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ABSTRACT

Sketch based intelligent interfaces are gaining popularity as pen based hardware becomes
more widespread. These interfaces make use of sketch recognition technology to facilitate
natural and efficient interaction. Nevertheless all sketch recognition systems suffer from
misrecognitions, which inflicts a correction cost on to the user. Every time a symbol gets
misrecognized, the user explicitly or implicitly signals his intention to correct the error, and
does so by either redrawing the symbol or selecting it from a list of alternatives. We
propose a system for alleviating the cost of this two-step process by detecting users’
intention to fix misrecognitions based on their eye gaze activity. In particular, we show that
users’ natural reaction to misrecognitions manifests itself in the form of characteristic eye
gaze movement patterns. Furthermore, these patterns can be used to read users’ intention to
fix errors before they initiate such action. We have three main contributions. First, we
present a carefully constructed Wizard of Oz setup for recording eye gaze patterns under
two sketch-based interaction conditions. Then, we present a set of gaze-based features,
which were designed to capture qualitative characteristics of users’ eye gaze behavior.
Finally, we present a framework for recognizing users’ intention to fix errors, which
achieves an 86% prediction accuracy. We support our findings through detailed
experiments and statistical analyses, which provide further insight into how much can be

inferred from eye gaze patterns that naturally emerge during pen-based interaction.



OZET

Kalem temelli donanimlar yayginlastikca, ¢izim temelli akilli arayiizler de daha popiiler
hale gelmektedir. Bu arayiizler ¢izim tanima teknolojisinden faydalanarak dogal ve verimli
insan-bilgisayar etkilesimi saglamaktadir. Fakat biitiin ¢izim tanima sistemleri ayni
zamanda c¢izim tanima hatalar1 da yapmaktadir ve bu hatalar1 kullanicilar diizeltmek
durumundadirlar. Bu durum kullanicinin iizerine bir diizeltme yiikii bindirmektedir. Bir
¢izim yanlis tanindig1 zaman, kullanici hatay1 diizeltme niyetini agikca ya da iistii kapali bir
sekilde belli etmektedir. Ardindan ya ¢izimini yeniden yaparak ya da bir sahneye
yerlestirmek istedigi sembolii bir sembol listesinden segerek hatayr diizeltmektedir. Bu
calismada ¢izim tanima hatalarini diizeltmenin yiikiinii hafifletmek i¢in, kullanicinin ¢izim
tanima hatasini diizeltme niyetini bakis verisinden faydalanarak belirleyebilen bir sistem
sunuyoruz. Kullanicilarin ¢izimlerin yanlis taninmasi halinde gosterdikleri tepkilerin
karakteristik g6z hareketlerine yol actigin1 gosteriyoruz. Ayrica bu goz hareketlerinin
kullanicilar heniiz diizeltmeye baslamadan 6nce onlarin diizeltme niyetlerini okumak igin
kullanabilecegini gosteriyoruz. Bu calisma 3 temel katki saglamaktadir. ilk olarak iki farkli
cizim temelli etkilesim senaryosunda g6z hareketlerinin kaydedildigi ve &zenle
kurgulanmis bir “Wizard of Oz” (Oz biiyiiciisii) deney diizenegi sunuyoruz. Daha sonra
kullanicilarin g6z hareketlerinin nitel karakteristiklerini ifade eden bir Oznitelik seti
sunuyoruz. Son olarak kullanicilarin ¢izim tanima hatalarini diizeltme niyetlerini %86
dogrulukla tespit edebilen bir makine 6grenmesi taslagi sunuyoruz. Bulgularimizi kalem
temelli etkilesim sirasinda olusan dogal g6z hareketlerinden ne kadar anlam

cikarilabilecegini gosteren ayrintili deneyler ve istatistik analizler ile destekliyoruz.
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Chapter 1

INTRODUCTION

Sketch recognition is the segmentation and interpretation of sketches by the computer in
a human-like manner. Unlike plain pen-based interfaces, which see pen input merely as a
collection of ink coordinates, sketch-based intelligent interfaces are able to interpret hand-
drawn sketches. A sketch-based intelligent interface segments user sketches into
meaningful pieces and labels each segment as an object. For example, in a sketch-based
intelligent circuit simulator, the interface receives electrical circuit diagrams as input,
segments the sketch into circuit elements and labels each segment. The recognition results
can then be fed to an off the shelf circuit simulator to display circuit behavior. The interface
provides the users with recognition feedback on the label of each sketch segment. Sketch-
based interfaces employ a variety of feedback strategies to indicate recognition results. The
most common strategy is replacing sketch fragments with a recognized version of the
intended object. Sketch-based intelligent systems provide natural and efficient interaction
and they are becoming more popular as pen based systems get more widespread. These
systems have started appearing in applications developed for educational [1], [2] and
design purposes [3]. However, even the most advanced sketch recognition systems suffer
from sketch misrecognitions. A sketch misrecognition is the incorrect labeling of a sketch
segment, such as labeling the capacitor element on the circuit diagram sketch as a battery.
In current sketch recognition systems the user generally handles these misrecognitions by
erasing the misrecognition feedback and remaking the sketch or taking any other step to
acquire correct sketch recognition feedback. These extra steps waste time and impact

efficiency.
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Figure 1-1: Life cycle of a sketch in a sketch-based system

A system that aims to offer help with the correction of a misrecognition must first
detect misrecognitions. State of the art systems detect sketch misrecognitions only after the
user takes action to correct them, which is often too late. In this thesis, we propose a system
that alleviates the cost of recovering from misrecognitions by detecting the occurrence of
sketch misrecognitions before user takes action.

In order to further explain the problem and our motivation we give life cycle of a sketch
in Figure 1-1. Cycle starts with the users’ drawing and continues with recognition module’s
feedback. If the feedback is correct the cycle goes back to the beginning as the users
continue their drawing. However if the feedback is false users first have to erase the sketch
and then remake it at which point the cycle goes back to the beginning for the same sketch.
Our aim is to detect that the sketch recognition feedback is false between the feedback’s
occurrence and the time users erase it. This process is shown by the arrow with diagonal
stripes. By detecting the false feedback early on, we will be able to give users sketch
misrecognition fixing support before users themselves start to fix it. This will allow us to

get rid of the excess part of the cycle which is denoted by the dotted line.



Chapter 1: Introduction 3

Sketch-based interaction has two parties; the user and the sketch-based system. Since
sketch-based system is the source of the misrecognition problem it cannot also constitute
the solution. Hence we look for the solution at the other party; the user. We make use of
users’ reactions towards sketch recognition feedback to detect the occurrence of

misrecognition. Specifically we employ the gaze modality for this purpose.

Figure 1-2: Yarbus’s study (a) The painting shown to participants (b) An example to the
gaze trajectories when participants viewed the painting freely (c) An example to the gaze
trajectories when participants tried to assess the ages of people in the painting [4]

One of the first studies on human eye gaze belongs to Yarbus. In his study [4] Yarbus
showed the painting seen in Figure 1-2-a to the participants and asked a number of
questions about the painting. When participants were asked to view the painting freely their
gaze displayed a trajectory similar to the one seen in Figure 1-2-b. When they were asked
to estimate the ages of people in the painting the gaze trajectories were similar to the one in
Figure 1-2-c. This study showed that people’s eye gaze is shaped according to their goals.
Yarbus used an invasive eye tracking system. Fortunately, owing to developing technology
eye tracking systems became non-invasive and low cost. This fueled the research on eye
gaze and enriched research in psychology and computer science domains further. Eye gaze
is believed to be a good indicator of people’s attention [5] and their future intentions with

its proactive behaviors [6].
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In this study, we take advantage of the richness of the gaze modality to predict users’
intention to fix sketch misrecognition before they take action. We hypothesize that users
display distinctive gaze behavior when they realize a misrecognition and move on to fix it.
By attending to the characteristics of the eye gaze during this time, the interface can infer
whether the sketch recognition has failed or succeeded.

