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Goals

• Applications that use eye tracking data (rather than 
saliency models) 

• An introduction, rather than an exhaustive collection 

• Organization: 

• Eyetracking-driven gaze behavior for animated 
characters 

• Gaze as a source of user priorities
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Gaze Behavior for Animated Characters

• “Eyes are the window to 
the soul.” 

• Very important to create 
lifelike eyes for virtual 
characters
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A still from Polar Express 
Critics’ comments included “lifeless eyes”



Challenges and Approaches

• Challenge 1: Modeling and realistic rendering 
(spheres, texture mapping, iris patterns, etc.) 

• Collecting data on shape, appearance and movement
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2 · Vitor Pamplona et al.

Fig. 1: Comparison of the results predicted by our models against some video of a human iris. (left) One frame of an animation
simulating the changes in pupil diameter and iridal pattern deformation. (center) One frame from a video of a human iris.
(right) Graph comparing the measured pupil diameters from each individual frame of a nine-second-long video sequence (green
line) against the predicted behavior by our model (red line). The gray bars indicate the periods in which the light was kept on
and off. The complete video sequence and corresponding animation are shown in the accompanying video.

1920; Calcagnini et al. 2000]. Pupillary light reflex (PLR) is responsible for the constriction of the pupil
area in highly lit environments and for its dilation in dimmed ones. PLR is an integral part of our daily
experience and, except for drug-induced action, is the single most noticeable of such involuntary movements
of the pupil.

The human iris is a muscular tissue containing several easily identifiable structures. Together, they define
patterns that are deformed as a result of changes in the pupil diameter. Although pupil light reflex and
iridal deformations could be animated using standard computer graphics techniques, such as parametric
representations controlled by velocity curves, we believe that the use of physiologically-based models guided
by physically meaningful parameters can make the process more predictable and automatic, which, in turn,
may result in more realistic and reproducible animations of these movements.

In this paper, we present a physiologically-based model for realistic animation of PLR. Our model com-
bines and extends some theoretical results from the field of Mathematical Biology [Longtin and Milton 1989]
with experimental data collected by several researchers relating pupil diameter to the intensity of environ-
mental light [Moon and Spencer 1944]. The resulting model produces high-fidelity appearance effects and
can be used to produce real-time predictive animations of the pupil and iris under variable lighting condi-
tions (Section 5.4). We model the iridal pattern deformation process by acquiring a set of high-resolution
photographs of real irises at different levels of pupillary dilation and by tracking their features across the
set of images. By analyzing the tracked positions, we obtained a simple analytical expression for the iridal
deformation pattern as a function of the pupil diameter (Section 6). To the best our knowledge, ours are
the first physiologically-based model for simulating pupil light reflex presented in the graphics literature (the
first model ever to simulate individual variability in terms of PLR sensitivity - Section 5.3), as well as the
first model for iridal pattern deformation. Moreover, they are the first practical models (i.e., providing ac-
tual coefficient values) in the literature for simulating the dynamics of pupil and iris under variable lighting
conditions. We demonstrate the effectiveness of our approach by comparing the results predicted by our
models against photographs and videos captured from real human irises (Fig. 1 and 12). Table I summarizes
the main mathematical and physical quantities used in the derivation of the proposed models and considered
throughout this work.

2. RELATED WORK IN COMPUTER GRAPHICS

A few researchers have addressed the issue of realistic human iris synthesis. Lefohn et al. [2003] blend
several textures created by an artist, each containing some eye feature. Other image-based approaches have
ACM Transactions on Graphics, Vol. , No. , 20.
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High-Quality Capture of Eyes

Pascal Bérard1,2 Derek Bradley2 Maurizio Nitti2 Thabo Beeler2 Markus Gross1,2

1) ETH Zurich 2) Disney Research Zurich

Figure 1: We present a system to acquire the shape and texture of an eye at very high resolution. This figure shows one of the input images,
the reconstructed eyeball and iris geometry, and a final render from a novel viewpoint under different illumination (left to right).

Abstract
Even though the human eye is one of the central features of indi-
vidual appearance, its shape has so far been mostly approximated in
our community with gross simplifications. In this paper we demon-
strate that there is a lot of individuality to every eye, a fact that com-
mon practices for 3D eye generation do not consider. To faithfully
reproduce all the intricacies of the human eye we propose a novel
capture system that is capable of accurately reconstructing all the
visible parts of the eye: the white sclera, the transparent cornea and
the non-rigidly deforming colored iris. These components exhibit
very different appearance properties and thus we propose a hybrid
reconstruction method that addresses them individually, resulting
in a complete model of both spatio-temporal shape and texture at
an unprecedented level of detail, enabling the creation of more be-
lievable digital humans. Finally, we believe that the findings of this
paper will alter our community’s current assumptions regarding hu-
man eyes, and our work has the potential to significantly impact the
way that eyes will be modelled in the future.

