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Eye tracking, the process of capturing the gaze location within a display, is extensively used in

usability studies, psychology, human-computer interaction, and marketing. The setup and operation

of modern eye trackers is time-consuming and a specialist is needed to calibrate them and be present

throughout the experiment, leading to highly-controlled user studies with artificial tasks and only

a small number of participants. In addition, their steep price, which rises to tens of thousands of

dollars, restricts their use to only a small number of labs that can afford them.

This thesis aims to democratize eye tracking by using common webcams already present in laptops

and desktops. We introduce WebGazer, a webcam eye tracker that infers the gaze of web visitors

in real time. WebGazer is developed as an open-source JavaScript library that can be incorporated

into any website. Its eye tracking model self-calibrates by mapping eye features to positions on the

display that correspond to user interactions.

We investigate whether webcam eye tracking can lead to similar conclusions to in-lab eye tracking

studies. We explore this question in the context of web search, by extending WebGazer so that it

can predict the examined search element within a search engine result page. We use SearchGazer

to replicate three seminal studies in the area of information retrieval and demonstrate that scalable

and remote eye tracking studies on user behavior are possible at a fraction of cost and time.

Finally, we create a benchmark for webcam eye tracking with data collected from a lab study with

more than 60 participants. This dataset allows us to investigate the relationship between user

interactions and gaze, confirming past findings on the alignment of gaze with clicks and cursor

movement, and introducing novel insights into the differences in gaze behavior across users based on

their ability to touch type. Taking advantage of the temporal alignment of gaze and user interactions,

we perform improvements in WebGazer’s accuracy and functionality.

These contributions make eye tracking accessible to everyday users, researchers, and developers.

Traditional eye tracking studies that are confined to labs can now be performed remotely and at

scale. Subjects can participate in studies in their everyday environments which can yield a more

naturalistic behavior and lead to more powerful insights.
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Chapter 1

Introduction

Thesis Statement Modern eye trackers are time-consuming to set up and calibrate. In addition,

they are expensive, and only a small number of labs can a�ord them. We show that it is possible to

democratize eye tracking and bring it out of the lab to enable scalable and naturalistic user studies.

We use common webcams and combine them with a variety of user interactions to self-calibrate

and continuously predict the gaze of users on any web page. This results in e�cient and accurate

eye tracking systems which enable new in-situ experiments. We validate this claim by replicating

�ndings of past studies and creating a benchmark dataset that supports future research.

1.1 Motivation

Eye tracking is typically de�ned as the process of capturing the location of a user's gaze on a display.

Eye tracking systems are extensively used in research in human-computer interaction, usability test-

ing, psychology and neuroscience studies, and marketing. They have enabled unparalleled insights

into human behavior visual system, becoming an established methodology in a number of �elds [37].

Modern eye tracking systems are passive and usually comprise a bar that is mounted on the

display at a �xed distance from the subject. The bar contains a number of sensors and emitters,

such as digital cameras and illuminators, which are used to create and detect re�ection patterns of

infrared light on the front surface of the eyes' cornea. The relative positions of the center of the

pupil and the corneal re�ections are used to compute the gaze direction. A calibration step asks

subjects to �xate on a sequence of display locations, so that the eye-gaze direction can be translated

1
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to display pixel coordinates. Subjects are often immobilized with a chin rest or bite bar.

Currently, eye tracking experiments cannot be deployed either at large scale or remotely, as eye

trackers contain specialized equipment (e.g., infrared illuminators) that is not broadly available. In

addition, they require a laborious setup and calibration process and the continuous presence of a

specialist who monitors the experiment. Finally, their prohibitive cost that ranges between $20,000�

$40,000 [71] allows only a small number of labs to a�ord them. Any research has to be conducted in

highly-controlled lab user studies that create arti�cial environments and tasks for a limited number

of participants.

Eye tracking systems that use webcams have been examined before as a cheap alternative to

commercial eye trackers, but without focusing on scalable, remote, and online eye tracking experi-

ments. They have been developed as o�ine software solutions that manipulate the webcam video

and detect the eye-gaze relationship. Although they do not require the purchase of any special

equipment or dedicated hardware, they have not been widely adopted due to poor accuracy and

need for extensive calibration [39]. In addition, typical users will �nd them hard to install, as they

come in the form of desktop applications that need to be compiled. For example, OpenGazer is

an open-source webcam eye tracker written in C++ that requires a technical background to install

and operate [116]. This restricts the use of eye tracking to a small number of users that possess

the software and know-how to install it. Unless a researcher provides computers with pre-installed

eye tracking software or helps the participants install it on their computers, they are unable to

deploy a remote or scalable experiment. In addition, they can only detect the generic gaze behavior

while using a computer, without focusing on a speci�c task and application. It is unclear how the

gaze predictions will be collected and securely transferred to the researcher, and such process only

takes place after the completion of the study, making the use of gaze as real-time input for other

applications impractical.

We argue that there are recent technological advances that support the practical use of webcams

for scalable eye tracking that is accessible to everyone and encourages naturalistic studies. Today,

more than 72% of web browsers support the HTML5 API that allows access to the webcam video feed

from the web [22]. Moreover, the computational power that enables real-time eye tracking on the

browser increases continuously. As a consequence, browser-based webcam eye tracking can become

a reality and can lead to the democratization of eye tracking by enabling scalable experiments on

the web. To this day, the only attempts for software that performs eye tracking on the browser are
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either incomplete [112] or are not standalone solutions [115].

This thesis investigates how to make browser-based eye tracking accessible to researchers, devel-

opers, and everyday users. We use common webcams, already present in desktops and laptops, and

combine them with user interactions to infer the gaze on any web page. Any researcher or developer

can create a remote and scalable eye tracking experiment to examine in real time the behavior of

users in their natural environment. Our eye tracking systems self-calibrate and do not disrupt the

user experience, while allowing the collection of rich data about the participants.

We explore the central theme of democratizing eye tracking as follows:

ˆ We develop WebGazer, the �rst webcam eye tracking library that can be added to any web

page to predict gaze in real time. WebGazer applies computer vision techniques to detect

the face and eyes in the webcam video feed and combines them with the location of user

interactions, which naturally occur when interacting with a web page, to predict the point

of gaze on the screen in real time. WebGazer can be applied to any web page, regardless of

its structure, and will provide gaze predictions after only a small number of user interactions.

We explore the use of di�erent eye detection libraries and regression algorithms to map the

eye-gaze to the screen. We conduct two user studies, one large-scale remote study and one

small in-lab study, and show that WebGazer can achieve a prediction error of less that 175

pixels. By making webcam eye tracking on the browser a reality, we enable a large number of

eye tracking applications and studies that have been con�ned in labs or have not been possible

in the past.

ˆ We investigate whether WebGazer can enable scalable and remote eye tracking experiments to

alter how behavior studies are conducted. We consider the use of eye tracking in web search,

and examine whether webcam eye tracking can produce similar �ndings to past research. We

extend the best gaze prediction model of WebGazer and create SearchGazer. SearchGazer is

an eye tracker that, in addition to gaze prediction, also detects which search element is being

examined in real time. We replicate three seminal information retrieval papers as crowd-

sourced studies and substitute their eye tracking component with SearchGazer. We show that

SearchGazer can be deployed as a scalable and remote eye tracking solution and can lead to

similar conclusions to past studies at a fraction of the cost and time.

ˆ To establish a point of reference across researchers that work on webcam eye tracking, we
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create the �rst benchmark dataset for webcam eye tracking. We conduct a controlled lab

study with more than 60 participants, recording their screens, gaze, and every interaction

during a number of di�erent tasks and under di�erent environmental conditions. Based on the

collected data, we explore the temporal and spatial relationship of gaze and user interactions,

paying particular attention to the unexplored alignment of typing and gaze activity, especially

under the lens of the user's ability to touch type. We use this knowledge to improvements

the performance of WebGazer and make it suitable of applications that typing is a dominant

interaction.

1.2 Overview of Contributions

This dissertation provides steps which make eye tracking accessible to everyone. We develop di�erent

eye tracking systems to predict the gaze of web visitors in real time and without the need of explicit

calibration. A central theme of our approach toward democratizing eye tracking is making all our

contributions publicly available. To this end, we release our code along with a benchmark dataset

for all researchers and developers to extend or compare against our work. This dissertation enriches

the literature in eye tracking and user behavior, while con�rming past research �ndings in human-

computer interaction.