Research [7] show that the deployment of attention and therefore gaze can be modeled
by a two party framework consisting of top-down and bottom-up processes. Top-down
processes are produced by the task at hand and memory while bottom-up processes are
produced by visual properties of objects on the scene such as color or contrast. Attentional
models focused on bottom-up processes [7] for a long time, independent of top-down
processes. Only recently top-down processes started to be included in attentional models
[8], [9]. In this work our aim is to observe how the task of fixing sketch misrecognitions
affects gaze behavior, minimizing the effects of bottom-up processes. Hence we designed
our study to contain simple shapes with minimum visual saliency in order to capture
unbiased top-down behaviors.

Considering the fast development of eye tracking technology, we envision that eye
trackers will be common built-in accessories in mobile devices. We believe that, for the
sake of comfort during the interaction, technology will avoid forcing the users to use any
additional hardware. In accordance with this vision we conducted our study with a desk
mounted eye tracker, simulating the future gaze-based interaction.

We also investigate which factors may affect users’ gaze behavior as they notice and
move on to fix sketch misrecognitions. Sketch misrecognitions can effectively be thought
of as local changes made in user’s drawing. Hence, a body of research that can light the
way to the factors that affect sketch misrecognition detection is the work on change
detection. Fueled by the discovery of change blindness phenomenon [10], change detection

research focuses on humans’ performance to detect a change made to a scene. This body of
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research aims to gain insight on the way humans construct visual representations of their
environment in their minds by investigating the effects of different factors on change
detection performance. It is proved that a variety of factors affect change detection
performance in humans such as the onlookers’ attention level [11], familiarity [12][13] or
expertise [14] on the context of the scene. Also angular distance of the change according to
gaze [15][16], change’s semantic consistency with the scene [17] or the type of change [18]
(if the change is induced by appearance of a new object or disappearance of an existing
object) affect how successfully can people detect changes. We hypothesize that factors
affecting change detection can also be influential in sketch misrecognition detection and
gaze behavior during this process.

Research shows that detection of changes is associated with the relation of the change
with the context [12][13][14][17]. Hence drawing inspiration from this line of work we
extended our research to contain the factors of whether the sketch misrecognition is
contextually inferable or contextually non-conflicting. Misrecognitions become
contextually inferable if they disturb the contextual coherence of the scene. In this case
people can conclude that the sketch recognition is false suspecting that there should have
been another object in the place of the misrecognized one if the recognition was correct.
This effect can increase as the misrecognized object’s dissonance with the scene increases.
It can also increase as the onlookers’ information on the object domain increases since it
makes differentiating contextual incoherence easier. On the contrary, contextually non-
conflicting misrecognitions, as their name suggests, do not disturb the contextual
coherence. We investigated how users respond to these two different types of
misrecognitions through their eye gaze.

We also investigated the effect of angular distance between the gaze and the sketch
misrecognition at the time of occurrence of sketch misrecognition. During natural

interaction the sketch misrecognitions can occur at different angular distances from the
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user’s gaze. In this work we investigated the effects of angular distance under the context
of human visual fields. Humans’ visual field is divided into 3 main areas; foveal,
parafoveal and peripheral. Foveal area is the center of the visual area, while peripheral area
Is the outermost part. Parafoveal area is a transition field between the foveal and peripheral
areas. Eccentricity increases as we go from foveal to peripheral area. Each visual field has
similar visual quality in itself; people can pick up more color and detail in the foveal area
while they notice moving objects in their peripheral area more easily.

It is important to note that unlike sketch scenes, the scenes used in change detection
research are ones that the people has no interaction or effect on. A sketch scene is
constructed by people, while scenes used in change detection research have been limited to
pre-made images. In addition, our aim is not only to measure sketch misrecognition
detection performance but to observe the gaze behavior prior to detection. There are no
studies on user’s gaze behavior as they intend to fix a sketch misrecognition. Hence we
designed an experiment that simulates the natural interaction. We built a sketch recognition
simulator that creates sketch misrecognitions and records eye gaze during this interaction.
We included factors of sketch misrecognition’s contextual inferrability and visual field into
the experiment by creating adequate conditions.

Chapter 2 provides necessary background and literature review on user interfaces
utilizing gaze modality. It contains works on intelligent systems that utilizes gaze to
understand users’ mental state, needs or intentions. Chapter 3 describes user experiment
and in particular user task, procedure and the experiment setup. It gives explanations for
design choices that shaped the experiment. Analyses on the effect of contextual
inferrability and angular distance on user’s performance of realizing sketch misrecognitions
are presented in Chapter 4. Chapter 5 contains our observations on the collected gaze data
that give information on the participants’ behavior as they intend to correct sketch

misrecognitions. These observations provide insight into the data. Thereafter we present the
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feature set and explain how we constructed this set. We give the intuition for each feature.
Chapter 6 gives detailed description of machine learning framework built for
discriminating correction intending gaze behavior. We explain how contextual inferrability
and angular distance of sketch misrecognitions affect classification accuracy. The thesis is
concluded with a short summary of the performed study and future research work.
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Chapter 2

RELATED WORK

Gaze based human-computer interaction has been an active research area for more than
20 years. In this chapter we summarize the work in this area and give details on the studies
related to our work.

We find it useful to introduce the terms fixation and saccade before going into detail
since these terms are commonly used in the majority of the studies. A fixation is pausing of
gaze at a certain location and saccade is a rapid eye movement between two fixations.

Gaze based interaction systems are divided into two main categories; command and
non-command interfaces. Command interfaces use eye gaze as a computer input not
different from a mouse pointer. Researchers have built systems that used gaze for object
selection, object moving, text scrolling [19] and typing [20]. However this kind of
interaction brought the problem of “Midas Touch”. The interface performed actions
wherever the user looked at even though the user did not intend for an action. Even though
eye gaze was fast and immune to fatigue, it proved to be inappropriate as a means of input
for tasks requiring accuracy [21]. Recently researchers have started designing unnatural
gaze gestures that will not be confused with natural eye movements to overcome the
“Midas Touch” problem and increase the accuracy of gaze as a pointer input [22]-[24].
However this approach is undesirable because it interrupts the gaze’s natural task of
observing and gathering and causes high cognitive load [25].

On the other hand, non-command interfaces, including our work, do not force users to
manipulate their gaze in an unnatural manner, but observe gaze in its natural flow. Non-

command interfaces are generally based on cognitive aspects of eye gaze behavior rather
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than the motor abilities of the eyes. This line of work coincides with our approach for
inferring users’ intention of correcting sketch misrecognition. Hence we give a more
detailed summary on the studies in this field.

One of the active research areas on natural gaze-based interaction is used for modeling
and recognizing the user’s activity. Activity recognition research is divided into two main
branches by the activity being in real-world or virtual-world (computer screen). Real-world
activities generally consist of daily tasks which require hand-eye coordination. In a recent
study Fathi et al. [26] introduced a system that classified 25 actions performed during the
preparation of different food recipes. They used features based on object information,
fixation locations on the object and information on future manipulation of the object. They
acquired 47% classification accuracy with Support Vector Machines (SVM). This line of
work is useful for our study because it shows how to collect natural gaze data and process
it. However we are interested in users’ interactions with user interfaces in the virtual world.

Virtual activities consist of tasks that are performed through a computer. Users have
minimal physical activity limited only to moving fingers and eyes. Campbell et al. [27]
conducted one of the first studies using a virtual task; reading on a computer screen. They
created a model that used gaze directions to distinguish reading and searching activities.
Bulling et al. [28] conducted 3 different experiments to monitor gaze during 3 different
groups of activities. These were activities that take place in an office (copying, reading,
writing, watching a video and browsing the Web), reading task (reading and other gaze
movements on the page) and visual memory recall (familiar and unfamiliar faces). They
showed that gaze patterns are distinctive for subtasks in each group and acquired satisfying
classification accuracies with SVMs. Another notable work is by Courtemanche et al. [29]
who attributed gaze patterns to areas of interest (AOI). They combined gaze with keyboard
and mouse inputs on the screen to predict users’ task. Users performed 3 tasks on Google

Analytics; evaluating trends in a certain week, new visits and overall traffic. The system



Chapter 2: Related Work 10

acquired 51.3% average accuracy with Hidden Markov Models (HMM). Steichen et al.
[30] created a similar system that predicted users’ task while working on bar and radar
graphs. They also used gaze patterns attributed to AOIs but also used fixation based
features such as fixation duration and count. A logistic regression model classified five
information visualization tasks with 63.32% average accuracy. These studies are notable
for correlating gaze with a task and then interpreting the gaze data. However they all use
gaze patterns occurring while the users perform an action. In our study the challenge is to
predict users’ intention before they start the action.

