. This must be due to the two-level selection

mechanism employed with GazeTalk. With SliceType, many participants

were able to reach an average typing speed of 50 to 100 characters, while as

many participants were able to reach high typing speeds of more than 100

characters. Only a small percentage of the participants were not able to use

SliceType efficiently. This shows that SliceType has a low learning curve, is

easy to use, and users can get up to speed with a little practice.

The average number of errors over all users is presented in Table 4.2.

As seen from the table, the users made very few errors during typing. This

is mainly because the participants tended to correct their mistakes as they

noticed them. GazeTalk has the lowest error rate, which has two reasons: (1)

in GazeTalk, the entered text takes a large part of the screen, which causes

the users to clearly see the text as they entered it. (2) GazeTalk has a slow,
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Figure 4.19: Number of characters entered per 5 minutes by each participant,
along with the participant’s ranking of the keyboard. “Ranked 1st”
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yet simple deletion mechanics. It has a “Backspace” button that deletes one

character each time it is dwelt upon. On the other hand, SliceType types

and deletes entire words instead of single characters. This provides speed,

yet causes minor problems in performing deletions. As for Dasher, we have

observed that the participants tended not to notice their mistakes during

typing, which may be the reason for the high number of errors.

Finally, the participants were asked to rate the keyboards in terms of

their order of preference. A keyboard was given 2 points if it was the most

preferred keyboard, and 1 point if it was the second most preferred keyboard

by each participant. The results are illustrated in Fig. 4.18. Recall that

both the experiments and the survey were conducted blindly to prevent any

bias or inclination towards any of the keyboards. The participants were also

not informed about their relative performance with each keyboard, i.e., the

numbers of characters they entered with each keyboard, before filling out

the survey. Intuitively, we can expect the users to prefer the keyboards that

they can type faster with. The results of the survey can be summarized as

follows:

1. 46% of the users ranked the keyboards in the same order with their

typing speed.

2. 59% of the participants ranked the keyboard that they typed fastest

with as the best.

3. 65% of the participants ranked the keyboard that they typed slowest

with as the worst.

While it is obvious that there is a correlation between typing speed and

preference, it may not be as strong as it is assumed to be. 41% percent of the

users do not prefer the keyboard that they type fastest with. This may indi-

98



cate that focusing solely on the text entry speed when designing an OSK is

rather questionable. 68% of the participants type the fastest with SliceType,

while only 54% of the participants prefer SliceType as the best keyboard.

This shows that any design improvements to SliceType should be on usabil-

ity, rather than text entry speed. Participants’ individual performances and

preference rankings are shown in Fig. 4.19.

4.5 Conclusions

We present an OSK, named SliceType, to help disabled individuals for fast

text entry. SliceType has a circular layout with a button area for each char-

acter. The selection of a character is performed by moving the mouse inside

the button area representing the letter and dwelling on it for the entire dwell

period. Mouse movements can be performed by using a physical mouse for

people without disabilities, or by an eye tracking system for severely motor

impaired individuals for whom the only means of voluntary muscle move-

ments is through their eyes such those suffering from ALS or LIS. SliceType

has word completion capability to make typing faster. Experiments per-

formed by a large set of students show that SliceType has the highest user

preference and text entry throughput compared to two other state of the

art OSKs; namely, GazeTalk and Dasher. For the interested readers, there

are video demos and download options for SliceType at our eye tracking

webpage: http://ceng.anadolu.edu.tr/cv/eyetracking.
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5. CONCLUSIONS

In this thesis study we aim to develop a fully functional eye tracking system

from the scratch with all components. We design novel methods for each

part and implement them to perform experiments. We present concluding

remarks for each study in the following sections.

5.1 Remarks for Proposed Pupil Boundary Detection

Algorithm

In the first part, we design and develop a novel pupil boundary detection

algorithm to accurately detect pupil center from eye images in real-time.

Most of the pupil detection methods in the literature utilize the physical

structure of the pupil in a greedy way. Those methods simply threshold

the pupil and optimize the remaining pixel cluster by a set of morphological

operations. These techniques estimate the pupil center and cannot find the

actual pupil border. Therefore they fail in occlusive cases. In the scope of

this thesis work we propose a novel pupil detection method which is able to

give promising results even in tough occlusive cases.