Webcam Eye Tracking on the Browser We have developed WebGazer, an eye tracking library

that can be added to any web page. Prior research has shown that there is a strong correlation be-

tween gaze and clicks, as users will �rst look at the target locations they aim to click [48]. WebGazer

builds on this theory and self-calibrates by matching pixels of the eyes to locations on the screen

during user interactions. In contrast to traditional eye tracking systems, WebGazer self-calibrates

continuously and without interrupting the user experience. Future observations of the eyes are com-

pared to past instances through a simple regression model that allows real-time eye gaze prediction.

Furthermore, WebGazer is written in pure JavaScript and is the �rst webcam eye tracking system

that runs exclusively on the web. Any developer or researcher can integrate WebGazer in a web

page and collect eye tracking data instantaneously. Chapter 3 provides a detailed explanation of the

WebGazer system. Two experiments showed that WebGazer achieved an average accuracy of 169

pixels (approximately 3 cm on the test display). WebGazer can be used as a free alternative for eye
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tracking for applications with some tolerance for error.

Webcam Eye Tracking for Remote Studies of Web Search Chapter 4 explores whether

WebGazer can lead to remote and scalable behavior studies that have been previously con�ned to

labs. We choose to focus on web search, as it is an ideal candidate for eye tracking studies that

need to translate to millions of users, but are not viable with the current available eye tracking

systems. Eye tracking plays a central role in information retrieval, as search engines can identify

which results web visitors examine throughout a search session. Traditionally, web analytics are used

to run scalable remote experiments. Since they only include logs of clicks and cursor movements,

eye tracking is used instead to infer the cognitive processes that took place before clicking on a

speci�c result. As with all eye tracking studies, search engines are restricted in lab user studies with

a small number of participants. To compensate for the lack of scalability, they focus on the creation

of di�erent prediction models that simulate gaze activity through cursor movement. This is far from

a perfect solution, as the cursor remains inactive for long periods and usually is moved only after

the user has picked the result they will click. We present SearchGazer, an extension of WebGazer's

best regression model, that in addition to real-time gaze prediction can identify which search result

is examined at any given moment. To achieve this, SearchGazer uses the underlying structure of a

search engine result page. We crowdsource three online user studies and replicate three seminal eye

tracking papers from information retrieval. We show that webcam eye trackers can largely lead to

similar conclusions to traditional eye tracking studies on search behavior at a fraction of the cost

and time.

Benchmark Dataset for Webcam Eye Tracking We create the �rst benchmark for webcam

eye tracking, so that any researcher or developer working in this area can evaluate the performance of

their eye trackers. Chapter 5 describes the experimental design behind the controlled lab user study

we conducted. Its �nal product is a curated dataset which is derived from the participation of more

than 60 individuals who performed the same sequence of tasks under di�erent conditions. During

the whole experiment, we record their screens and any user interaction, while capturing their point

of gaze with a high-end commercial eye tracker. Participants can choose from two di�erent computer

settings, a desktop PC and a laptop, and are assigned to di�erent lighting conditions. Contrary to

studies that examine user behavior under conditions that are not naturalistic (e.g., using a bite-bar
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so that participants do not move), we allow our participants to interact with the test computers in a

comfortable and naturalistic manner. This leads to a dataset with more realistic user behavior and

diverse conditions that can be used as a point of reference in advancing future research on webcam

eye tracking and user behavior.

Extending Webcam Eye Tracking with Typing Input We use the aforementioned dataset

to explore in depth the relationship between gaze and di�erent user interactions. We analyze the

temporal and spatial alignment of gaze during the occurrence of clicks, cursor movements, and key

presses. The relationship of gaze and typing activity is relatively unexplored, although it constitutes

a typical everyday computer activity. In Chapter 6, we shed light on this area, while focusing on

the di�erences across users who can touch type and those who cannot. Our �ndings inform our

development of WebGazer's regression models, to include typing as a new user interaction.



Chapter 2

Related Work

Eye tracking is a method that has provided unprecedented insights into visual attention and human

behavior. Over the past decades, it has been widely established and broadly used in psychology,

neuroscience, human-computer interaction, usability testing, and marketing, while its success contin-

uously attracts more disciplines that investigate new applications. This chapter provides an overview

of the eye tracking literature, presenting a historical overview of di�erent eye tracking technologies

and pairing it with advancements in the understanding of how humans interact with computers. Its

aim is to establish the foundation for the webcam eye tracking systems that this dissertation intro-

duces and to highlight their potential to enable an even deeper understanding of humans, especially

in the context of supporting them in their interaction with technology.

2.1 De�nitions

Eye tracking is a broad term that describes a number of processes related to the monitoring and

measuring of the eye activity. These can be related to tracking the spatial location of the eye relative

to the head, the eye movement and eye closure level, the size and activity of the pupils, and the

direction of gaze [37]. In this dissertation, we de�ne eye tracking as the process of capturing the

point of gaze or regard on a screen of a device.

As a methodology, eye tracking enables researchers to understand how the human visual attention

system works and in consequence gain more insights into how humans function [94]. Eye tracking

systems combine our knowledge of the eye physiology with specialized sensors and emitters to infer

7
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where a subject is looking at. The following sections provide a short introduction to the eye model

and the common types of eye movement and their connection with modern eye tracking systems.

2.1.1 Eye Model

The eyeballs act as cameras that allow us to perceive large parts of our surroundings. Thecornea, a

transparent membrane covered by tear �uid, is the �rst layer of the eye [20]. The cornea meets the

sclera or the �white of the eye� at the corneal limbus. The iris is located behind the cornea and is

bound by the limbus [37]. The iris is the part of the eye which de�nes the eye color in humans. At

its center, there is the pupil, a black circular hole that allows the light to enter the eye. The pupil

functions as an aperture, changing size to control with thecrystalline lens the amount of light that

will reach the retina. The retina consists of rods, which are sparse and sensitive to dim light, and

cones, which detect colors and �ne details. The fovea is located at the center of the retina and has a

high concentration of cone cells [109]. Its �eld of view is very narrow, ranging between 1�2 degrees,

thus making targets very sharp. The parafoveal region extends to 10 degrees and can discern rough

details, such as words. The peripheral vision allows the distinction of colors and motion at its

boundaries. The whole visual system spans up to 190 degrees [99]. Figure 2.1 provides a schematic

representation of the eye model and its di�erent components that were discussed above.

The visible parts of the eye generally include the pupil, the iris, the sclera, and a �gloss� that is

created on the iris by the cornea. The iris is usually occluded by the top and bottom eyelids and

only two triangular areas of the sclera can be seen at the right and left of the iris. Eye tracking

systems rely predominantly on the cornea and pupil of the eye to perform eye-gaze tracking.

Modern commercial eye trackers use infrared illuminators to create re�ections or �glints� on

the corneal surface. The position of the illuminators is combined with the optical axis of special

sensors to detect the pupils. There are two main pupil detection techniques: the bright and the

dark pupil detection mode [108]. In the bright pupil mode, the illuminators and the sensors are

placed closely, so that the light that enters through the cornea, pupil, and lens, reaches the retina

and is directly re�ected out, the same way it entered. The pupil in this mode appears as a white

disk at the center of the iris. On the other hand, the dark pupil mode places the illuminators away

from the optical axis, so that the light cannot bounce back. In this mode, the pupil appears as a

dark disc. Some specialized eye trackers alternate between a bright and dark pupil detection mode

as they can be more appropriate for di�erent ethnicities. Speci�cally, the bright pupil mode works
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Figure 2.1: Schematic representation of the human eyeball. The cornea can be seen in front of the
iris and pupil. The pupil is located behind the lens. Image reproduced from [86].

well for individuals with Hispanic and Caucasian backgrounds, whilst the dark pupil mode is more

appropriate for subjects with Asian and African backgrounds [14]. The location of the detected

pupil is coupled with the glint, allowing the eye tracking system to detect the direction of the gaze.

As a consequence, eye trackers can function successfully only when both the pupil and the corneal

re�ections are visible. Figure 2.2 demonstrates how the bright and dark pupil methods make the

eye appear under near-infrared light.