CR Categories: I.3.3 [Computer Graphics]: Picture/Image
Generation—Digitizing and scanning;

Keywords: Eye capture, Eye modelling, Face reconstruction

Links: DL PDF WEB VIDEO

1 Introduction
Creating photo-realistic digital humans is a long-standing grand
challenge in computer graphics. One of the cornerstones of produc-
ing digital doubles is capturing an actor’s face. Over the past decade
this area has been a topic of intense research, and many different
approaches have been proposed [Ma et al. 2007; Alexander et al.
2010; Bradley et al. 2010; Beeler et al. 2010; Ghosh et al. 2011;
Beeler et al. 2011; Graham et al. 2013; Garrido et al. 2013], most
of which focus on reconstructing the skin surface and its appear-
ance in increasing levels of detail. Only recently have researchers

started to consider other facial features, such as facial hair [Beeler
et al. 2012]. The eye, arguably the most important facial feature,
has so far only received very little attention, especially its shape.

The visible portion of the eye is comprised of the white sclera, the
transparent cornea, and the colored iris, as shown in Figure 2a. In
computer graphics, the shape of the eye is generally approximated
by two spheres, a big one for the sclera and a smaller one for the
cornea [Lefohn et al. 2003; Ruhland et al. 2014]. The iris is often
thought of as a planar disc, or as a cone to fake the refraction of
the cornea. The constriction and dilation of the pupil is typically
modelled as planar, radial motion and the out-of-plane deformation
of the iris is generally neglected [Ruhland et al. 2014]. Figure 2b
shows such a generic CG eye.

sclera

cornea
iris

pupil

retina

lens

a) b) c)

Figure 2: a) Shows a schematic of the human eye denoting the
components referred to in this paper. b) The shape of a generic CG
eye represents only a low order approximation of an individual eye,
while the proposed method reconstructs all its intricacies (c).

In this paper, we argue that generic eye models typically used in
computer graphics are insufficient for capturing the individual iden-
tity of a digital human. While a simple modeled or simulated eye
may be sufficient for background characters, current industry prac-
tices spend significant effort to manually create eyes of hero char-
acters. Our reconstruction method can greatly reduce the time spent
and help increase the realism of the eye. As an example, Figure 2c
presents an eye that is reconstructed by the method proposed in this
paper. Our reconstruction specifically captures the overall shape
and spatial surface variation of the sclera including a detailed vein
texture, the complex shape, texture and deformation of the iris, and
even properties of the transparent cornea including the exact cur-
vature along with the refractive index at the boundary. This exam-
ple demonstrates that the aforementioned assumptions only roughly
approximate the true physiology of the eye, and thus cannot repre-
sent actor-specific details that can greatly increase the realism of a
digital double. Furthermore, the eyeball exhibits strong asymme-
try, contains microscopic surface details and imperfections such as

Human iris Animated result

Berard et al. (2014), High-Quality Capture of Eyes, ACM TOG



Challenges and Approaches

• Challenge 2: Animating gaze behavior  

• Data driven models 

• Playback of recorded animation
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Figure 2: Overall system architecture

3 Overview of system architecture

Figure 2 depicts the overall system architecture and anima-
tion procedure. First, the eye-tracking images are analyzed and
a statistically based eye movement model is generated using
MATLABTM(The MathWorks, Inc.) (Block 1). Meanwhile, for lip
movements, eye blinks, and head rotations, we use the alterEGO
face motion analysis system (Block 2), which was developed at
face2faceTM, Inc2. The alterEGO system analyzes a series of im-
ages from a consumer digital video camera and generates a MPEG-
4 Face Animation Parameter (FAP) file [Petajan 1999; N3055
1999; N3056 1999]. The FAP file contains the values of lip move-
ments, eye blinking, and head rotation [Petajan 1999]. Our prin-
cipal contribution , the Eye Movement Synthesis System (EMSS)
(Block 3) takes the FAP file from the alterEGO system and adds
values for eye movement parameters based on the statistical model.
As an output, the EMSS produces a new FAP file that contains eye-
ball movement as well as the lip and head movement information.
We constructed the Facial Animation System (Block 4) by adding
eyeball movement capability to face2face’s Animator plug-in for
3D Studio MaxTM(Autodesk, Inc.)
In the next section, we will explain the analysis of the eye-

tracking images and the building of the statistical eye model (Block
1). More detail about the EMSS (Block 3) will be presented in
Section 5.

4 Analysis of eye tracking data

4.1 Images from the eye tracker

We analyzed sequences of eye-tracking images in order to extract
the dynamic characteristics of the eye movements. Eye move-
ments were recorded using a light-weight eye-tracking visor (IS-
CAN Inc.). The visor is worn like a baseball cap, and consists of
a monocle and two miniature cameras. One camera views the vi-
sual environment from the perspective of the participant’s left eye
and the other views a close-up image of the left eye. Only the eye
image was recorded to a digital video tape using a DSR-30 dig-
ital VCR (Sony Inc.). The ISCAN eye-tracking device measures
the eye movement by comparing the corneal reflection of the light
source (typically infra-red) relative to the location of the pupil cen-
ter. The position of the pupil center changes during rotation of the
eye, while the corneal reflection acts as a static reference point.