There are 2 notable studies on prediction of users’ intention as decide whether to
interact with the user interface. Bader et al. [25] built a probabilistic model based on
fixation location respective to the single virtual object on the scene. Their system predicted
whether the user intends to select the virtual object or not with 80.7% average accuracy.
Despite this high accuracy the interface is quite simple with only one object on the scene
compared to our work. Bednarik et al. [31] conducted an experiment where users played a
gaze based tile game. They used fixation properties and pupillary responses with SVM to
predict whether the user intends to issue a command (move a tile) or not with 76% average
accuracy. This work constitutes an example for our work, though it has low accuracy.

We want to detect users’ intention to correct sketch misrecognitions. Hence we
examined the work on attentive user interfaces which draws motivation from inferring
users’ interests and demands. Starker and Bolt [32] developed one of the first examples to
these interfaces using eye gaze. The interface inferred the user’s interest on items which are
presented on a virtual planet. If an item (such as a staircase) was determined to be of
interest to the user through the user’s eye gaze then a simple facial agent commented on the
item which was of interest to the user. Hyrskykari et al. [21] described a system that can
help users when they encountered a problem during a translation task although they did not
implement it. Maglio et al. [33] introduced a system that observes eye movements while
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the user views web pages and determines if the user is browsing or reading. If the user is
reading then the web page is decided to be relevant to the user’s interest. The systems
continued its search on this topic and present the results to the user. Qvarfordt and Zhai
[34] developed an interactive tourist information system. They first collected gaze data
with a “Wizard of Oz” study where users interacted with simulated tourist information
interface. Then they built a system which gives information about the landmarks that the
user is interested in. The system deduced that the user is interested in a landmark by
thresholding a parameter combined of properties such as; gaze duration, frequency of gaze
reentry and information on previous interest to this landmark. The system was evaluated
with a user study and received good comments generally. These works were the pioneers of
attentive user interfaces and generally focused on inferring the users’ interest. On the other
hand our aim is to predict the user’s decision about a sketch recognition feedback by
discriminating different types of interest; interest shown to misrecognitions and correct
recognition feedbacks. This aspect of our work makes it original. These studies also
investigated eye gaze in static scenes. However we examine gaze while users interact with
a scene which they build themselves and also dynamically changes.

A number of studies investigated how users’ interest is manifested in eye gaze in
dynamically changing scenes. Hirayama et al. [35] presented a model for determining the
objects that are most interesting to the users in a dynamically changing interface. The time
passed looking at an object after a new object appeared on the interface was shown to be
the most informative cue of the user attention. The authors Prendinger et al. [36] presented
a system that detects users’ interest to individual objects in a dynamically changing
presentation. They built a virtual showroom in which 3D virtual agents presented consumer
products and shaped the presentation according to users’ interest. The system used
Dynamic Bayesian Networks (DBN) that take gaze dwell times and contextual relevance of

objects as input infer user users’ interest in the presentation. Nakano and Ishii [37] built a
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system that used eye gaze patterns to determine whether the user is engaged in the
conversation with a virtual agent. If the user was disengaged, the agent gave responses that
attract users’ attention back to conversation. A “Wizard of Oz” experiment was conducted
to monitor how users’ gaze fell on related or unrelated locations to the conversation. Using
these location patterns researchers built a system that autonomously senses disengagement
and gives responses to the user. The system was evaluated qualitatively in a second
experiment and received generally positive responses. These works are important in the
sense that they infer users’ interest in dynamically changing scenes. We also investigate
users’ eye gaze in dynamically changing scenes but in our case the user also play an active
role in changing the scene by sketching. Also as we mentioned earlier our aim is to
discriminate different types of interest shown to correct and false sketch recognition
feedbacks instead of assessing the general interest level of the user. We also have to make
this discrimination before the users fix the misrecognition themselves creating a time
restriction.

Because gaze intensifies at locations that people are interested in, researchers
investigated the possibility of using gaze for inferring the relevance of search items in
information retrieval. Researchers conducted user experiments for different information
retrieval scenarios and developed eye gaze models for inferring objects’ relevance to user’s
interest. Puolamaki et al. developed and compared different models that predicted
relevance of given article titles from users eye gaze. [38] They extracted features based on
fixations to each word in article titles, their duration and reading behavior and trained
HMMs for irrelevant and relevant titles. They acquired classification accuracy as high as
85.7% by using a Dirichlet Mixture Model (DMM) that combined HMMs and a Gibbs
URP (user rating profile) model that represents users’ attitudes. The authors also conducted
a study on image retrieval [39]. They collected gaze data while users looked for the sports

related pages among a number of given pages. Using linear discriminant analysis with
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features such as fixation duration and count as well as number of fixation transitions
between images; they acquired 84.3% precision and 61.4% recall for determining the
relevant pages. Papadopoulos et al. [40] presented region based image retrieval which
estimated the objects or object parts in each image that the users are interested in. They
introduced two new feature extraction techniques; fixation distribution on image parts and
coefficients of Discrete Cosine Transform on fixation sequence for acquiring respectively
the spatial and temporal properties of the gaze. Using Support Vector Machines (SVM),
their system classified objects that were related and unrelated to users’ interest with the
accuracy of 69.71%. Gaze based information retrieval systems such as these are related to
our work through their attempts to model user interest in a given scene. On the other hand
in our case users are in a more complicated interaction scheme than just observing a static

scene as in information retrieval.
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Chapter 3

DATA COLLECTION

In order to assess how the eye gaze behavior changes in reaction to sketch
misrecognitions we constructed a carefully designed data collection setup. Our setup
involves a sketch-based interaction scenario where the users are subjected to sketch
misrecognitions. In this chapter we first discuss factors that we took into consideration
while designing our data collection setup. Then we describe setup and user instructions in
detail.

3.1 Design Choices

Our aim is to capture natural eye gaze during sketch-based interaction. The most
straightforward way to capture natural gaze behavior during sketch-based interaction is to
record users’ eye gaze while interacting with a real sketch-based intelligent user interface.
However in a real sketch recognition system, occurrence of misrecognitions is dependent
on the users and the quality of their sketches. On the other hand in our case, we would like
to control the conditions under which misrecognitions occur in order to study how these
conditions affect user behavior. Hence we built a setup where we could control the location
and rate of misrecognitions. For this reason, we used an interface without a real sketch
recognition module. The interface, instead, gave sketch recognition feedbacks according to
a scenario in which we defined locations and types of recognition feedbacks for all
sketches beforehand.

As long as the participant made the sketch correctly to assigned place, the interface was

able to give the correct recognition feedback and create the impression of a real sketch
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recognition system. However participants were prone to mistakes such as making a
different sketch from the announced one or sketching to a different place. Also there were
still decisions to be given by a human such as when the sketch scene was completed and
when to proceed to the next step through the experiment. For handling these issues, we
used the Wizard of Oz technique. The user interface was connected to another “wizard”
interface which was on a separate computer. During the experiment a wizard observed,
and, if necessary, controlled the participant’s sketch recognition interface through wizard
interface. This way the user interface gave ‘intelligent’ and consistent responses to all user
actions. Figure 3-3 shows the interface used by the “wizard”.

The interface intentionally gave misrecognition feedbacks for some of the sketches.
Following the work of Wais et al. [41] we arranged the ratio of misrecognitions to be %17
just like in a real sketch recognition system. The interface gave sketch recognition feedback
(stimulus) by beautifying the sketch. We designed the misrecognition feedback for each
object to be consistent e.g. “3” was always misrecognized as “8” each time it was
misrecognized for the interface to be realistic [41].