2.1.2 Eye Movements

Humans are visual mammals and their eyes are particularly active, performing movements that

can be classi�ed into a number of categories with unique characteristics. The most important

movement, the �xation , is the absence of any movement. Fixations occur when a human focuses

their attention on a speci�c spot of interest and their retinas stabilize momentarily. Although there

are di�erent approaches for identifying �xations [90], in general they are deemed to last between

50�600ms. Fixations are perceived as indications of the direction of the attention and the processing

of the incoming information [85]. Saccadesare rapid movements between eye �xations. They are
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Figure 2.2: (a): Bright pupil method. The infrared illuminators are placed on the same axis with
the camera so that the light is fully re�ected. (b): Dark pupil method. The illuminators and sensors
are placed far from each other, trapping the light within the pupil which appears dark. The glint
can be seen as a white re�ection on the cornea. As the eye moves, the eye tracker combines the
location of the pupil and that of the glint to determine the direction of the gaze. Images reproduced
from [32].

tremendously short, spanning less than 100ms, during which the subject is practically blind as any

information acquisition is suppressed [26]. Because of their short duration, humans cannot perceive

their presence, thus experiencing a smooth representation of their environment [85].

Apart from �xations and saccades, there are di�erent types of eye movements that are not

signi�cant when the subjects are users of computers, due to their considerably static environment.

These include smooth pursuits (the eyes track a moving target), vergence movements (the eyes

move inwards or outwards to refocus), and vestibo-ocular movements (the eyes stabilize against

any head and body movement) [33]. The de�nitions of eye movements are products of di�erent

algorithms. Constructing and applying eye movement �lters to the raw gaze predictions extracted

from our presented eye tracking systems is out of the scope of this dissertation. Nevertheless,

identifying �xations and saccades is rather important when making interpretations about visual

attention processes.

2.2 Eye Tracking Systems

Eye tracking systems can be classi�ed into two main categories: diagnostic and interactive [26]. The

focus of diagnostic eye tracking solutions is to record and provide quantitative measurements of

the human visual attention mechanisms, for instance to classify eye movements during reading [85].

Interactive eye tracking systems use the eye movements either as pointing and selecting input [53]

or for gaze-contingent applications that alter the image generation of variable-resolution displays

around the point of gaze to minimize computational resources [83]. In this dissertation, all the
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presented eye tracking systems are diagnostic. However, their real-time eye-gaze predictions can be

used to alter the experience and interaction of the user with the device.

In the next sections, we provide a historical overview of the two main categories of eye tracking

systems. The �rst includes invasive oractive eye tracking systems and it is chronologically followed

by non-invasive or passive eye tracking systems. It is important to understand the evolution of

eye tracking to appreciate the leaps of technological advancements and the new possibilities that

webcam eye tracking systems can bring. All the eye tracking systems that we developed and present

in this dissertation fall into the passive eye tracking category.

2.2.1 Active Eye Tracking

The history of eye tracking spans more than a century of inventions and advances in our under-

standing of human behavior [87]. Eye tracking started with simple observations made by the naked

eye of scientists and moved to active eye tracking systems. In 1879, Louis Emile Javal, a French

ophthalmologist, observed that the eyes do not move smoothly while reading [55]. His observations

eventually led to the classi�cation of eye movements into �xations and saccades, as de�ned in Sec-

tion 2.1.1. Delabarre [21] and Huey [50] created almost simultaneously the �rst mechanical devices

which allowed monitoring eye movements, but at the cost of straining the eyes and prohibiting any

motion. Although over the next years a number of photography-based systems surfaced, invasive

techniques continued to being introduced. These techniques often led to dangerous chemical ele-

ments (e.g., mercury [5] and sodium bicarbonate [28]) being placed on the subject's eyes. Two of the

most popular active eye tracking techniques include magnetic search coils and electro-oculography.

The use of magnetic search coils in tight-�tting contact lenses which are attached on the subject's

eyes led to extremely precise measurements of eye movements, as long as the subject remained within

an external three-axial magnetic �eld [88]. Even though this approach allowed free head movement,

magnetic search coils are highly invasive and can cause eye irritation. In electro-oculography, two

pairs of electrodes are attached to the regions adjacent to the eyes and pass an electric signal that

leads to the translation of the dipole moment to gaze direction [60]. The Dual Purkinje Image

tracker is a less invasive optical tracking method that combines re�ections on the front surface of

the cornea (the �rst Purkinje image) and the rear of the lens (the fourth Purkinje image) [16]. This

method can achieve accurate measurements but it is sensitive to movement. Therefore, stabilization

of the subject is required, usually through the use of �bite-bars� or �chin-bars�. Today, none of
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these techniques are popular for general purpose eye tracking. Instead, passive and non-invasive eye

tracking systems which are based on digital video have largely replaced them.

2.2.2 Passive Eye Tracking

Passive eye tracking surfaced in 1901, when Dodge and Cline built a non-invasive eye tracking device

based on photography [24]. Their system tracked only horizontal eye movements and required

participants to remain still. Judd, McAllister, and Steel introduced the use of motion picture

photography which enabled eye tracking on both dimensions [59]. This method prevailed over

the next decades [74]. In the 1950s, Fitts and his colleagues conducted the �rst usability study by

tracking the eye movements of pilots during landing [30]. However, the true revolution in eye tracking

research happened in the 1970s: image processing based on digital video combined with corneal

re�ections pushed for better precision and less invasive technologies [16]. Fields like psychology

and physiology were particularly invigorated by these advances and led to extensive research on

the cognitive, perceptual, and physiological aspects that connect visual attention and behavior [61,

62]. Every decade since has seen new innovations both in the underlying technologies and the

applications that are enabled by eye tracking, establishing it as a standard methodology in a broad

set of �elds [52]. Today, most eye tracking devices are either head-mounted or remote and display-

mounted. They include multiple cameras and infrared light sensors which create re�ections on the

cornea of the eye. Using a combination of dedicated hardware and software, they can compute the

gaze direction based on the relative positions of the pupil and the corneal re�ections. A calibration

step is needed to compute the point of gaze, during which subjects are consecutively asked to �xate

on a number of points that are shown in �xed or random locations on the display. In this dissertation,

we compare our proposed eye tracking systems to remote video-based eye trackers, like the Tobii

Pro X3-120 (Figure 2.3).

Modern eye tracking devices are dramatically improved and have led to more powerful insights

into the human visual attention. However, their cost can reach thousands of dollars and they consist

of specialized equipment that is not widely available. In addition, their setup and operation are com-

plicated and require extensive calibration. Any experiment needs to be performed under the constant

presence of a specialist. Despite their potential applications and further insights, these shortcomings

have restricted their use to well-funded laboratories only. Furthermore, researchers can only conduct

highly-controlled user studies, using arti�cial tasks and a small number of participants [25].
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Figure 2.3: Setup of the Tobii Pro X3-120 system on the monitor of a PC. The infrared illuminators
can be seen on the eye tracking bar attached to the bottom of the monitor. The screen shows a step
of the calibration process, with the stimulus, which is depicted as a red circle, moving throughout
the screen.

Recently, a number of companies introduced low-cost remote eye trackers to reach developers and

every day users, but in practice they have either been abandoned or have been created for gaming

purposes only. EyeTribe [110] was the �rst company to release a $100 eye tracker, but has since

been acquired by Oculus and has abandoned the production and distribution of any products. Tobii

Technologies, one of the leading companies in the eye tracking world, released Tobii EyeX and Tobii

Eye Tracker 4C at a similar price range [106]. Neither eye tracker comes with accuracy speci�cations

as they target real-time gaming applications. Acer [1] and MSI [77] have incorporated the Tobii eye

tracking systems in high-performance laptops which are marketed for gaming. Currently, even with

those advancements, there are no a�ordable and reliable o�-the-shelf eye trackers for generic eye-gaze

tracking that allows logging of eye gaze activity.

2.2.3 Webcam Eye Tracking

The cost, operation, and scalability issues of modern eye tracking systems soon led to the identi-

�cation of webcams as convenient substitutes to external digital cameras [29]. Unsurprisingly, the

resolution of webcams and their lack of light sensors makes them less accurate than specialized

infrared eye trackers [38]. Nevertheless, webcam eye trackers show promise and are continuously

improved as technology and computer vision techniques advance [91, 92].
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As the need for explicit calibration can hinder the user experience, researchers have investigated

ways to self or implicitly calibrate webcam eye trackers. For example, image saliency has been

used to estimate user gaze for calibration purposes [104], although it remains a very rough estimate

of where a user is looking at any time. Alnajar et al. [2, 3] introduced webcam eye trackers that

self-calibrate with prerecorded gaze patterns instead of predicted saliency. This is more accurate

than saliency-based calibration, but still requires users to view stimuli for which �ground truth� gaze

patterns have been recorded. Pfeu�er et al. used moving targets and the detected smooth pursuits

in an attempt to alter the typical calibration processes [84]. Finally, PACE is a desktop application

that performs auto-calibrated eye tracking by mapping gaze activity to user interactions [49].