2http://www.f2f-inc.com

(a) (b)

Figure 3: (a) Original eye image from the eyetracker (left), (b) Out-
put of Canny Enhancer (right) distribution

The sample video we used is 9 minutes long and contains infor-
mal conversation between two people. The speaker was allowed to
move her head freely while the video was taken. It was recorded at
the rate of 30 frames per second. From the video clip, each image
was extracted using Adobe PremiereTM(Adobe Inc.). Figure 3 (a)
is an example frame showing two crosses, one for the pupil center
and one for the corneal reflection.
We obtained the image (x,y) coordinates of the pupil center by

using a pattern matching method. First, the features of each image
are extracted by using the Canny operator [Canny 1986] with the
default threshold grey level. Figure 3(b) is a strength image output
by the Canny enhancer. Second, to determine a pupil center the
position histograms along the x and y axes are calculated. Then,
the coordinates of the two center points with maximum correlation
values are chosen. Finally, the sequences of (x,y) coordinates are
smoothed by a median filter.

4.2 Saccade statistics

Figure 4(a) shows the distributions of the eye position in image
coordinates. The red circle is the primary position (PP), where the
speaker’s eye is fixated upon the listener. Figure 4(b) is the same
distribution plotted in 3 dimensions, with the z-axis representing
the frequency of occurrence at that position. The peak in the 3-D
plot corresponds to the primary position.
The saccade magnitude is the rotation angle between its starting

position S(xs,ys) and ending position E(xe,ye), which can be com-

One of the earliest systems

Lee, Badler and Badler (2002), Eyes Alive, ACM TOG
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Figure 3: Eye movement capture using a head-mounted eyetracking
device, and corresponding virtual avatar displaying the recorded
eye movements [MBB12].

An opposing perspective is exemplified by Yeo et al. [YLNP12],
who implemented simple bell-shaped velocity curves with the ra-
tionale that subtle asymmetries of the velocity waveform were
invisible to an observer. Similar methods use triangular velocity
curves [VGSS04], uniform velocity [MH07] and instantaneous ro-
tation [NBF*13] to model saccadic eye movements.

The implementation of the frequency of saccades highly depends
on the task being performed. However, as a general rule the time
between saccades (i.e. fixations) can be modelled as an exponential
distribution [HHA*88], which for example was used by Normoyle
et al. [NBF*13].

3.1.2. Vestibulo-ocular reflex

The VOR acts to stabilize the eyes while they are fixating on an
object during head motion. The VOR is modulated by a direct reflex
via inner-ear vestibular neurons and thus occurs with extremely short
latency, on the order of 7–15 ms [LZ99, chapter 3]. It therefore can
be considered as effectively simultaneous with head movement. It is
easy to implement from a modelling perspective: if the head rotates
with some angle θx , θy , θz, the eyeballs should counter-roll at −θx ,
−θy , −θz. If the eyeballs are radially uniform, their vergence angle
is zero (see Section 3.1.4), and their θz component (corresponding
to lateral head tilt) can be ignored as an additional simplification,
see Anderson [And81] for an example of roll in a non-uniform (cat)
eyeball. Note that the VOR is partially suppressed during large gaze
shifts involving head movement (see Section 3.3). Most animation
papers that parametrically simulated eye movements also included
a VOR component [LBB02, GLBB07, MH07, WLO10, NBF*13,
APMG12a].

3.1.3. Smooth pursuit

The human fixation system is not constrained to static objects. For
example, it is able to make the complex series of saccades required

to read an advertisement on the side of a moving bus. The smooth
pursuit system is responsible for stabilizing moving images on the
retina [LZ99, chapter 4]. It has a response latency intermediate to
that of VOR and saccades, approximately 80–130 ms, and breaks
down at high target speeds of 30 deg s−1 or more [TL86]. Unlike
VOR and saccades, smooth pursuit is more situational and therefore
is not often observed. It can be seen, however, by watching specta-
tors during a sporting match, or by watching a companion looking
out the window of a moving train (technically this is optokinetic
nystagmus, but it is visually similar to smooth pursuit), for exam-
ple. From a simulation perspective, pursuit is considerably harder
to implement than saccades, since it requires a velocity calculation
in addition to the positional one. It is also harder to decide what
to pursue, since motion needs to be added to any underlying atten-
tional model (e.g. Chopra-Khullar and Badler [CKB99], as well as
Section 4). Due to its latency and limited velocity, a simulation of
pursuit usually requires the computation and execution of one or
more catch-up saccades, as well. For these reasons, it is currently
of limited interest to animators, although the object-catching simu-
lation of Yeo et al. [YLNP12] included an elegant implementation.

3.1.4. Vergence

Normally the two eyes are yoked; that is, if one eyeball rotates in a
particular direction, the other will rotate in exactly the same direc-
tion. Vergence [LZ99, chapter 8] is the exception to this rule. If an
object lies on or near the visual midline, the two eyes must rotate in
opposite directions to ensure that the object image appears at the cor-
responding position on both retinas. This process, called fusion, can
accompany both saccades (e.g. if gaze changes from a far periph-
eral target to a close central one) and pursuit (e.g. if a moving target
changes position in depth). Any animation system that calculates
rotation angles for both eyes separately has de facto implemented
vergence, but it is not strictly necessary for non-targeted gaze, such
as that during speech (e.g. Masuko and Hoshino [MH07]) or emo-
tional expression (e.g. Queiroz et al. [QBM08]). Issues in vergence
are exacerbated when the character has large or stylized eyes (see
Section 4.7).