The experiment consisted of two parts. In the first part we observed people’s intention
of correcting sketch misrecognition gaze behavior when the misrecognitions were
contextually inferable. In the second part we created contextually non-conflicting sketch
misrecognitions and collected gaze data. In the following section we explain the tasks in
more detail.

We also controlled the distance between the user’s gaze and stimulus at the time of
stimulus occurrence. The interface controlled the gaze - unrecognized sketch distance and
gave the stimulus after the distance had the desired value. We adjusted consecutive sketch
locations to be at a predetermined distance from one another. This way it became highly
probable that the distance between gaze and unrecognized sketch would take to the desired

value. We used two different sizes of clock templates to cover a wider range of distances.
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This way we acquired correction intention and no correction intention gaze behavior for

different gaze—stimulus distances.
3.2 Physical Set-up

Figure 3-1 shows the physical set up of the experiment. The set up consisted of 2
computers, one for the participants and one for the “wizard”. The two are placed on desks

that are perpendicular to each other.

. Local Connection -~

Figure 3-1: The positions of the participant and the wizard (a) Headphones (b) Wizard of
Oz Control System (c) User (d) Pen Surface (e) Eye Tracker (f) User Interface

User set-up consisted of a digitizer tablet, a Tobii X120 stand-alone eye tracker and a
19” desktop screen connected to a computer with Intel® Core™ i7, 2.93 GHz processor and
4GB RAM. Wizard set up consisted of a standard keyboard, mouse and 19” screen
connected to a computer with Intel® Core™ i7-2700K 3.5GHz processor and 8GB RAM.
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Experiment interface established a local connection between user and wizard set-ups. We
obtained the experiment software by adding a gaze tracking module on SketchWizard [42].

The users made their sketches on the digitizer tablet but saw the outcome on the screen
on the table. The reason for the setup to be this way was that the eye tracker was designed
to be placed under the screen on which the gaze is tracked. If we used this screen also for
sketching, participants’ hand would block the eye tracker. Hence we had to use a separate

pen surface and place the eye tracker between the surface and the screen.

N
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Figure 3-2: The participant interface (a) Tools for sketching and erasing (b) Button for
listening the last announcement again (c) Gauge showing number of completed clock
templates (d) Color bar showing the validity of gaze data

The participant’s interface is in Figure 3-2. We used a vague color for the template so
that it would not affect scene perception and users could focus on the sketch recognition

feedbacks e g. numbers and shapes.
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Figure 3-3: The wizard interface (a) Tools for sketching, erasing, selecting and adding new
objects to user’s interface (b) Button for passing to the next template (c) Individual
recognition buttons for each object (d) Buttons for manipulating the order of
announcements (e) User’s selected sketch (f) User’s gaze in real time

The participants were able to erase their strokes although they were unable to erase
sketch recognition feedbacks. They could repeat the announcement if they heard but could
not understand the command. A gauge showed the number of clock templates completed to
inform the participants of their progress. There was also a color bar that appeared green
when the eye tracker was able to collect valid data and red when the data was
undependable. The data became undependable when the users positioned in a way that the
eye tracker could not see the users’ eyes. Because participants did not realize the color
change of the bar most of the time while they were immersed in their task, a probing sound
was added to the system. The participants heard this sound if their gaze data stayed invalid
for more than 1 second. Then the interface gave the warning sound to probe the user to
adjust their position.

The wizard’s interface is seen in Figure 3-3. The wizard watched the participants’

actions and gaze in real time. The wizard interface offered the wizard a wide variety of
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tools. Using these, the wizard was able to select any group of strokes and give sketch
recognition for the selected group. The sketch recognition feedbacks occurred only after the
gaze-sketch distance reached the intended value. Wizard interface contained a button for
each object in the domain. These buttons were used when the participants made the sketch
to the wrong place or the wrong object. The wizard gave feedbacks for these sketches
unless the user realized and erased the sketch. The wizard also decided when to move on to
the next empty template. When the current clock template was full and all the sketches
were recognized, the wizard moved to the next template. Both the wizard’s and the

participants’ interfaces were recorded during the experiment.
3.3 Task

The tasks in both parts consisted of filling a given wall clock template with instructed
objects from headphones though sketch domains were different. Different domains helped
us to create contextually inferable and non-conflicting misrecognitions. Through both parts
the experiment interface had a clock template on the background as shown in Figure 3-2,
though paler in color. The color of the template was made darker in the figures in this
thesis to make the viewing easier. With the template we were able to describe the location
for each object. Through headphones participants were given audio instructions indicating
what object to draw, and where to draw it. The order of the instructions was the same over
all participants through entire experiment. Both sketch domains consisted of simple shapes
that were easy to sketch and with minimum effect on bottom-up processes.

We requested the participants to make a mark by drawing a line over the misrecognition
when they noticed it. Thus, the participants both confirmed that they noticed the
misrecognition and marked the time that they would make an action for correcting it.
Because of this, we refer the time that participants started to make a pen mark as the

beginning of the correction attempt.
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3.3.1 Creating Contextually Inferable Misrecognitions

The participants were instructed to draw numbers from 1 through 12 on the clock
template in a predetermined mixed order. Participants sketched the instructed number to its

place on the template. As the participant made the first stroke of the sketch, instructions for

~ ~ | '
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Figure 3-4: An example segment of the progress of clock filling task for the first part of the
experiment. The pink circle shows the users eye gaze. Note that the following
announcement is made as the user sketches the current sketch. Also note that the sketch
recognition feedback is given when the gaze moved to the place of the following sketch
satisfying the required distance.
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Figure 3-5: An example segment of the progress of clock filling task for the first part of the
experiment. Note that the instructions contain both the location and the type of sketches.

the next number were issued through headphones. The places of numbers on a wall clock
are simple and well known to everybody. Any misrecognition that occurred on the wall

clock also became contextually inferable since they contradicted with the rest of the clock.
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Hence in this part we collected gaze behaviors during the interaction with contextually

inferable sketch misrecognitions. Figure 3-4 shows how clock filling procedure progressed.
3.3.2 Creating Contextually Non-conflicting Misrecognitions

In the second part, the participants were required to place basic geometric shapes
(circle, square and triangle) on the clock template instead of numbers. Again the
announcements specified the place and type of each sketch. The announcements were
triggered by the participants’ first stroke also at this part. Figure 3-5 shows how the task of
filling the clock templates with shapes progressed.

The participants built scenes consisting of random geometric shapes on which they had
no prior familiarity. Hence there was no contextual coherence in any of the scenes for the
participants. Any misrecognition was non-conflicting with the context being concealed

within other objects.
3.4 Procedure

We collected data from 12 people (9 males, 3 females) between the ages of 23 and 29.
Participation was voluntary and the participants were free to leave anytime. Each session
lasted approximately 30 minutes. We did not inform the participants that sketch
recognitions were predetermined in order to preserve natural human—computer interaction.

Each participant went through a calibration process for the eye tracker. We did not use a
chin rest but asked participants to preserve the position they had during the calibration
throughout the experiment as much as possible.

After calibration the participants completed two tasks in order to get familiar with the
sketching surface and the setup. The first task involved drawing the path between the
entrance and the exit of a labyrinth given with top view. The second was to complete a

connect-the-dots puzzle. Then they went through a trial stage of completing a wall clock
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with numbers. At this stage we made sure that they fully understood the task. Then the
participants repeated the task 10 times for both parts of the experiment. Each participant
filled 20 clock templates in total.

We administered a post—experiment questionnaire to see if the users believed that they
were working on a real sketch recognition interface. We asked participants whether they
noticed that there were any outside effects on the responses of the interface. All participants
said that they did not suspect that the sketch recognition module was real and they were

interacting with a real sketch recognition interface.
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Chapter 4

FACTORS ON CORRECTION PERFORMANCE

In this chapter we present quantitative analysis on participants’ sketch misrecognition
detection performance and how this performance is affected by contextual inferrability and
visual field of sketch misrecognition.