The algorithm is mainly based on the primitive feature detection and

shape recognition techniques. In the first half of the algorithm, we extract

elliptical arcs from the image and at the end we search for a consensus of

extracted arcs to find the pupil even in severely occluded cases. In the first

place, the algorithm tries to find the pupil more quickly by trying to infer

that there is no occlusion. To achieve this, it analyses the gradient vector

distributions of the segments. If the near-circular segment cannot be found

due to an occlusion or view angle, the algorithm extracts all elliptical arcs

from the image and searches for a subset that best represents the pupil. In
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this way, the algorithm adapts itself and reduce the computation time 60%

for the cases which pupil is not occluded.

Our algorithm runs in high speed in eye images where the pupil is

clearly visible. If there is any occlusion of eyelids or eyelashes, algorithm

detects all elliptical arcs in the image and tries to find a consensus of these

arcs for the pupil. This situation constitutes a downside for the algorithm due

to the exponential grow rate of pupil candidates for the increasing number

of detected elliptical arcs. In such cases, we perform simple heuristics to

select among the elliptical arcs to keep the execution time under real-time

constraints.

5.2 Remarks for Proposed 3D PoG Estimation Algo-

rithm

For the gaze estimation scheme of the proposed system we develop a novel

3D PoG estimation method based on a head-mounted eye tracking scenario.

Our method is easy to deploy in any assistive and mobile application. In

the literature remote systems constitutes the major part on the contrary to

the head-mounted systems. However, increased interest to the mobile eye

tracking, wearable computers and personal displays can increase the demand

for head-mounted eye tracking in near future. In this way, head-mounted eye

trackers can lead up to hands-free interaction with mobile devices because

of the reliability against external factors they provide. Furthermore, the

association of gaze with the real world can lead up to many new interaction

styles for the user with the environment they live.

Besides the upsides of the proposed approach, there are also a couple

of drawbacks. First, our eye tracker suffers from parallax error just like

many other head-mounted systems. In most head-mounted systems, there is

a scene camera which views the scene from a different point of view than the
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user’s eye. In other words, there is a phase difference between the eye and

scene camera and the visual axes of the user eye and the scene camera are not

identical. Therefore, estimated PoG and the actual PoG become dissimilar as

the distance between the user and the target changes. In some systems, this

problem is solved by optical equipments such as half-transparent mirrors.

However, these equipments increase weight of the apparatus, furthermore

they cannot be used outdoor due to the vulnerability to the reflections. As

a future work we are planning to fix the parallax error with a computational

method that aims to compensate the phase difference.

5.3 Remarks for SliceType

In the last part we design and develop a novel on-screen keyboard as a gaze

driven application. We can list the contributions of this thesis study as the

following:

◇ The characters which are not available for the current prefix leaves their

area to active characters by joining and merging the slices. In this way

selection area is extended for the available characters.

◇ Locations of characters are placed with respect to their frequency in

order to maximize the probability of merging (high frequency letter +

low frequency letter),

◇ Merges the slices of characters which are not available in the current

context with respect to the current prefix.

◇ Proposed OSK provides both word completion and word prediction. As

a novel contribution, we do not use a separate cell for word completions.

Instead, every word candidate is determined with respect to the current

prefix and displayed right below each character inside the slice. Thus

multiple predictions can be displayed at each step.
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◇ In addition to the word completion with respect to the currently entered

prefix, we also provides word prediction with respect to the previously

entered words, if available. In this manner word predictions are de-

termined with respect to the previously entered words, not only the

current prefix and corpus frequency.

◇ Proposed OSK design can work in continuous-input by dwelling, there-

fore can be used without any other mechanism such as extra buttons

or switches.

◇ Keyboard is tested with 37 participants and the results are presented

in detail.

SliceType performed the best among the well-known on-screen key-

boards in terms of comfort and text throughput. Keeping the letter locations

constant and providing the word suggestions right in the letter cells ease the

adaptation of the users. Furthermore, wrong letter input ratio caused by

the jitter of eye trackers is reduced by merging the cells with respect to the

corpus information. In this manner, more frequent letters have larger screen

area and the estimated PoG can still fall in the proper cell in spite of the

gaze estimation errors.
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