3.2. Eyelid movement

The eyelids are not part of the oculomotor system, but they do inter-
act with it. This, as well as their proximity to the eyeballs, necessi-
tates a brief treatment of eyelid movement here. Normal eye blinks
can be broken into spontaneous, voluntary and reflexive subclasses,
all of which have slightly different eyelid dynamics [VBR*03].
Spontaneous blinks, also called endogenous blinks, are the most in-
teresting, since their frequency is linked to cognitive state and activ-
ity [SWG84, SNJ*07]. Various studies have linked blink occurrence
to attentional processes [NKM*13], fatigue [JTC*07, AWH10], ly-
ing [BBW96] and speech production [NK10]. Blink rates are highly
variable, however. A meta-study found ranges of 1.4–14.4 min−1

during reading, 8.0–21.0 min−1 during primary gaze and 10.5–
32.5 min−1 during conversation [Dou01].

The occurrence of individual blinks can be modelled as a Poisson
process [Gre86]. However, blinks very often occur almost simul-
taneously with the onset of eye and eye–head gaze movements,

c⃝ 2015 The Authors
Computer Graphics Forum c⃝ 2015 The Eurographics Association and John Wiley & Sons Ltd.

McDonnell et al. (2012), Render me real?, ACM TOG



Applications to Real-time Avatars 

• Conversational agents 

• Human-robot interaction
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gaze [PPDR00], has therefore been an important focus of research
for virtual characters engaging in conversation with humans. Some-
times this involves artificial systems being able to detect engagement
through gaze from real conversational partners [NI10, IONN13] in
order to adapt to them.

4.5.1. Speech driven gaze

A number of systems use speech as an input from which to gen-
erate facial expressions involving the mouth, head, eyes and eye-
brows [AHS02]. More recently, Zoric et al. [ZFP11] automatically
generated facial gestures in real time from the prosodic informa-
tion obtained from speech signals. Nods, head movements, blinks,
eyebrow gestures and gaze were generated using Hidden Markov
Models and global statistics. Gaze level fell at the hesitation pause
and rose at the end of the utterance to obtain listener feedback. Le
et al. [LMD12] generated head motion, eye gaze and eyelid motion
simultaneously from speech inputs. Non-linear dynamic

al canonical correlation analysis was used to synthesize gaze from
head motion and speech features. Mariooryad and Busso [MB12]
focused on the generation of head and eyebrow motions from speech
using three Dynamic Bayesian Networks (DBNs). In recent work,
Marsella et al. [MXL*13] utilized semantics based on a shallow
analysis of the utterance text and prosody from the speech signal to
generate head movements, eye saccades, gestures, blinks and gaze
behaviour. Their method outperforms previous approaches that used
prosody alone.

A number of research efforts have considered eye movements
and gaze specifically during situations involving verbal communi-
cation between characters and humans [CCD00]. Vinayagamoorthy
et al. [VGSS04] presented an eye-gaze model for user-controlled
avatars involved in dyadic interactions in shared immersive virtual
environments. Their model accounts for differences in saccade mag-
nitude and the effect of the roles of listener or speaker on gaze and
intersaccadic interval and also generates movements for other parts
of the body. Breton et al. [BPG*06] modelled the gaze behaviour of
conversational characters in real-time multi-modal dialogue with a
group of users. Ishii et al. [IMFN06] proposed a model for animat-
ing the gaze behaviour of an avatar for turn-taking in multi-party
conversations using utterances and a probabilistic state transition
model.

4.5.2. Multi-modal behaviour generation

The automatic generation of conversational behaviour for charac-
ters [CPB*94] involves the generation and coordination of verbal
and non-verbal behaviour over multiple modalities, such as facial
expressions, lip motions, eye gaze, head motion and arm gestures
in order to create meaningful gestures (Figure 4).

For example, systems such as BodyChat [VC98], BEAT [CVB01]
and Spark [Vil04] allowed characters to automatically animate their
own conversational behaviours, including speech, gaze, turn-taking
and backchannel feedback, with minimal user and animator spec-
ification through text input. Bee et al. [BPAW10] combined gaze
and linguistic behaviours to create agents capable of expressing

Figure 4: Gaze as one of a number of coordinated modalities
expressing panic and fear in an Embodied Conversational Agent
(ECA) [NHP13].

social dominance. For an overview of multi-modal coordination,
see Martin et al. [MDR*11].

Initiatives such as SAIBA (Situation, Agent, Intention, Behaviour,
Animation) [KKM*06] are being developed to modularize the de-
sign of conversational characters. Behaviour Markup Language
(BML) [VCC*07], developed as one of three stages in the SAIBA
model, defines multi-modal behaviours, such as gaze, head, face,
body, gesture and speech, among others, in a human-readable XML
mark-up format. BML allows the definition of multi-modal be-
haviours by specifying temporal details for primitive action elements
(see Krenn et al. [KPPP11] for an overview). Another example is the
Affective Presentation Mark-up Language (APML) introduced by
de Carolis et al. [DCPPS04] as part of a Mind–Body interface, where
specified communicative goals and their relations are translated into
the agents behaviour using APML to express their meaning with the
body.