We asked participants to mark sketch misrecognitions by drawing a line over them
when they notice them during the experiment. There were sketch misrecognitions which
participants left unmarked, implying that these were not noticed. We use the ratio of
unmarked sketch misrecognition count to total sketch misrecognition count as the measure

of the noticing performance.
4.1 Effect of Sketch Misrecognition’s Contextual Inferrability

Figure 4-1 shows the distributions of realized/unrealized sketch misrecognitions when
sketch misrecognitions were contextually inferable or non-conflicting. For the ease of
reading we will refer contextually inferable sketch misrecognitions as CI and non-
conflicting misrecognition as CN. Each bar represents all Cl (acquired in the first part of
the experiment) or CN (acquired in the second part of the experiment) misrecognitions
occurred. The dotted parts represent the ratio of noticed misrecognitions while the lined
parts of the bars show the ratio of missed sketch misrecognitions. The distribution on the
left shows the noticing rate when the sketch misrecognitions are inferable as the
distribution on the right shows the noticing rate when they are non-conflicting.

Distributions show that users are more likely to notice sketch misrecognitions when the



Chapter 4: Factors on Correction Performance 24

misrecognition is Cl and this difference was found to be significantly different (p<0.01)
with ANOVA test.

HFFREH Noticed

0.9r

0.81
0.7
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0.5r
0.4r
0.3r
0.2

0.1r

Inferable Non-conflicting

Figure 4-1: The distribution of noticed and missed sketch misrecognitions by the relation of
the misrecognition with the context (inferable of non-conflicting).

This result coincides with the previous work on change detection. When the changes
made to the objects’ place or type in a static scene is contradictory with context, people are
able to notice these changes more easily. Hence this analysis shows that the act of
sketching does not enrich the humans’ visual representation of the scene enough to notice

any non-conflicting change as good as an inferable one.
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4.2 Effect of the Sketch Misrecognition’s Visual Field

The experiment interface gave sketch misrecognition stimuli at different distances from
the gaze. Using these measurements we grouped sketch misrecognition stimuli by their
place in the human visual field and investigated how participants’ performance for noticing
misrecognitions changes in respect to the misrecognitions place in visual field.

Human visual field is divided into 3 main parts which have different visual qualities. At
the center of human visual field is foveal area in which we have clear vision and see objects
in detail. The most outer part of our visual field is peripheral area. The vision gets more
blurry as visual field goes from foveal area to peripheral area. There is also a transition
field called parafoveal area between foveal and peripheral area. Figure 4-2 shows these
fields.

Figure 4-2: Visual areas of the human visual field. F denotes the Foveal (1°-2°), PF denotes
the Parafoveal (2°-6°) and P denotes the peripheral (6°-220°) parts of human visual field.
Note that the visual area borders are slightly irregular.
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Figure 4-3: Correction rates of sketch misrecognitions in different visual fields when they
are contextually inferable
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Figure 4-4: Correction rates of sketch misrecognitions in different visual fields when they
are contextually non-conflicting

We hypothesized that as the angular distance of the visual field becomes smaller the
rate of noticed misrecognitions would go higher. Figure 4-3 and Figure 4-4 show the
noticing rates of sketch misrecognitions in different visual fields when the sketch
misrecognitions are Cl and CN respectively. Again the dotted parts show ratio of noticed
and the lined parts show ratio of unrealized sketch misrecognitions. Noticing rates show a
decreasing trend as the stimulus moves towards periphery for both cases. When the sketch
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misrecognition is CI, visual field and realization performance have a strong correlation of -
0.94. This correlation slightly increases to -0.96 when the misrecognition is CN. These

findings are also consistent with previous research on the effects of the distance on scene

change detection performance [15], [16].
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Chapter 5

FEATURES

In this chapter we first present our observations on participants’ gaze behavior as they
moved on to correct a sketch misrecognition. These observations provide an insight to
correction intention gaze behavior. Then we present the feature set and explain how we

constructed this set. We give the intuition for each feature.
5.1 Gaze Behaviors

We observed that there are three distinctive gaze behaviors common among all users
prior to the initiation of the act of correcting sketch misrecognitions. Figure 5-1 shows gaze
trajectories for all behaviors.

Direct Comeback: Users’ gaze comes back directly to the misrecognition and stays on
until they mark it.

Double Take: Users do a double take after the first fixation to the misrecognition
before they mark it as a misrecognition.

Investigation: Users make fixations to other related sketch recognitions until they mark
the misrecognition.

Direct comeback behavior occurs regardless of the misrecognition being contextually
inferable or non-conflicting. On the other hand double take and comparison behaviors
occur particularly when sketch misrecognitions are CI. Direct comeback gaze behavior is
also the most frequent behavior, both when misrecognitions are Cl and CN. Figure 5-1

shows how gaze moves for each of these behaviors.
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a b C

Figure 5-1: Example gaze paths for (a) Direct Comeback (b) Double take and (c)
Investigation behaviors. The green circles show fixations. The radius of the circles is
proportional to the duration of the fixation. The red 8-point stars stand for sketch
misrecognition and white 4-point stars denote correct sketch recognitions close to the
sketch misrecognition.

When the sketch misrecognition is Cl the users have more means to decide whether a
sketch recognition feedback is incorrect. To be able to confirm the misrecognition they
examine other sketch recognitions on the scene and collect clues indicating that there
should have been another object in the place of the sketch misrecognition. Then they
confirm the misrecognition and perform correction. Since contextually non-conflicting
misrecognitions are coherent with the context, investigating the scene does not provide
users information. Hence investigating behavior is not observed for contextually non-
conflicting sketch misrecognitions. When the sketch misrecognition is non-conflicting with
the context, the users depend on the memory of their sketch to conclude the suspicion. This
creates mostly direct comeback behavior. It might be the case that once the user gaze
comes back to the sketch misrecognition, it can only wait there while the information

attributed to the sketch is retrieved from the user’s memory.
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Double take is generally regarded as an act of surprise. We believe that this behavior is
the result of the surprise effect that a Cl sketch misrecognition have on users.

This behavior pattern suggests that for realizing CN sketch misrecognitions, people
depend on their visual memory. On the other hand for ClI, they can take advantage of
context information which manifests itself as double take and investigation behaviors.
Taking the results in Chapter 4.1 into account we can say that, sketching does not

contribute to visual memory enough to make up for the advantages of contextual clues.
5.2 Preprocessing

Our data consisted of complex gaze patterns. Hence we segmented gaze data into
fixations and saccade for simplification. Fixations are characterized by the lower speed of
gaze compared to saccades. Hence we used acceleration and velocity of eye gaze as
features [43] and trained a K-Means Hidden Markov Model [44] for differentiating
fixations from saccades. We used JaHMM* library in java language for training K-Means
HMM. We merged successive fixations that are closer to each other than 1°, since during
these fixations there are no changes to users’ foveal area (1° — 2°). We also constructed
visits. A visit to an object starts when the gaze enters and ends when the gaze exits the
objects area. Visits can contain multiple successive fixations on an object. We attached

fixations and visits located inside the borders of an object to that object.
5.3 Features

We find it necessary to explain how we approached the classification problem in order
to convey how we designed our features and what they mean. Users made fixations to all
sketch misrecognition that they corrected. However they also made fixations to correct

sketch recognitions with non-correction purposes. Our problem was to distinguish the

! JaHMM library can be accessed from http://www.run.montefiore.ulg.ac.be/~francois/software/jahmm/
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correction intending fixations from general purpose fixations to sketch recognitions. In
order to understand the intention behind a fixation we took into consideration not only the
fixation itself but previous gaze movements regarding the sketch recognition. Hence we
analyzed all gaze movements starting from the occurrence of sketch recognition (stimulus)
until the fixation to this sketch recognition. We calculated features over this data window.
We picked features depending mainly on research on psychology and our observations

on the data. A list of feature names and explanations are in Table 5-1.