Another line of research focused on remote eye tracking experiments. Lebreton et al. [66, 67]

presented a crowdsourcing application that incorporated webcam eye tracking on an Amazon Me-

chanical Turk task. Crowd-workers calibrated the eye tracker by clicking on stimuli that appeared in

di�erent locations of their screens. The actual eye detection and eye tracking happened on a remote

server, where the video feed of their faces and the markers of their clicks were sent. Similarly, Xu

et al. introduced TurkerGaze [115], a webcam based eye tracker deployed on Amazon Mechanical

Turk that predicts saliency on images. To estimate the gaze location without using any eye tracking

solution, Lagun and Agichtein [64] explored an alternative solution to gaze prediction. They used

the cursor as a restricted focus viewer on a search engine result page, blurring the whole page except

the one result that the cursor was placed on. Kim et al [63] generalized this idea to images, pages,

and designs, by blurring everything but a �bubble� area that is revealed to the user when they click,

therefore approximating more accurately the true gaze location. Both methods do not share our

philosophy, which requires eye tracking to work seamlessly and without disrupting the user experi-

ence. In practice, PACE and TurkerGaze are the most recent and similar projects to the webcam

eye tracking systems we describe in this dissertation. PACE self-calibrates but requires hundreds

of user interactions to reach its desired accuracy. On the other hand, TurkerGaze requires explicit

calibration which is performed during a game phase where users lock their gaze on a speci�c target.

In addition, it does not utilize user interactions and includes an o�ine training component. Our eye

tracking approach is distinguished from these works by being the �rst browser-based eye tracker to

self-calibrate in real time via gaze-interaction relationships which are readily available.
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Several software artifacts for eye detection1 have been made available online, though often with-

out much formal evaluation. OpenGazer [116] is an open-source desktop application that performs

eye tracking using algorithms from OpenCV, an open-source computer vision library; it has been

abandoned since 2010. EyeFace SDK [72] is a library that provides di�erent APIs for face and de-

tection. One of the most e�cient face recognition libraries is OpenFace [4]. It implements in Python

and Torch the deep neural networks approach presented by Schro� et al. [95]. Camgaze.js [112] is a

JavaScript library that predicts in real time the pupil location and gaze direction, but does not map it

to the screen. Clmtrackr [75] is a JavaScript library that performs facial feature tracking through con-

strained local models �tted by regularized landmark mean-shift [93]. Similarly, js-objectdetect [111]

and tracking.js [73] are JavaScript libraries that use OpenCV to track the head and eyes. Since

there are no datasets with features for pupil recognition, tracking.js and js-objectdetect do not de-

tect pupils. On the other hand, clmtrackr locates the pupil at the center of the detected eye and

thus fails to capture its true location when the user looks anywhere but straight. In Chapter 3,

we use clmtrackr, js-objectdetect, and tracking.js for face and eye detection and include our own

algorithms to perform pupil detection and eye-gaze tracking.

There have also been commercial forays into online webcam eye tracking. Tobii Technologies has

spun o� a company called Sticky that focuses on helping websites optimize advertisements based

on visual behaviors. Their approach is similar to ours, but we aim to employ user interactions to

improve eye tracking in diverse applications. One of the earlier services to o�er webcam eye tracking

was GazeHawk, which was acquired by Facebook in 2012 and is now shut down. Like our work,

their system tracked the user in their natural environment from the browser, without the need to

install software. However, their approach is signi�cantly di�erent as they transmitted the webcam

video to their own servers for o�ine processing. They did so because at that time, laptops were

not capable of processing the video data in real time [communication with GazeHawk founders].

Additionally, they required a phase of user calibration and did not include user interactions. Finally,

a startup called Xlabs focuses on head tracking to determine the gaze position, and has built a

Chrome browser compatible software extension that can be installed by its users [114].

1We note that the terms eye detection and eye tracking are often used interchangeably. In this dissertation, we
distinguish between eye detection in a video feed, and eye tracking which predicts the point of gaze on a display.
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2.3 Gaze and User Interactions

Lab studies involving eye tracking during web browsing have been commonly used to track visual

attention, and the user interaction models used in the eye tracking systems of this dissertation

partially build on top of these �ndings. Past research has repeatedly found a correlation between gaze

and cursor positions, with the mouse having been characterized as the �poor man's eye tracker� [15].

Chen et al [12] investigated the relationship between gaze and mouse in web navigation and showed

that the dwell time and movement of the cursor is strongly linked to how likely it is that a user

will look at that region. In web search, Rodden et al. showed that there are three distinct mouse

use patterns: i) The mouse follows the eye horizontally, ii) vertically, or ii) it is used to mark a

particular piece of information [89]. Their study showed that the distance between cursor and gaze

positions was larger along the x-axis, something that we also report in Chapter 5. They also found

that this distance was generally shorter when the cursor was placed over the search results. Guo

and Agichtein [35] reported similar �ndings noticing that distances along the x-axis tended to be

larger. They could predict with 77% accuracy when gaze and cursor were strongly aligned using

cursor features. Smith [98] et al. and Liebling and Dumais [68] examined the temporal relationship

between hand and gaze relationship and showed that the eyes lead the cursor most of the time.

Scrolling has not attracted similar attention, as it is often grouped with cursor movements. In

web search, scrolling has been taken into account when examining the correlation of attention with

the rank of search results. Once the �rst scroll occurs, the rank becomes less of an in�uence on

attention [34, 56]. Finally, when it comes to typing, most research has focused on copy-typing,

where the user types by �copying� text, rather than creating original work. For example, Inho� and

Gordon studies the eye-hand coordination of copy-typists [51]. Experienced copy-typists look 5-7

characters ahead from the location of their cursor, but this behavior cannot translate to creative

typing. Beyond copy-typing, Johansson et al. studied typing as a creative writing activity and

divided subjects into �monitor gazers� and �keyboard gazers� [58], who can be closely linked to

touch and non-touch typists, as we refer to them in Chapter 5. Focusing on the productivity of

the di�erent types of gazers, they found that monitor gazers are faster and more productive typists.

Wengelin et al. discovered that some writers �xate on text produced prior to the location of the

cursor, perhaps to process or edit what they have already written [113]. In this dissertation, we build

upon and extend our understanding of the correlation between gaze and user interactions, focusing
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on clicks, cursor movements, and typing activity. The natural occurrence of user interactions enables

self-calibration without impeding the user experience.

2.4 Eye Tracking for Web Search

Eye tracking has been applied in an extremely diverse number of disciplines, with entire books

dedicated on general introductions or speci�c topics related to eye tracking, such as the works of

Hammoud [36] and Bergstrom [6]. Our eye tracking systems are suitable for a number of activities

when interacting with the web. In Chapter 4 we present SearchGazer, an eye tracker that specializes

on web search. We chose to focus on web search as computer users spend on average 1.8 hours

every day searching for information, making the need for understanding and supporting their search

imperative [13].

To that end, the �eld of informational retrieval has been particularly receptive to eye tracking

research. One of the �rst �ndings of eye tracking research was that most searchers view search engine

result pages with a simple linear layout in a similar way. Their gaze exhibits a pattern that has been

described as a �Golden Triangle� or �F shape� [46, 79, 97], as most attention is concentrated on

the top results and lessens on the lower parts of the page. Extending the work on the relationship

between gaze and cursor movement in web search, Huang et al. [48] note that the notion of gaze and

cursor correlation is overly naive; instead their relationship greatly depends on what the user is doing

at that time. They show that the two are highly correlated when users aim at or hit a target, but the

correlation is poor when the cursor is idle. Huang et al. [47] have investigated the meaning behind

cursor interactions, and how they can improve our understanding of searcher behavior along with

the relevance of search results for future users. Navalpakkam et al. [78] investigate the gaze-cursor

relationship on non-linear page layouts which, in search, may represent cases when information or

advertisements are shown in a second column. Furthermore, they perform gaze prediction using

a non-linear model and identify particular regions of interest. SearchGazer can be applied on any

search engine result page with a known underlying structure and will provide gaze predictions after

only a small number of user interactions has occurred.