4.6. Eye gaze in HCI and beyond

Eye gaze has been used in a variety of diverse HCI applica-
tions, from video games [SG06] to drones [HAMM14] to allowing
physically impaired users to control their home using their eyes
[BCCDR11]. Gaze has been used to support basic user interaction
tasks, such as keyboard input for pointing and selecting [KPW07].
Advancements in gaze tracking have focused on generic selection
methods for gaze-only controlled interfaces based on gaze ges-
tures [DS07, MLGH10], that is, gestures that consist of a single
point-to-point movement in addition to studies involving eye clo-
sure [HR12] and dwell time [DAH12] for a variety of applications,
including games [WEP*08, EPM08, IHI*10]. The difficulties en-
counter in the evaluation of these systems was addressed by Świrski
and Dodgson [SD14], who generated physically accurate render-
ings of synthesized eyes as ground truth data for video-based gaze
estimators.

Other research has taken multi-modal approaches seeking to aug-
ment eye gaze, for example, with simple head gestures [MHP12,
vM12], voice [WEP*08], hand gestures [YHC*10], facial ex-
pressions [SII04] and touch [SSND11, SD12, TAB*13] and
EMG [CBCA07]. Numerous research efforts have focused on
fast, dwell-free eye-typing [KV12] and text input through contin-
uous movements of the eye [WRS*07, BA08]. Other work has
involved the use of eye gaze for drawing applications [YC06,
Hei13a, JPMG13], in some cases involving the use of both gaze
and voice [vdKS11]. For example, in Heikkilä [Hei13b] gaze

c⃝ 2015 The Authors
Computer Graphics Forum c⃝ 2015 The Eurographics Association and John Wiley & Sons Ltd.

Niewiadomski et al. (2013), Computational 
models of expressive behaviors for a virtual 

agent, Social Emotions in Nature and Artifact

Moon et al. (2013), Meet 
Me Where I’m Gazing, HRI

We tested three different gaze patterns in human-robot handovers, 
as shown in Figure 2. In all conditions, the robot’s gaze tracks its 
end-effector from the grasp position to the ready position as 
though the robot is attending to the acquisition of the bottle. When 
the end-effector arrives at the ready position, the robot’s head is 
tilted downwards towards the end-effector. Only when the robot 
arm transitions between the ready position to handover location 
does the robot transfer its gaze according to the following gaze 
patterns. 
The No Gaze (None) condition is our baseline. The robot head 
remains looking down towards the ground while the end-effector 
extends forward for the handover. 
The Shared Attention (Attn) gaze condition models the most 
frequently observed gaze pattern from our human-human 
handover study. When the robot starts to move from the ready 
position to the handover location, it smoothly transitions its gaze 
(head orientation) from the bottle to the location in space where 
the handover will occur, as an implicit cue intended to direct the 
human’s attention towards the projected handover location. With 
this condition, we test the hypothesis that shared attention can be 
established through gaze during handovers, and that doing so 

benefits the handover interaction. Establishing shared gaze at an 
object or location can serve to direct shared attention (e.g., [20]) 
and can aid in the successful execution of human-robot 
cooperative tasks (e.g., [37]).  
The Turn-Taking (Turn) gaze condition is also derived from our 
human-human handover study, and is analogous to the second 
most frequently observed gaze pattern. When the handover 
trajectory begins, the robot smoothly transfers its gaze to the 
handover location, as in the Shared Attention condition, but then 
shifts its gaze up to the human’s face in a quick motion, reaching 
the final gaze position at approximately the same time that the 
handover motion completes. Here we test two hypotheses: that (a) 
this gaze shift can cue handover timing, and (b) looking at the 
face can improve the subjective experience of the handover. This 
type of gaze shift has been shown to be a meaningful human-robot 
turn-taking cue [10] and mutual gaze can increase the sense of 
engagement and naturalness in human-robot interactions [27, 36].   

4.3 Experimental Procedure 
We conducted a paired-comparison handover study in a controlled 
room. The study took place on the day of a university orientation 
event such that many and diverse naïve participants could be 
rapidly recruited during the public event. We used a balanced 
incomplete block design (v=3, b=96, r=64, k=2, λ=32) to both 
support rapid trials (maximum 5 min.) and include only naïve 
reactions: each participant evaluated one of the three condition 
pairings. Condition order was randomized and presentation order 
counterbalanced among trials. 
Participants provided informed consent, then entered the room 
where verbal instructions were given (Figure 3). They were told to 
stand at a marked area facing the robot, and informed they would 
participate in a handover interaction. Participants were also told 
that the robot would pick up the water bottle placed beside it and 
hand it to them. They were asked to take the bottle from the robot 
whenever they felt it was the right time to do so. To avoid 
unintended cuing, during handovers the experimenters sat out of 
the field of view of participants. 
After receiving the first bottle, participants placed the bottle in a 
box approximately 3 meters behind him/her. This served as a 
washout between handovers, breaking the participant’s focus on 
the robot and the handover, as was done previously in [8]. 
Participants then returned to the same marked area in front of the 
robot and participated in a second handover. Participants were 
permitted to keep the last bottle given to them by the robot.  

 

Figure 2. Depiction of gaze cues: No Gaze (None), Shared 
Attention Gaze (Attn), and Turn-Taking Gaze (Turn). In the 
Turn condition, the robot shifts its gaze from the handover 
location to the human’s face midway through the handover 

motion. 