Table 5-1: Features

KS
Abbreviation Feature Name o P(<)
Statistic

DurLastFix Duration of the Last Fixation 0.6510 1.2e-131

NofFix Number of Fixations 0.1370 le-6

MeanDurFix Mean Duration of Fixations 0.5587 4.2e-97

MeanDurViSit Mean Duration of VlS'tS 05970 9e'111

MeanSpan Mean Span of Approaching 0.1023 1.2¢-3
Saccades

FirstSpan Span of the First Approaching 0.1532 1e-7
Saccade

LastSpan Span of the Last Approaching 0.0977 2 2¢-3
Saccade

MeanSpeed Mean Speed of Approaching 0.0959 2 9e-3
Saccades

StdFixTime Standard Deviation of Fixation 0.3536 3.85e-39
Start Times

stdVisitTime Standard Deviation of Visit Start 0.3517 1e-39
Times

TimeStimFF Time Between Stimuli and the 0.2052 1.8e-13
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First Fixation
TimeFFCor Time Between the First Fixation 0.3403 2 70-36
and Correction
NofSketchElse | Number — of ~Sketches made | 00443 | 2.7e-3
Elsewhere During a Fixation
NofStrokesBtw | Number of Strokes Between Two 0.2949 1e-6
Fixations

o Number of Visits to Other Sketch
NofVisitOther Recognitions  Between  Two 0.2863 le-6
Fixations
VisitDurOther Duration of Visits to Other Sketch 0.2865 7 6e-26
Recognitions Between 2 Fixations

NofFixEmpty Number of Fixations to Empty 0.3192 1e-6
Space Between 2 Fixations

FixDurEmpty Duration of Fixati_ons_ to Empty 0.3353 3 1e-35
Space Between 2 Fixations

Research on change detection [45] proved that people fixated longer to changes on a
scene. Hence we used features based on fixation duration such as DurLastFix,
MeanDurFix, DurLastVisit and MeanDurVisit. Also both fixation duration [30][31][34]
[36][38] and frequency [34][46] were used for inferring users interest in previous studies.
We also hypothesized that sketch misrecognition ignite more interest than correct sketch
recognitions. Hence we extracted values indicating fixation frequency and count such as
NofFix, NofVisits, FixVisit, StdFixTime and StdVisitTime. We also used distance related
features such as MeanSpan, FirstSpan, LastSpan and MeanSpeed with the intuition that
gaze would leave its trajectory when the person realizes something that attracts attention.
[46] TimeStimFF and TimeFFCor are features about timing of fixations and corrections.
We hypothesized that people would realize and react to sketch misrecognitions faster.
Finally we included features denoting distraction from the sketch recognition such as
NofSketchElse, NofStrokesBtw, NofVisitOther, VisitDurOther, NofFixEmpty and
FixDurEmpty based on our observations.
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5.4 Distribution of Features

We have investigated how different the distributions of features for correction intending
and general purpose fixations are. We expected that the fixation duration and frequency
based features would be more likely to take higher values prior to correction intending
fixations than general purpose fixations. We also expected that distance based features
including saccade speed would take higher values for correction intending fixations since
gaze would move faster and from a greater distance when noticed something unexpected.
Timing based features; TimeStimFF and TimeFFCor would be more likely to take lower
values since reaction time to a sketch misrecognition would be shorter and correction
would take place sooner. Intuitively, features indicating distraction from the sketch
recognition would also take lower values for correction intending fixations since once the
users fixated on a sketch misrecognition they would first correct it before attending to
something else.

We calculated empirical cumulative probability distributions for each feature for
correction intending and general purpose fixation classes. We compared distributions from
both classes. The results support our intuitions about how feature values would change
based on class. The plots for probability distributions for each class are in APPENDIX.

To see if the differences between distributions are significant, we applied Kolmogorov -
Smirnov test. Kolmogorov — Smirnov test is widely used to determine if two empirical
cumulative probability distributions are significantly different. It takes the maximum value
of difference between two distributions and checks this value for significance. The test is
originally designed for continuous values. However there are extensions for distributions of
discrete values. We used the extension by Altavela [47]. All features proved to have
significantly different distributions for two different classes. KS statistic and p values are

presented in Table 5-1. Note that even though small enough for significance, the p values
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for MeanSpan, FirstSpan, LastSpan and MeanSpeed are noticeably higher than other p

values.
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Chapter 6

CLASSIFICATION

In this chapter we give detailed description of the machine learning framework we built
for discriminating correction intending gaze behavior. We explain how contextual
inferrability and visual field of sketch misrecognitions affect classification accuracy. Then
we demonstrate how accuracy of intention detection changes as we go back in time starting
from correction. Finally, we present analyses on how different feature groups contribute to

classification accuracy.
6.1 Classification Framework

As we explained in previous chapter our problem was of distinguishing fixations with
correction intention and general purpose. We labelled each fixation to a sketch
misrecognition at the correction time as correction intending. If the fixation extended
beyond the pen down, which indicates also start of correction act, we divided the fixation
from the pen down and used only the part prior to pen-down, because our goal is to detect
correction intention before users take action themselves. We took gaze data from stimulus
to pen down and extracted features. On the other hand, each fixation to a correct sketch
recognition was labeled as general purpose fixation. We took the data from stimulus to the
end of each general purpose fixation and extracted features for this class. We acquired 381
correction intending fixation instances and 4582 general purpose fixation instances. The
reason for this imbalance to begin with is that sketch misrecognitions were sparser than
correct sketch recognitions during the experiment. Also we were able to acquire one
correction intending fixation for each sketch misrecognition, while there were mostly more

than one general purpose fixations for correct sketch recognitions.
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After we created feature vectors we built the machine learning framework. We used
with Support Vector Machines (SVM) with radial basis kernel function. We used LIBSVM
library [48]. We performed 10 shuffles with 5 fold cross—validation. Because the sample
counts in different classes are unbalanced, we picked random samples from the majority
class as many as the number of samples in minority class, in each shuffle. Hence we had a
baseline accuracy of 50% to compare our accuracy results more appropriately. We used
80% of the data for training and the rest for testing.

We acquired 86% classification accuracy with 3.15% standard deviation. True positive
and negative rates and Type | and Il error rates are in Table 6-1. True positive and negative
rates are close to each other which imply that the classifier accuracy does not come from
prediction of only one of the classes. The system detected correction intending and general

purpose gaze in balance.

Table 6-1: True positive, true negative, false positive and false negative rates

Test Outcome
Correction General purpose
intending fixation fixation
Correction intending 86.56% 13.44%
True Label fixation
General purpose 14.43% 85.57%
fixation

False positive (general purpose fixations labeled as correction intending) rate is an
important factor that may affect user satisfaction while using this system. Because this rate
shows how many unnecessary correction-assistances the system will give. Unnecessary
correction-assistance may create a disturbance for the user. Hence we need to conduct an
experiment to evaluate this system and see how much a false positive rate of 14.43% will
disturb users’ interaction. There is also the possibility of users thinking that the sketch

recognition is false even if it is true.
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6.2 Effect of Background Information on Classification

We investigated how much contextual inferrability or non-conflicting nature of sketch
misrecognitions effect classification. For this purpose, we trained SVM only including the
data from the Cl and CN sketch misrecognitions respectively. We tested each model again
with CI and CN data. We present the results in Table 6-2. Note that ANOVA test on the

values in Table 6-2 showed that all values are significantly different from each other.