Numerous studies of web search use eye tracking or some proxy (like cursor activity) as a tool

for understanding searchers and design better search systems. Buscher et al. [7] used eye tracking

features to infer user interest and show that this can yield great improvements when personalizing
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search. Buscher et al. [10] and Dumais et al. [27] notice that users have di�erent gaze behavior

patterns, but can be clustered into di�erent personalities: exhaustive examiners, economic examiners

focused on the organic results or also on the ads. Liu et al. [69] tap into the di�erent phases of gaze

behavior in web search by developing a two-stage model that examines the �skimming� and �reading�

phases. Lagun et al. [65] devised an approach that jointly combines user interactions and salience

of the web page's content to infer visual attention in web search. Liu et al. [70] extended this work

by using visual saliency maps derived from image content to predict users examination behavior on

an experimental browser. Finally, Diaz et al. [23] created log-based mouse movement models that

estimate searcher attention on new SERP arrangements. SearchGazer does not distinguish across

searchers. The individual behavior of each searcher while interacting with the search engine result

page in�uences its real-time gaze predictions.

2.5 Conclusion

Eye tracking systems provide powerful insights into human behavior while enabling a great number

of applications that span from scienti�c contributions to business solutions. This dissertation brings

eye tracking out of the lab, by creating eye tracking systems which are accessible by everyday users

and can enable remote and scalable studies.



Chapter 3

Webcam Eye Tracking on the

Browser

This chapter presents WebGazer, a browser-based webcam eye tracker that is informed by our

understanding of human behavior. WebGazer will serve as the basis of all the systems that will be

presented in this dissertation1.

Fitts et al. introduced one of the �rst eye trackers [30] with an idea: �If we know where a pilot

is looking, we do not necessarily know what he is thinking, but we know something of what he is

thinking about.� Today, understanding human attention is sought by the many applications of eye

tracking, including psychology experiments, human-computer interaction studies, medical research,

usability testing, and marketing studies. Typical eye trackers use an infrared video camera placed

at a �xed distance from the subject, require explicit calibration and setup, and cost thousands of

dollars. Therefore, the use of eye tracking technology has primarily been con�ned to specialized labs,

which puts users in an arti�cial environment with arti�cial tasks. In essence, current eye trackers

surrender naturalistic studies to more scalable technologies such as web analytics.

The idea of using consumer webcams to perform eye tracking at virtually no cost has been studied

before. Unsurprisingly, the lack of sensors (e.g., infrared illuminators) and dedicated software in

webcams leads to lower accuracy than specialized eye tracking equipment. In addition, there has

not been any attempt for browser-based software, therefore negating the utility of webcam eye

1This chapter has been previously published in [81]. Its content has been revised and expanded.
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tracking in scalable professional studies. However, several technological advancements have recently

arrived that justify webcams as practical technologies: i) over 72% of web browsers support the

HTML5 functions for accessing the webcam [22], with this number increasing monthly, ii) typical

laptop webcams support higher resolutions of capture, and iii) modern computers and browsers are

fast and e�cient enough to run real time eye detectors on video. These advances make real-time

online eye tracking possible and therefore enable applications that scale to large numbers of users.

Nevertheless, these advancements do not solve the problem of poor accuracy due to diverse local

environments and human features.

WebGazer is a new approach to eye tracking for common webcams. Its main novelty is that it

employs user interactions to continuously self-calibrate during regular web browsing and that it is

browser-based. Huang et al. [48] have shown that when a user clicks on a page, they will �rst look at

the target where they intend to click. Research on attention control and its allocation mechanisms

has also led to similar �ndings [31]. The images extracted by the webcam video during these user

interactions can be collected and used as cues for what the user's eyes and pupils look like when

interacting with a particular location. Future observations of the eye can be matched to similar

past instances as WebGazer collects mappings of eye features to gaze locations on the page, allowing

inference of the point of gaze even when not interacting.

At its current form, WebGazer extends three open-source eye detection libraries for locating the

bounding box of the user's eyes. However, the library is built in a modular way to enable the use of

any external eye detection library. There are two gaze estimation methods in WebGazer that match

di�erent feature vectors to screen locations during user interactions. The �rst detects the pupil and

uses its location to linearly estimate a gaze coordinate on the screen. The second treats the eye as

a multidimensional feature vector and uses regularized linear regression to predict the gaze.

WebGazer goes beyond simply using clicks as user interaction data; it also applies the cursor

movements and the gaze-cursor coordination delay as modi�ers to the basic gaze estimation model.

This is where understanding user behavioral habits is helpful in constructing the model. We evalu-

ated WebGazer through a remote online study with 76 participants recruited from university mailing

lists, and 4 participants for an in-lab study to compare with a low-cost commercial eye tracking de-

vice. In the online study, we found that two of our regression models outperform existing approaches

with an error of 175 and 210 pixels respectively. Compared to the commercial eye tracking device

we discover mean errors with an average visual angle of4:17� . This demonstrates the potential of
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WebGazer for eye tracking in diverse environments.

The two main contributions of this work are: 1) the research, development, and evaluation of

a real-time online webcam eye tracker, WebGazer and 2) investigations of di�erent gaze estima-

tion models enhanced by multiple forms of user interactions and usability goals. The source code

of WebGazer is publicly available at https://webgazer.cs.brown.edu , for web developers and

researchers to use freely.

By making continuously self-calibrated eye tracking accessible from a typical web browser, eye

tracking becomes a reality for many potential applications such as online gaming, large-scale nat-

uralistic user studies, or even navigation of the web using only the eyes. For example, the user's

gaze can be used as an input technique for individuals with hand motor impairments. More broadly,

eye tracking can be performed remotely by any website, and by many people simultaneously, unlike

traditional eye tracking technology.

3.1 WebGazer

WebGazer is a self-calibrated client-side eye tracking library written entirely in JavaScript. It trains

various regression models that match pupil positions and eye features with gaze locations during

user interactions. WebGazer can predict where users look within any device display as long as it

has a browser that supports access to the webcam. A few lines of JavaScript code are enough to

integrate WebGazer into any website. Once the end user consents to their webcam being used, it

can immediately perform eye tracking while the user interacts with the web page naturally. The

software is open-source and freely available for anyone to incorporate in their website or for any

research purposes.

WebGazer is relatively simple from a computer vision point of view�it has no explicit 3D

reasoning as found in more sophisticated trackers [38]. This simplicity allows it to run in real

time through browser JavaScript. Any facial feature tracking library can be plugged to WebGazer;

it only needs the location of the eyes within the video to perform its own pupil detection and eye

gaze estimation. Methods with 3D reasoning obviously provide more robust predictions. WebGazer

di�ers by constantly self-calibrating based on cursor-gaze relationships. Not only does this eliminate

the need for initial calibration sessions, in principle it also means that users are free to move closer

or farther from the webcam or turn their heads and WebGazer will learn new mappings between
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(a) (b)

Figure 3.1: Demonstration of the pupil detection technique. (a): Once the eye regions are detected,
(b): the pupils are identi�ed as dark circular areas with the use of a summed area table.

pupil position, eye features, and screen coordinates.

As WebGazer is agnostic to the face and eye detection algorithms it uses, we incorporated and

evaluated it using three di�erent facial feature detection libraries: clmtrackr [75], js-objectdetect [111],

and tracking.js [73]. All three implement di�erent computer vision algorithms, are written in

JavaScript, and upon user consent, give access to the video stream captured by the webcam. Js-

objectdetect and tracking.js detect the face and eyes and return rectangular bounding boxes within

the video stream that enclose them. Instead of using the whole video frame, we �rst perform face

detection for �ner-scale eye detection on the upper half of the detected face. This speeds up the

gaze prediction and suppresses false positives that would come from eye-like structures elsewhere in

the scene. If the face detection fails (e.g., because the user leans close to screen), WebGazer falls

back to full-image eye detection. Clmtrackr performs a more realistic �tting of the facial and eye

contour. To provide consistent input for WebGazer, we use the smallest rectangle that �ts the eye

contour as input for the regression models described below.