 

Figure 3. Demonstration of the experimental set-up and the three conditions at the handover location: a) No Gaze; b) Shared 
Attention; and c) Turn-Taking. An array of infrared sensors was located at the edge of the table. The red dotted lines represent the 

location where subject’s reach motion is detected. Subjects stood at a specified location marked on the floor. 



Summary

• Modeling the eye (appearance, shape, movement) 
is crucial for creating compelling virtual characters 

• For a good overview, see the state-of-the-art report
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Ruhland et al. (2015), A review of Eye Gaze in Virtual 
Agents, Social Robotics and HCI: Behaviour Generation, 

User Interaction and Perception, Computer Graphics Forum



Gaze as a Source of User Priorities

• Explicit indicator of what the user wants 
(eye as cursor) 

• Implicit indicator of what the user wants 
(eye reveals what is hard to articulate 
explicitly)
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Gaze as Explicit Indicator  
(Eye as Cursor)

• Can be faster than the mouse 

• Especially important for users with hand mobility 
impairments 

• Need to worry about the “Midas Effect”

9

Zhai et al. (1999), Manual and gaze input cascaded (MAGIC) pointing, CHI

Sibert and Jacob. (2000), Evaluation of eye gaze interaction, CHI



Gaze as Implicit Indicator

• Usability analysis 

• Can reveal bottlenecks in a user interface  

• Illustrate differences between systems via scan 
path analysis techniques

10

Jacob and Karn (2003), Eye tracking in human-computer interaction 
and usability research: Ready to deliver the promises, Mind

Duchowski (2002), A breadth-first survey of eye-tracking applications, 
Behavior Research Methods, Instruments and Computer



• Gaze contingent applications 

• Knowing where people look can lead to efficiency 
in rendering, modeling, compression, etc. 

• Covered by Sumanta Pattanaik in his session
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Gaze as Implicit Indicator



• Knowing where people look provides insight into 
how the brain is processing the visual world  

• Can be used to mimic high level operations 
such as painterly abstraction

12

DeCarlo and Santella (2002), Stylization and abstraction of photographs, ACM TOG

Stylization and Abstraction of Photographs

Doug DeCarlo Anthony Santella

Department of Computer Science & Center for Cognitive Science
Rutgers University

Abstract

Good information design depends on clarifying the meaningful
structure in an image. We describe a computational approach to
stylizing and abstracting photographs that explicitly responds to
this design goal. Our system transforms images into a line-drawing
style using bold edges and large regions of constant color. To do
this, it represents images as a hierarchical structure of parts and
boundaries computed using state-of-the-art computer vision. Our
system identifies the meaningful elements of this structure using a
model of human perception and a record of a user’s eye movements
in looking at the photo; the system renders a new image using trans-
formations that preserve and highlight these visual elements. Our
method thus represents a new alternative for non-photorealistic ren-
dering both in its visual style, in its approach to visual form, and in
its techniques for interaction.

CR Categories: I.3.3 [Computer Graphics]: Picture/Image Gen-
eration; I.4.10 [Image Processing and Computer Vision]: Image
Representation—Hierarchical

Keywords: non-photorealistic rendering, visual perception, eye-
tracking, image simplificatio n

1 Introduction

The success with which people can use visual information masks
the complex perceptual and cognitive processing that is required.
Each time we direct our gaze and attention to an image, our visual
intelligence interprets what we see by performing sophisticated in-
ference to organize the visual field into coherent regions, to group
the regions together as manifestations of meaningful objects, and

to explain the objects’ identities and causal histories [Marr 1982;
Leyton 1992; Hoffman 1998; Regan 2000]. The fact that looking at
a picture so often brings an effortless and detailed understanding of
a situation testifies to the precision and subtlety of these inferences.

Our visual abilities have limits, of course. Good information
design depends on strategies for reducing the perceptual and cog-
nitive effort required to understand an image. When illustrations
are rendered abstractly, designers can take particularly radical steps
to clarify their structure. Tufte [1990] for example suggests mak-
ing detail as light as possible to keep the main point of a presenta-
tion perceptually salient, and warns against adding any detail that
doesn’t contribute to the argument of a presentation. Thus expert
illustration in instruction manuals portrays fine detail only on the
object parts relevant to the current task. When artists purposely
invert these heuristics, as in the popular Where’s Waldo? pictures
[Handford 1987]—which offer the visual system no salient cues to
find their distinguished character—they make extracting visual in-
formation acutely demanding.

This paper describes a computational approach to stylizing and
abstracting photographs that responds in explicit terms to the design
goal of clarifying the meaningful visual structure in an image. Our
approach starts from new image representations that recognize the
visual parts and boundaries inherent in a photograph. These repre-
sentations provide the scaffolding to preserve and even emphasize
key elements of visual form. A human user interacts with the sys-
tem to identify meaningful content of the image. But no artistic
talent is required, nor even a mouse: the user simply looks at the
image for a short period of time. A perceptual model translates the
data gathered from an eye-tracker into predictions about which ele-
ments of the image representation carry important information. The
simplification process itself can now apply an ambitious range of
transformations, including collapsing away details, averaging col-
ors across regions, and overlaying bold edges, in a way that high-
lights the meaningful visual elements. Results are shown above and
in Section 5.