Table 6-2: Accuracy results for Cl and CN data sets

Test
Cli CN
) Cl 83.2% 86.3%
Train
CN 78.9% 88.7%

When we train with CI data and test with CN data we get a higher accuracy than the
testing with CI data. We believe that the reason for this is that the range of the behaviors
observed during correction intending fixations in Cl data is more diverse than CN data.
Thus when we test a versatile model with a more limited data, we acquire a higher accuracy
than testing with the data of matching versatility. A similar notion goes for the case when
we train the model with CN data. When we test this model with CI data we get lower
accuracy than testing with CN data. Hence when we test a limited model with versatile data
we get lower accuracy than testing with data limited in the same way. An interesting point
here is that when we train and test with CN data we get higher accuracy than training and
testing with CI data even though in these cases both training and testing data have same
diversity. The reason for this may be that CN data is simpler and some of our features are
more successful at representing the difference between correction intending and general
purpose fixation classes in this case. On the other hand in CI data, gaze patterns may get

more complicated and our features are not as successful as for the CN data.
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6.3 Effect of Visual Area of Stimuli on Classification

We investigated how much the visual field in which the sketch misrecognition is
located affects classification accuracy. Hence we used each correction intending class
sample as a test sample a number of times and investigated the correlation between the
correct classification rates of samples with their visual field. For this purpose we divided
correction intending data randomly into 5 groups. We used in turn each group as test set
and the remaining groups as training set. We repeated this random division 10 times so that
each sample would be in different training and test groups. For each test set in each
division we also picked a new set of random general purpose fixation samples in the
number of correction intending fixation samples 10 times and performed training and
testing. Hence we used every correction intending fixation sample as a test sample 100
times. We calculated the rate of correct labels among 100 labels and acquired correct
classification rates. Figure 6-1 shows mean correct classification rates with standard

deviation for sample groups by their visual field.
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Foveal Parafoveal Peripheral
Visual Area

Figure 6-1: Change of correct classification rate by the visual area. The lines on top of each
bar denote the standard deviation of correct classification rates of samples in each visual
area.

The correlation between sketch misrecognitions’ visual field and their correct
classification rate is 0.95. The reason may be that as the gaze moves away from the
misrecognition, it gets harder to notice it. When the user finally realizes the
misrecognitions there is a surprise effect that causes the gaze patterns to be more

characteristic.
6.4 Prediction as a Function of Time

The sooner the system detects sketch misrecognitions the more efficient user —

computer interaction becomes. Hence we investigated how earlier from users’ reaction can
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our system detect sketch misrecognitions. Figure 6-2 shows the classification accuracies at
the times preceding the user’s correction. For example time “t” denotes the end time of data
frames acquired as explained in section 5.3. Vertical axis gives the classification accuracy
acquired at this moment. Time “t-500” denotes the moment 500 milliseconds before the
correction or fixation end time. Again the vertical axis value for this point gives the
classification accuracy using the features extracted from the data sample between stimulus

and this time.
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Figure 6-2: Change of prediction accuracy by prediction time prior to correction

The classification accuracy is around %75 until 1 second before the correction.
Accuracies decrease slightly steeper after 1 second. We see that there is a tradeoff between
classification accuracy and the time advantage provided to the user. If we want the users to

gain time advantage then we have to take the risk of incorrect predictions. If we want to
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make the prediction as accurate as possible then we should wait until the last moment to

make the prediction.
6.5 Feature Contribution

Another point to investigate was how each feature and their interactions with others
contributed to classification accuracy. One way to observe this was calculating accuracies
for every possible feature combination. However this approach was computationally
expensive and even if we abided this expense, we would not be able to understand which
features and in which combinations did a significant contribution. Therefore instead of
using each feature individually, we grouped features semantically and investigated each

groups' contribution. Table 6-3 shows semantic grouping of features given in Table 5-1.

Table 6-3: Feature groups

Duration Group Frequency Group Distance Group
DurLastFix NofFix MeanSpan
MeanDurFix NofVisits FirstSpan
DurLastVisit StdFixTime LastSpan
MeanDurVisit StdVisitTime Mean Speed
TimeStimFF NofStrokesBtw
TimeFFCor FixVisit
VisitDurOther NofSketchElse
FixDurEmpty NofVisitOther

NofFixEmpty

We calculated accuracies for all 7 combinations of these groups with 5 fold cross -
validation and 10 shuffles. We obtained accuracies to represent the 8" combination (no
features case) by flipping a virtual fair coin. Table 6-4 shows each combination and how

accuracy result for each combination was acquired.
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Table 6-4: Feature group combinations. ‘0’ indicates that the feature group is absent; while
‘1’ indicates that the feature group exists in the combination

Combination
: i Accuracy acquired by
Duration Frequency Distance

0 0 0 Virtual Coin Flip

1 0 0 10 shuffles with SVM
0 1 0 10 shuffles with SVM
0 0 1 10 shuffles with SVM
1 1 0 10 shuffles with SVM
1 0 1 10 shuffles with SVM
0 1 1 10 shuffles with SVM
1 1 1 10 shuffles with SVM

We tested each feature group’s effect on classification accuracy using 3-way ANOVA.
Each feature group was used as a factor with 2 levels; existence (taking the value of 1) or
absence (taking the value of 0) in the model.

Figure 6-3 shows the marginal mean change created by single factors. The biggest
change is created by Duration feature group which increases the classification accuracy
significantly from 60.3% to 84.3%. Frequency feature group also creates a significant
increase in the classification accuracy though not as high as Duration group. On the other
hand Distance group also increases classification accuracy but this increase is not
significant.

We investigated how pairs of features groups interacted with each-other. Hence we
inspected how the effect of a feature group on accuracy changes when the level (existence)
of another group changes.

Figure 6-4 shows the interaction between Duration and Frequency group. It shows that

when the Duration group is included in the model the classification accuracy increases
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Figure 6-3: Marginal mean changes for each feature group. Red circles denote the marginal
means while blue lines denote 0.95 confidence intervals. Overlapping of the confidence
intervals of two values indicates that the values are not significantly different from each-
other. The values are significantly different if their confidence intervals do not overlap.

significantly irrespective of whether the Frequency group is included or not. When we add
Frequency group to the model when the Duration group is absent it makes a significant
contribution to the classification accuracy. On the other when the Duration group is already
in the model adding the Frequency group does not cause a significant change in the
accuracy. Hence we can say that even if the Frequency group is informative on the
differences of two classes the information it contain does not surpass Duration group.
There are almost no samples that were classified incorrectly with the Duration group only
and were able to be transferred to the correct class with the information coming specifically

from the Frequency group.
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Figure 6-4: Effect of interaction between Duration and Frequency feature groups on
classification accuracy

Figure 6-5 shows the interaction between Duration and Distance feature groups. The
same rule that exists for Duration-Frequency group combination goes also for this
combination. Similar to the Frequency group the Distance group does not contribute any
discriminative information on the two classes to the Duration group. However, differently
from the Frequency group, Distance group’s existence in the Duration group’s absence
does not increase the classification accuracy. We can say that Distance group contains
hardly any information on the difference of the two classes.

Figure 6-6 shows the interaction between the Frequency and the Distance groups. In the
absence of Distance group adding the Frequency group creates a significant increase in the

accuracy while in the existence of Distance this increase is insignificant due to Distance
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group’s contribution to the accuracy when the Frequency group is unused. However

Distance group has no effect on the final accuracy where both groups were used.

T T T T T T T
Duration=0,Distance=0 - — -
Duration=1,Distance=0 - — _
Duration=0,Distance=1 - — g
Duration=1,Distance=1 - —— <l
I I I I | | I
50 55 60 65 70 75 80 85 90

Marginal Mean of Classification Accuracy

Figure 6-5: Effect of interaction between Duration and Distance feature groups on
classification accuracy

The analyses show us that the Duration based features are the most informative among
others, single handedly achieving classification accuracy around 85%. Frequency group
could have been useful in the absence of Duration features however they are redundant
when combined with Duration features. Distance feature group has no contribution to the
accuracy either on its own or combined with any other feature group. Even though

Kolmogorov-Smirnov test concluded that distributions of Distance features for two classes



Chapter 6: Classification 46

were significantly different, remember that the test also gave the highest p-values for

significant difference.
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Figure 6-6: Effect of interaction between Frequency and Distance feature groups on
classification accuracy
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Chapter 7

CONCLUSION AND FUTURE WORK

In this study we proposed a framework for detecting users’ decision on a sketch
recognition’s correctness by examining their eye gaze. We conducted a Wizard of Oz
experiment for collecting eye gaze patterns under two sketch —based interaction conditions;
sketch misrecognition’s visual field or them being contextually inferable or non-
conflicting. We showed that users’ eye gaze movements display distinctive characteristics
reflecting the natural reaction to misrecognitions. We extracted a set of features that
represent these characteristics of users’ eye gaze behavior. Finally, using the feature set we
build a machine learning framework to recognize user’s intention to correct sketch
misrecognitions. The system achieves 86% prediction accuracy. This high accuracy value
indicates that this framework can be realized as a system that eases the burden of fixing the
sketch misrecognition on users. It also shows that eye gaze, especially with its proactive
properties, can be used as a supporting modality for increasing the efficiency of human-
computer interaction, specifically pen based interaction.