3.1.1 Pupil Detection

Having detected the eye regions, we next identify the precise location of the pupil. For the sake

of simplicity, we make three assumptions: i) the iris is darker than its surrounding area, ii) it is

circular, and iii) the pupil is located at its center. Obviously, these are not always true, e.g., the

eyebrows can be false positives and the iris is rarely perfectly round, either because we capture the

eye at an oblique angle, or because the eye is partially covered by the eyelid. To identify the pupil

within the detected eye region, we search over all o�sets and scales for the region with the highest

contrast to its surrounding area. This exhaustive search is made e�cient by using a summed area

table or integral image to evaluate each region in constant time. An example of the pupil detection

method can be seen in Figure 3.1.
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(a)
(b)

(c) (d)

Figure 3.2: Example of the process of creating the 120D eye feature vector. (a): Clmtrackr is used
to detect the facial features of the user. (b): The eyes are isolated and the smallest rectangles
that enclose them are resized to two patches of 6� 10 RGB pixels, depicted in the 6� 10 red grid.
(c): The eye patches are grayscaled and (d): histogram equalization is applied. The two grayscaled
eye patches are concatenated, resulting to a 120D eye feature vector that is passed to the various
regression methods described in this chapter.

3.1.2 Eye Features

The pupil location as a 2D feature can fail to capture the richness of appearance of the eye. Even

when the user moves their eyes from one corner of the screen to the exact opposite, this translates

only to a small change of the coordinates of the detected pupil. From preliminary results, we found

that this change is more obvious when the eye moves on the x, rather than the y-axis.

An alternative to the search for the maximum contrast pupil region is to try to learn a mapping

from pixels to a gaze location. For this, we extend TurkerGaze [115] and represent each eye as a

6� 10 image patch built by resizing the detected eye regions. We follow up with grayscaling and

histogram equalization, resulting in a 120D feature that is given as input to the linear regression

algorithms described below. Figure 3.2 shows an example of the steps that are performed to extract

the 120D eye feature vector. TurkerGaze uses only the clmtrackr library, but we apply these steps to

all three facial feature detection libraries. Unlike TurkerGaze, WebGazer's goal is not image saliency

prediction but real-time gaze prediction on any website.

The cursor logs and the corresponding gaze predictions are stored locally in the browser to avoid

privacy concerns of storing pupil and eye features in a remote location. No data are transmitted

from the user's computer to the website hosting the WebGazer code, other than the predictions

and their corresponding errors. In addition, WebGazer's code is executed only if the user explicitly

consents to giving access to their webcam. Eye tracking can be performed whenever requested by
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the website through WebGazer. When the user is not directly interacting with the page, the webcam

still captures the eyes and applies the regression model to predict the most likely point of gaze.

3.1.3 Mapping to Screen and Self-Calibration

To match the detected pupils and computed eye features to screen coordinates, we must �nd a

mapping between the 2D and 120D vectors respectively and the gaze coordinates on the device

screen. This relationship is complex � it depends on the 3D position and rotation of the head

with respect to the camera and screen. These 3D properties can be estimated, but generally require

careful calibration and expensive computation.

We avoid this by using a simpler mapping between pupil locations and eye features and display

coordinates. In addition, we rely on continual self-calibration through user interactions that normally

take place in web navigation. The simplicity of our method makes its predictions less robust than

more sophisticated approaches. In addition, as an appearance-based method, our approach can be

sensitive to head pose and light changes. Nevertheless, we chose this simpler approach taking into

account the challenges and opportunities that browser-based eye tracking would present. The model

is lightweight and the calibration data can be collected continuously during normal user interactions

with a website without disrupting the user experience.

To accomplish self-calibration, we assume that when a user interaction takes place, the location

of the gaze on the screen matches the coordinates of that interaction. Huang et al. have conducted

a study which showed that the gaze-cursor distance averages 74 pixels (less than 1 inch in their

study setting) the moment a user clicks [48]. Since that distance can be task-dependent, we simplify

our analysis by assuming that the gaze and cursor align perfectly during clicks. This assumption is

general enough to allow any website to use eye tracking through WebGazer for diverse environments

and tasks. In this study, we focus only on clicks and cursor movements, but WebGazer can be

extended to include other types of user interactions (e.g., key presses while typing as discussed

in Chapter 5 or interactions that are speci�c to devices with touchscreens). Unlike most existing

webcam eye tracking solutions, WebGazer does not ask for explicit calibration by requesting users

to stare at speci�c parts of the display. Instead, we train WebGazer through user interactions that

would normally take place when visiting any website. WebGazer's predictions are not a�ected by

scrolling and are always projected within the window viewport.
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Mapping Pupil Coordinates

With the assumption that the user �xates on the cursor with every mouse click, we obtain a series

of training examples and observations. Without loss of generality for the y-axis case, we examine

the x-axis estimation case. We obtainN pupil location training examples x = ( x1; :::; xN ) and their

corresponding click observations on the displayt = ( D x 1 ; :::; D x N ) through the pupil detection com-

ponent of WebGazer. These are considered as true gaze locations. Using a simple linear regression

model, we obtain a function f (v) ! D x which, given a pupil feature vector v, predicts the location

of the gaze on the screen along the x-axis. The function isf (v) = � (x)T w where w is a vector of

weights and� (x) is a basis function applied to the training data. These weights satisfy the equation:

minimize
w

X

x i 2 x

jjD x i � f (x i )jj2
2: (3.1)

In matrix notation, the weight vector is computed as:

w = ( X T X ) � 1X T Y (3.2)

where X is the design matrix of eye features andY is the response vector of display coordinates.

Mapping Eye Features

The main advantage of the simple linear regression model is its simplicity and ability to produce

real-time predictions. Unfortunately, mapping pupil to screen locations can be particularly brittle

even with small head movements. A more principled approach is to learn a mapping from eye pixels

to gaze locations. We implement a ridge regression (RR) model [42] that maps the 120D eye feature

vector to the display coordinates (D x ; D y ) for each click. With just a few clicks this regularized

linear regression can start producing predictions. In addition, it remains simple as it is linear, it

avoids over�tting due to the regularization, and is fast to evaluate at run time.

Again without loss of generality, we consider the ridge regression model function for the x-

coordinate prediction: f (v) ! D x . This function is also f (v) = � (x)T w and again depends on a

vector of weights w which is estimated using the expression:

minimize
w

X

x i 2 x

jjD x i � f (x i )jj2
2 + � jjw jj2

2: (3.3)
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Here, the last term � acts as a regularization parameter to penalize over�tting. In our study, we set

� to 0:00001, the same value that the authors of TurkerGaze used in their model and that we found

to lead to fairly accurate gaze predictions after experimentation. The calculation of the regression

weight vector w, in matrix notation, is:

w = ( X T X + �I ) � 1X T Y: (3.4)

Extra Samples within a Fixation Bu�er

Human vision is governed by di�erent types of eye movements which, when combined, allow us to

examine and perceive targets within our visual �eld. As de�ned in Chapter 2, two major types of

eye movements are saccades, which are rapid movements, and visual �xations, during which eyes

stabilize on a speci�c area within the visual �eld for an average of 200�500ms [85]. This stabilization

is never perfect and small tremor occurs even when �xating. Perceiving information is suppressed

during saccades and is activated during �xations. Therefore, �xations have been traditionally used

to gain insights into human attention.

In this study, we use the above concepts to inform the ridge regression model. We extend the

assumption that gaze and cursor positions align when users click, adding that a �xation has preceded

the click. To identify �xations, we keep a temporal bu�er that stores all eye features within 500ms

before a click (the usual maximum duration of a �xation). When a click occurs, we examine in

increasing temporal order the predicted gaze coordinates against the ones corresponding to the

moment of the click. Consequently, we add all predictions that occurred within 500ms and at most

74 pixels away from the predicted gaze locations at the moment of the click to the regression. These

samples can potentially enrich the accuracy of the predictions made by the ridge regression model.

Sampling Cursor Movements

Di�erent studies have shown that there is a strong correlation between cursor and gaze locations

when users move their cursor intentionally, e.g., to click on a target [40]. When the cursor remains

idle though, the distance between them grows, making it a good signal only when it is active. In

addition, cursor movements are not always strongly correlated with the gaze, e.g., when the user sees

the cursor as a visual obstruction and pushes it to the side of the screen. Therefore, our mapping

should take into account that cursor movements are only partially correlated with the gaze location
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and that this alignment becomes weaker with time.

In our research, we explore the applicability of introducing cursor behavior in the ridge regression

model (RR+C). For that, we slightly alter the ridge regression model by introducing weights on the

samples. In order to introduce weighted samples, we modify the calculation ofw by introducing to

Equation 3.4 the diagonal matrix K that contains the weights for each sample along the diagonal.