Since we aim for abstraction, not realism, our research falls
squarely within the field of non-photorealistic rendering (NPR)
[Gooch and Gooch 2001]. In the remainder of this section, we sit-
uate our approach within this field and clarify the contribution that
our approach makes. Then, after a review of relevant research in
human and machine vision in Section 2, we describe first our im-
age analysis algorithm in Section 3 and then our perceptual model
and simplificatio n transformations in Section 4.
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• Knowing where people look provides insight into how the 
brain is processing the visual world  

• Can be used to mimic sophisticated high level operations

13

Gaze as Implicit Indicator

Gaze as input to image operations Gaze as input to video operations

e.g., Cropping, Segmentation e.g., Segmentation, Editing



Gaze as Input to Image Operations

14

(a) original (b) gaze-based (c) automatic

Figure 1. Cropping can drastically change the impact of a photo. Compared to the original snapshot, a good crop as produced by our gaze-based
system can improve an image. A poorly chosen crop, as produced by a fully automatic method [29], can be distracting. Automatic methods using
computational models of visual salience confuse prominent but unimportant features with relevant content. Here the yellow light in the upper left
background is visually prominent but does not contribute to the meaning of the image.

Our system treats cropping as an optimization problem. It
searches the space of possible crops to find one that respects
the interest of the viewer and abides by a few basic rules
of composition. Our goal is to create aesthetically pleasing
crops without explicit interaction. Accordingly, we validate
our approach with forced-choice experiments in which sub-
jects compare the aesthetics of crops made using gaze-based
interaction to automatic and handmade crops. Gaze-based
crops were judged superior to all but handmade crops.

The specific contributions of our work include:

• A novel general algorithm for quantifying the importance
of image content based on recorded eye movements.

• Identification and implementation of a set of composi-
tional rules that allow the quantitative evaluation of a crop.

• User studies validating the appropriateness and effective-
ness of our approach in comparison to previous tech-
niques.

We first review relevant background on composition and
identifying important image content. Then we describe and
evaluate our gaze-based cropping algorithm.

BACKGROUND AND RELATED WORK

Composition in psychology and photography
Psychology and art history suggest that good composi-
tion is an objective quality that is amenable to computa-
tional assessment. Art historians have proposed that pleasing
or dynamically balanced composition is a perceptual phe-
nomenon that arises spontaneously from the interaction of
“visual forces” across an image [1, 2]. This view has been
substantiated by experimental research [23, 24, 26] in cog-
nitive psychology. Eye movements may play an important
role in judgments about composition (see Locher [22] for
a review). A similar note is struck in critical discussions
of composition. Graham [13] for example describes how to
compose an image by placing objects that lead the viewer’s
eye on a pleasing path through the scene’s various centers of
interest. Unfortunately, these investigations are largely quali-
tative; no experimentally based model of composition exists.

A key aspect of practical composition, emphasized by pho-
tography manuals (e.g., [14,27]) is being aware of what is in
the viewfinder. Peterson [27] specifically suggests scanning
all four sides of the viewfinder to ensure that only relevant
content is included, and that no distracting fragments of out-
side objects intrude. He also suggests “filling the frame” so
the subject takes up most of the available space. Both tech-
niques are presented as solutions to the tendency of casual
photographers to create disorganized, cluttered images.

In addition to these rules, practical discussions of composi-
tion often mention placement of subject matter according to
geometrical criteria such as centering, the rule of thirds (or
fifths), and the golden ratio. All of these compositional for-
mulas postulate that a composition is pleasing when subject
matter is placed in specific locations. However, it is impor-
tant to recall that all of these “rules” are intended as rules
of thumb: not laws, but heuristics that are as often broken
as obeyed. Nevertheless, these rules are worth investigating
because of their long history of successful use.

Computational approaches to composition
Previous work in automated composition has focused on im-
plementing simple rules for subject placement. The rule of
thirds has been used to position automatically detected fea-
tures of interest in an automatic robot camera [4], and in
prototype on-camera composition assistance [3]. The same
kind of approach, using the rules of thirds and fifths, has
been used to place silhouette edges in automated view se-
lection of 3D models [12]. Another compositional heuristic,
that features should be balanced from left to right, has been
used to arrange images and text objects in a window [25].

Maximizing the area of an image devoted to subject matter
is an alternative standard of composition. Subjects that fill
the frame of a picture are usually considered to have greater
impact. In thumbnailing, tight crops also maximize the size
of important features. Tight thumbnails have been created
by cropping out nearly featureless areas of photographs us-
ing salience techniques [5, 29]. The same goal has been pur-
sued by cutting out important scene elements (identified via
salience and face detection) and pasting them, more closely
packed, into an in-filled background [28]. Both of these tech-

Santella et al. (2006), Gaze-based Interaction for 
Semi-Automatic Photo Cropping, ACM SIGCHI

Original Gaze-based crop Automatic crop

Automatic methods using saliency models can fail in often simple cases, e.g., 
where the yellow light is visually salient, but not relevant to the context. 