We showed that when the sketch misrecognition is incoherent within the scene context
then there is a higher chance that the users detect this misrecognition. Users also tend to
miss sketch misrecognitions as the misrecognition moves from inner visual fields to outer
visual fields. These results coincides with the results acquired from studies on gaze
behaviors on static (no sketching) scenes, indicating that sketch action has no substantial
contribution to human’s visual representation.

We also investigated how much time advantage the system can provide to users before
they take action themselves. The results showed a trade-off between the reliability of the

prediction and the time advantage. The system provides 77.7% accuracy 1 second before
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the users initiate action. The accuracy was higher than chance as much as 2 seconds prior to
the user action.

We analyzed which properties of the eye gaze provided information to differentiate
gaze behavior as the users detected misrecognitions. Hence we grouped the features into
semantically meaningful subgroups; duration, frequency and distance. Among these 3
groups the features indicating the duration of the gaze proved to be the significantly more
informative than other two. Distance group had no significant contribution to prediction
accuracy while frequency group contained enough information to raise the accuracy from
baseline significantly on its own and make a little contribution to duration group though not
significantly. These results indicate that total duration of the gaze spent on sketch
misrecognition has substantial information regardless of how segmented or how distant the
fixations are.

We will investigate how different sketch recognition feedback mechanisms affect gaze
behavior and users’ performance to catch sketch misrecognitions. We will search for
feedback mechanisms that will allow users to realize contextually non-conflicting
misrecognitions with a higher performance.

We also plan on extending the current framework to be able work in real time and
building a real time support system for misrecognition correction. We will investigate
whether the users adapt and change their gaze behavior knowing that the interface will give
support reading their intention. Taking this possible factor into account we plan on develop
different support strategies and evaluate these with user studies.
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APPENDIX

This appendix presents probability and cumulative probability distributions of values
belonging to two different classes for each distribution. Distributions are acquired
empirically. Also Kolmogorov-Smirnov (KS) Statistics is given for each feature. These
probability distributions provide further understanding on how feature values have different
trends for different classes. The green lines with circle markers represent probabilities
(either cumulative or not) for feature values extracted from correction intending gaze
behavior, while red lines with triangle markers show probabilities for the same feature
extracted from other gaze behavior sketch misrecognitions.

DurLastFix: Duration of the Last Fixation (Kolmogorov-Smirnov Statistic= 0.6510)

DurLastFix
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Figure A. 1: Empirical cumulative probability distributions for DurLastFix
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Figure A. 2: Empirical probability distributions for DurLastFix
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NofFix: Number of Fixations (Kolmogorov Smirnov Statistic=0.1370)
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Figure A. 3: Empirical cumulative probability distributions for NofFix

NofFix
0.45 T T

T
—¥— No Intention of Correction

=& Intention of Correction

0.4r-

Distribution
=] (=]
o N e W
N w w [5,]
T T T T

e
w0
T

o
-
T

0.05

Count

Figure A. 4: Empirical probability distributions for NofFix
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MeanDurFix: Mean Duration of Fixations (KS Statistic=0.5587)
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Figure A. 5: Empirical cumulative probability distributions for MeanDurFix
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Figure A. 6: Empirical probability distributions for MeanDurFix
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DurLastVisit: Duration of

the Last Visit (KS Statistic=0.7163)

DurLastVisit

ECDF

= L i

—%— No Intention of Correctioni
~&— |ntetion of Correction
T T T

0
0 500

1000 1500 2000 2500 3000 3500 4000 4500

Ms

5000

Figure A. 7: Empirical cumulative probability distributions for DurLastVisit
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Figure A. 8: Empirical probability distributions for DurLastVisit
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NofVisits:Number of Visits (KS Statistic=0.1953)
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Figure A. 9: Empirical cumulative probability distributions for NofVisits
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Figure A. 10: Empirical probability distributions for NofVisits
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MeanDurVisit : Mean Duration of Visits (KS Statistic=0.5970)
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Figure A. 11: Empirical cumulative probability distributions for MeanDurVisit
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Figure A. 12: Empirical probability distributions for MeanDurVisit
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FixVisit: Fixations per Visit (KS Statistic=0.1116)
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Figure A. 13: Empirical cumulative probability distributions for FixVisit
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Figure A. 14: Empirical probability distributions for FixVisit
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MeanSpan : Mean Span of Approaching Saccades (KS Statistic=0.1023)
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Figure A. 15: Empirical cumulative probability distributions for MeanSpan
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FirstSpan : Span of the First Approaching Saccade (KS Statistic=0.1532)
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Figure A. 17: Empirical cumulative probability distributions for FirstSpan
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LastSpan: Span of the Last Approaching Saccade (KS Statistic=0.0977)
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Figure A. 19: Empirical cumulative probability distributions for LastSpan
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Figure A. 20: Empirical probability distributions for LastSpan
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MeanSpeed : Mean Speed of Approaching Saccades (KS Statistic=0.0959)
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Figure A. 21: Empirical cumulative probability distributions for MeanSpeed
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Figure A. 22: Empirical probability distributions for MeanSpeed
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StdFixTime : Standard Deviation of Fixation Start Times (KS Statistic=0.3536)
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Figure A. 23: Empirical cumulative probability distributions for StdFixTime
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Figure A. 24: Empirical probability distributions for StdFixTime
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StdVisitTime : Standard Deviation of Visit Start Times (KS Statistic=0.3517)

Figure A. 25:
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Figure A. 26: Empirical probability distributions for StdVisitTime
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TimeStimFF : Time Between Stimuli and the First Fixation (KS Statistic=0.2052)
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Figure A. 27: Empirical cumulative probability distributions for TimeStimFF
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Figure A. 28: Empirical probability distributions for TimeStimFF
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TimeFFCor : Time Between the First Fixation and Correction (KS Statistic=0.3403)
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Figure A. 29: Empirical cumulative probability distributions for TimeFFCor
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Figure A. 30: Empirical probability distributions for TimeFFCor
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NofSketchElse: Number of Sketches made Elsewhere During a Fixation (KS
Statistic=0.0443)

MNofSketchElse

1 - =

08 b

07n -
06 .
&
8 05/
w
0.4/
03}
02 .

01+ 1
=—%— No Intention of Correction

~—&— Intetion of Correction
; ;

0 L I !
0 0.5 1 15 2 25 3 35 4

Count

Figure A. 31: Empirical cumulative probability distributions for NofSketchElse
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Figure A. 32: Empirical probability distributions for NofSketchElse



Appendix

66

NofStrokesBtw : Number of Strokes Between Two Fixations (KS Statistic=0.2949)
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Figure A. 33: Empirical cumulative probability distributions for NofStrokesBtw
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Figure A. 34: Empirical probability distributions for NofStrokesBtw
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NofVisitOther : Number of Visits to Other Sketch Recognitions Between 2 Fixations
(KS Statistic=0.2863)
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Figure A. 35: Empirical cumulative probability distributions for NofVisitOther
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Figure A. 36: Empirical probability distributions for NofVisitOther
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VisitDurOther : Duration of Visits to Other Sketch Recognitions Between 2 Fixations
(KS Statistic=0.2865)
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Figure A. 37: Empirical cumulative probability distributions for VisitDurOther
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Figure A. 38: Empirical probability distributions for VisitDurOther
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NofFixEmpty: Number of Fixations to Empty Space Between 2 Fixations ( KS
Statistic=0.3192)
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Figure A. 39: Empirical cumulative probability distributions for NofFixEmpty
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FixDurEmpty: Duration of Fixations to Empty Space Between 2 Fixations (KS
Statistic=0.3353)
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Figure A. 41: Empirical cumulative probability distributions for FixDurEmpty
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Figure A. 42: Empirical probability distributions for FixDurEmpty
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