This produces the updated expression:

w = ( X T KX + �I ) � 1X T KY: (3.5)

We keep the same assumption as before: gaze and cursor locations align when clicks occur. We

give a full unit weight to samples matching click events. Every time the user moves the cursor, we

assign to the corresponding cursor position a weight of0:5 and assume it corresponds to the predicted

gaze location. We decrease the weight of each cursor position by0:05 every 20ms. This allows a

cursor location to contribute to the regression model for at most 200ms, a duration comparable to

that of a �xation. Therefore, when the cursor is idle and no new cursor location has been introduced,

this model falls back to the original simple ridge regression which trains WebGazer only with clicks.

Combining Fixations and Cursor Movements

We also explore the outcome of combining the two last models, namely sampling within a �xation

bu�er and sampling cursor movements, with the simple ridge regression (RR+F+C). As the evalu-

ation of WebGazer is heavily based on the moments that clicks occur, we wanted a more rounded

model that would provide enhanced predictions even when the cursor remains idle. As such, we build

a regression model that matches gaze locations to click locations, includes extra samples within a

�xation bu�er, and uses cursor movements only when the cursor is moving.

3.2 Experiment Design

3.2.1 Remote Large-Scale Study

Procedure

We conducted a remote online user study to evaluate the prediction error and feasibility of performing

eye tracking with WebGazer. During a period of one week, participants accessed remotely the online
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user study that was hosted on a departmental server. The experiment started with a consent form

which included a description of the experiment and a compatibility test to detect if the participant

accesses the study through a browser that supports the getUserMedia/Stream API that gives access

to their webcam. Upon agreement, participants were assigned two types of tasks. WebGazer was

integrated in all task pages and each subject was given a unique identi�er. All model parameters

were reset between pages for a fair comparison. Contrary to typical eye tracking studies, we did not

ask users to stabilize their head by using bite-bars, placing it on chin-rests, books, etc.

The �rst type of tasks emulated reading and interacting with content, two typical behaviors in

web pages. Participants had to �ll in a quiz with 40 yes/no questions which determined �what

animals/sea creatures/dinosaurs they are� (Figure 3.3). The answers could be given by selecting

one of two radio buttons per question. Each row included 3 questions that spanned across the whole

width of the display and resulted in a grid of 14 rows (13� 3 + 1).

The second type of tasks included selecting a target as part of a standard Fitts' Law study using

the multidirectional tapping task suggested by the ISO9241-9 standard [100]. Participants had to

click on a circular target that could appear in 11 locations on a circular grid, as seen in Figure 3.4.

The active target would be shown in red color, while the 10 inactive locations were gray. The

amplitude (distance) between two consecutive locations of the active target was 512 pixels, while

the radius of the target was 12 pixels. For each target selection task subjects had to successfully

click on the red target 40 times. Note that Figure 3.4 is a composite image demonstrating the facial

feature detection and predictions made by di�erent regression models. The webcam video and the

predictions were never shown on the task pages to not interfere with and bias the user's attention.

For both types of tasks, face and eye detection was performed with one of the following facial

feature detection libraries: clmtrackr, js-objectdetect, and tracking.js. This resulted in six trials, as

both tasks were assessed using the three eye detection libraries. Each trial was introduced with a

veri�cation page showing instructions for the upcoming task along with the video captured by the

users' webcam. The participants were given time to adjust their position and ambient lighting and

ensure that their face, eyes, and pupils were correctly captured. The quiz tasks always preceded the

target selection tasks. The order of the facial feature detectors was uniformly and randomly selected

to avoid bias.

The prediction error was assessed in a similar way to standard eye tracking evaluations; small

targets at �xed locations were treated as ground truth for the gaze coordinates. Each time a
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Figure 3.3: Example of one of the three quizzes that participants had to �ll during the remote large-
scale and the in-person validation studies. Each quiz contained 40 yes/no questions and randomly
determined that the participant was most alike a particular �animal, sea creature or dinosaur�. A
di�erent facial feature detection library (clmtrackr, js-objectdetect, or tracking.js) was integrated in
each of the three web pages that contained a quiz.
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Figure 3.4: Composite image demonstrating the experimental setup for the target selection task.
Following the ISO9241-9 standard for Fitts' Law studies, participants aim to click at the red target.
For every successful click, the red target jumps to one of 11 di�erent locations. Inactive targets
are shown in gray. In total, 40 successful clicks are needed to complete this task. The face of
a participant as captured by the webcam is shown along with their facial features detected by
the clmtrackr library. Predictions from di�erent regression models are depicted with di�erent colors
(light blue for RR, green for RR+F, orange for RR+C, and dark gray for RR+F+C.) No predictions
or video were shown to the participants during the user study. Each participant performed this task
three times, one for each facial feature detection library (clmtrackr, js-objectdetect, and tracking.js).
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participant clicked anywhere within a task page, the various regression models were informed with an

extra data point matching the current pupil location or the eye feature vector to display coordinates.

At the same time, the most recent gaze estimation of where the participant was looking was compared

to the click location, revealing an error distance in pixels.

Every time a click occurred, its coordinates were transmitted to our servers, along with the

corresponding predictions made from all regression models for that given timestamp. To assess the

applicability of the ridge regression when combined with extra sampling within a �xation bu�er

(RR+F), we also transmitted the number of extra samples of eye feature vectors that were used per

click. At no point was any video transmitted, preserving the privacy of the users and ensuring that

only cursor coordinates were captured.

After all the trials were completed, participants completed a short demographic questionnaire

inquiring their age, gender, handedness, vision, any feedback, and optionally their emails so that

they could enter a ra�e. Participants were free to move and no chin-rest was used. This approach

di�ers from the traditional practices in research employing eye tracking, as it allows subjects to use

eye tracking at the convenience of their own space and while having a natural behavior.

Participants

We recruited 82 participants (40 female, 42 male) through campus-wide mailing lists. The demo-

graphic makeup of the subjects is mainly college students and young professionals. Their ages ranged

from 18 to 42 years (M = 25:6, SD= 4:2). Thirty-nine had normal vision, 25 wore glasses, and 18 wore

contact lenses. Right-handedness was dominant with 74 of the participants being right-handed. All

participants used Google Chrome or Firefox as web browsers to access the user study. Participants

received a chance to win 1 of 10 $50 (USD) Amazon gift cards ra�ed at the end of the experiment.

The experiment lasted an average of9:9 minutes.

Out of the 82 participants that completed the study, 6 were excluded due to unsuccessful logging

of the predictions on our server. Occasionally, the three facial feature detection libraries failed

to detect the eyes of the participants, therefore there were a few cases for each combination of

libraries and tasks with no predictions: 2 for quiz/clmtrackr, 1 for target selection/clmtrackr, 4 for

quiz/js-objectdetect, 4 for target selection/js-objectdetect, 8 for quiz/tracking.js, and 7 for target

selection/tracking.js. We did not exclude those participants with missing data from our analysis.

Across all participants there were 20,251 clicks; in many cases it took more than 40 clicks per task,
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e.g., the target selection task might take more than one trial to successfully click on the red target.

Out of those clicks, 18,657 had a corresponding prediction through the simple linear regression and

19,545 for each model employing ridge regression.

3.2.2 In-Person Validation Study

WebGazer's ability to infer the gaze location is based on the assumption that the gaze and cursor

locations match during a click. To evaluate this claim and assess the prediction error of WebGazer

throughout the interaction of a user with a page, we conducted a smaller-scale study that would

give us better insights into the feasibility of webcam eye tracking and how it compares to low-cost

commercial eye trackers. We repeated the same procedures as with the remote large-scale user study,

but this time in a controlled lab and while using Tobii EyeX, a commercial low-cost eye tracker.

Tobii EyeX is an interaction eye tracker primarily used for development of interactive applications,

with a tracking frequency of 50 Hz. We recorded the predictions made by Tobii EyeX and WebGazer

throughout the duration of the user study and not only when clicks occurred. The experiment was

conducted on a desktop PC running Windows 7 and using the Google Chrome web browser in a

maximized window. The monitor was a Samsung SyncMaster 2443 monitor with a 24-inch diagonal

measurement, and a resolution of1920� 1200pixels, placed at a distance of 59 cm from the user.

A Logitech Full HD Webcam C920 USB webcam was mounted on the screen and was used by

WebGazer. A stack of books was used as chin-rest to stabilize for movements.

We recruited 5 college students (2 female, 3 male) that performed the same study as described

earlier. Their ages ranged from 19 to 30 years (M = 23, SD = 4:3). Four had normal vision, and

one wore contact lenses. Four were right-handed. As with the large scale study, there was no direct

compensation but participants also entered in the ra�e for the 10 $50 (USD) Amazon gift cards.

The study lasted on average7:2 minutes.

Out of the �ve participants, one was excluded due to unsuccessful logging of the predictions on

our server. The following data were collected from the remaining four users: 962 clicks with 802

predictions derived from the simple linear regression model and 866 from all models using ridge

regression.
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Figure 3.5: Large-Scale Study: Boxplots of the distribution of the average prediction errors measured
in pixels across all regression models and combinations of tasks and libraries. The mean is obtained
from averaging all the samples from the 76 participants of the large-scale remote user study.
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3.3 Results

We evaluate WebGazer in two separate settings, a remote online study completed by 76 participants

and a small in-person study completed by 4 participants using a commercial low-cost eye tracker

in addition to WebGazer. We determine the prediction error of WebGazer across all participants

by separating the predictions of di�erent regression models made for each combination of task and

facial feature detection library.

3.3.1 Evaluating Predictions From Online Study

To measure the performance of WebGazer, we compute the Euclidean distance between the location

of a click from the corresponding gaze location that the various regression models predict. This

distance is measured in pixels as we cannot control the positioning of the online users or know the

speci�cations of their computers. Note that the notion of a pixel can di�er dramatically across

screens, with higher-resolution displays, such as retinas, in�ating signi�cantly the prediction error

as the pixel density within an inch increases decidedly (e.g., approximately 300 pixels are included

within an inch).

As part of the study, we required that for a user to complete a task they would have to perform

at least 40 clicks. This number increases when accidental clicks happen or extra clicks are required,

e.g., when the user fails to successfully click within the circular target. We normalize the results

across all participants and map them to 50 clicks. For each click, we average the error of a prediction

across all participants within a given combination of task and library.

Simple Linear vs. Ridge Regression

We �rst compare the use of the location of the pupil versus a more general image feature model. To

achieve this, we compare the prediction error of the simple linear regression model that detects the

pupil and maps its location to display coordinates against the ridge regression model that maps the

120D eye feature vector to display coordinates. Across all clicks for all the facial feature detection

libraries and tasks, the mean distance between the location of a click and the prediction made by

the linear regression model is 257.5 pixels (SD = 48.0). Similarly, the mean distance between the

location of a click and the prediction made by the ridge regression model is 233.3 pixels (SD = 61.7).

The distributions of error of each combination of task type and eye detection library are shown in
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Figure 3.6: Average Euclidean distance in pixels between the click location and the predictions made
by the simple linear (solid pink) and the ridge regression model (dashed blue) for the 76 remote
participants. All combinations of tasks (quiz and target selection) and facial feature detection
libraries (clmtrackr, js-objectdetect, tracking.js) are shown.

the �rst two columns of boxplots of Figure 3.5, for both linear (Linear) and ridge regression (RR).

We average the error across all 50 normalized clicks for each participant. A Kolmogorov-Smirnov

test showed that the errors were not distributed normally for both linear and ridge regression. A

Mann-Whitney U test showed that the mean error was greater for the simple linear regression than

for the ridge regression (p < 0.005).

Figure 3.6 shows the average Euclidean distance in pixels across all 50 normalized clicks for all

combinations of tasks and libraries made by the simple linear and ridge regression. We observe

di�erent error trends across the two types. Filling the quiz seems to introduce more error with more

clicks, perhaps because users need to scroll to reach all questions and thus they move more. On the

other hand, when selecting targets, the error drops until it stabilizes�no scrolling happens in this

type of task.
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As ridge regression has generally a lower error, we base our subsequent analysis only on the ridge

regression model that matches eye feature vectors to display coordinates.

Comparison of All Ridge Regression Models

We compare the accuracy of all prediction models that use ridge regression: the simple ridge re-

gression (RR), the regression when adding extra samples within the �xation bu�er (RR+F), when

sampling cursor activity outside of clicks (RR+C), and when combining all the above (RR+F+C).

Figure 3.7 shows the average Euclidean distance in pixels across all clicks for all combinations of

tasks and libraries and for all regression models. Again, we observe the same upward trend for

the task of �lling a quiz across all prediction models. On the other hand, for the target selection

task we observe that for the clmtrackr and js-objectdetect detection libraries the error decreases

during the �rst half of the task and increases during the second half. Performing the study online

leaves room for the interpretation of the observed variability. The speed of the external libraries can

have a signi�cant e�ect on WebGazer's ability to match correctly frames and locations on screen.

Head movement, changes in the posture, and changes in the surrounding lighting can also a�ect the

detected pixels that correspond to eye patches.

Overall, sampling cursor activity (RR+C) has the smallest average error of 174.9 pixels, followed

second by the model that combines �xations and cursor activity (RR+F+C) with an average error

of 210.6 pixels.

Extra Samples Within Fixation Bu�er

Contrary to our expectations, the error of WebGazer using extra samples within a �xation bu�er

(RR+F) increased (M =251.5 pixels) as seen in Figure 3.7. Figure 3.8 contains the average number

of extra samples within a �xation bu�er that were added for each combination of task and library

across all clicks. It is worth noting that this number depends on the performance of the eye detection

library in conjunction with the increased cost of adding extra training points to the regression model.

This justi�es the decline in added samples across time and the di�erence between the three libraries.

There are a couple of factors that could have negatively in�uenced the accuracy of RR+F, e.g.,

blinks happening within the �xation bu�er or the temporal and spatial ranges being too lenient.
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Figure 3.7: Average prediction error in pixels made by the ridge regression model (blue), with extra
sampling within �xation bu�er (green), with sampling cursor activity (orange), and the combination
of all three (black) for the 76 remote participants. All combinations of tasks (quiz and target
selection) and facial feature detection libraries (clmtrackr, js-objectdetect, tracking.js) are shown.
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Figure 3.8: Average number of extra samples that were identi�ed within the �xation bu�er and were
added to the model (RR+F) across the 76 remote participants. All combinations of tasks and facial
feature detection libraries are shown. All combinations of tasks (quiz and target selection) and facial
feature detection libraries (clmtrackr, js-objectdetect, tracking.js) are shown.
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3.3.2 In-Person Study Results

The data from the small in-person user study were collected in two forms: log �les from the Tobii

EyeX eye tracker and Apache server logs for the WebGazer predictions. Both sets of data were

converted into time series of predictions. Since the two data sources did not collect data at exactly

the same timestamp, results were grouped into 10 millisecond bins and then averaged. The error

was computed next, de�ned as the average Euclidean distance between each regression model and

the corresponding Tobii EyeX prediction for the equivalent bin.

The graphs present smoothed curves for the error in each bin. The tracking.js library was

run during the in-person user study, but it did not generate su�cient data to be analyzed due to

performance issues. For the quiz task, the tracking.js library caused a slowdown by a factor of 10,

generating only 73 bins. This is less than 1 second worth of data compared to clmtrackr which

generated 1207 bins that span the entire 2 minute average duration of the task.

Figure 3.9 shows the distribution of the mean prediction errors measured in pixels for all four

in-lab participants. We note that the errors reported here are comparable with the ones in Figure 3.5

from the large-scale remote study. That further supports our assumption for matching gaze and user

interaction coordinates.

The two models with the lowest error were RR+C with M =169 pixels and RR+F+C with

M =187 pixels. The average visual angle was4:17� or 3 cm. In other words, non-click features that

are based on an understanding of human gaze-cursor habits are useful for improving the accuracy

of the gaze estimate. For practical applications where we would use the best model, the accuracy of

the better eye detector (clmtrackr) with the best model (RR+C) achieved about 130 pixels of error

(and this is assuming that the physical eye tracking device is a perfect estimator of the user's gaze,

thus this error may be lower in reality).

Figure 3.10 shows the x and y-coordinate predictions of the RR+C model against the Tobii EyeX

tracker predictions over 10 millisecond intervals, across all 6 trials for a single participant. In the

y-axis, the �rst three peaks represent the quiz task for the clmtrackr and js-objectdetect libraries.

The third group of three peaks represents the lack of data gathered with the tracking.js library.

The close correspondence between the WebGazer and Tobii EyeX predictions shows that WebGazer

produces results that are relatively close to modern low-cost eye tracking devices.
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