Comic panel Moves-on-stills

Jain et al. (2016, to appear), Predicting Moves-on-
Stills for Comic Art using Viewer Gaze, IEEE CG&A

Image Operation: Moves on stills

Jain et al. (2012), Inferring Artistic Intention in 
Comic Art from Viewer Gaze, ACM SAP
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Moves-on-Stills

• Advantages: 

• Engage the audience 

• Engage a strength of digital 
displays (material can be animated) 

• Keep unique characteristic of comic 
art (each panel is a moment frozen 
in time) 

• Challenges: 

• Needs a semantic understanding of 
the image 

• Need to convert image 
understanding into a camera move

Original image copyright MARVELPanel 3 Panel 4

Panel 3 Panel 4



Will Eisner (Comics and Sequential Art, 1985)

“...the artist must...secure control of the reader’s attention and dictate 
the sequence in which the reader will follow the narrative...”



Itti and Koch (2001)

Intensity, Color, 
Orientations

Yarbus (1967)

Task: Judge the age or comment on clothes

174 CHAPTER VIl 

Fig. 109. Seven records of eye movements by the same subject. Each record lasted 3 
minutes. The subject examined the reproduction with both eyes. 1) Free examination of 
the picture. Before the subsequent recordingsessions, the subject was asked to: 2) estimate 
the material ~Pcumstances of 'the family in the picture; 3) give the ages of the people; 
4) surmise what the family had been doing before the arrival of the 'unexpected visitor": 
5) remember the clothes worn by the people; 6) remember the position of the people and 
objects in the room; 7) estimate how long the "unexpected visitor' had been away from the 
family. 

EYE MOVEMENTS DURING PERCEPTION OF COMPLEX OBJECTS 175 

Fig. 110. Record of the eye movements for 3 minutes during free examination, divided into 
seven consecutive parts. The duration of each part is about 25 seconds. 

information useful and essential for perception. Elements on which 
the eye does not fixate, either in fact or  in the observer's opinion, do 
not contain such information. 

Let us now try to explain and prove this statement. Fi rs t  we will 
note that special attention o r  indifference to the elements of a picture 
is in no way due to the number of details composing the elements. 

174 CHAPTER VIl 

Fig. 109. Seven records of eye movements by the same subject. Each record lasted 3 
minutes. The subject examined the reproduction with both eyes. 1) Free examination of 
the picture. Before the subsequent recordingsessions, the subject was asked to: 2) estimate 
the material ~Pcumstances of 'the family in the picture; 3) give the ages of the people; 
4) surmise what the family had been doing before the arrival of the 'unexpected visitor": 
5) remember the clothes worn by the people; 6) remember the position of the people and 
objects in the room; 7) estimate how long the "unexpected visitor' had been away from the 
family. 

EYE MOVEMENTS DURING PERCEPTION OF COMPLEX OBJECTS 175 
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seven consecutive parts. The duration of each part is about 25 seconds. 

information useful and essential for perception. Elements on which 
the eye does not fixate, either in fact or  in the observer's opinion, do 
not contain such information. 

Let us now try to explain and prove this statement. Fi rs t  we will 
note that special attention o r  indifference to the elements of a picture 
is in no way due to the number of details composing the elements. 

Dorr et al. (2010)

Hollywood trailers 
versus natural movies

Carmi and Itti (2006)

Cut intervals in film

Niu et al. (2010)

Emotional content



Stimuli
Comic art Photoessay

Amateur snapshots Robot pictures, 
Kang et al. (2009)

Jain et al. (2012), Inferring Artistic Intention in 
Comic Art from Viewer Gaze, ACM SAP



Experimental Setup

• Nine participants 

• Calibration done to <1.5 degree error (30-40 pixels) 

• Stimuli randomized across the four categories 

• Comprehension questions at random points 

• Self-paced with a minimum amount of time (4 seconds)

SMI RED eyetracker
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Aligned Vector Distance

Sakoe and Chiba (1990)
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Increased consistency in gaze data of viewers 
for comic art

Artists are successful in designing a visual 
route and directing viewers to follow it

- artistic intention can be inferred from 
recorded gaze data

Finding
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Rendering the move on still
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Comic panel Moves-on-stills

Jain et al. (2016, to appear), Predicting Moves-on-
Stills for Comic Art using Viewer Gaze, IEEE CG&A

Image Operation: Moves on stills

Original images copyright MARVEL



Results: World War Hulk
Comic panel Moves-on-stills

Jain et al. (2016, to appear), Predicting Moves-on-
Stills for Comic Art using Viewer Gaze, IEEE CG&A



• Knowing where people look provides insight into how the 
brain is processing the visual world  

• Can be used to mimic sophisticated high level operations
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Gaze as Implicit Indicator

Gaze as input to image operations Gaze as input to video operations

e.g., Cropping, Segmentation e.g., Segmentation, Editing
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Gaze as Input to Image Operations: 
Segmentation

Iyengar, Koppal, Shea, Jain. (2016) Leveraging Gaze Data for 
Segmentation and Effects on Comics, ACM SAP poster

Challenge: What is an appropriate segmentation?
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Leveraging Gaze Data for Segmentation and Effects on Comics

Figure 1: Eyetracking comics viewers allows us to extract the regions that are important to the story. We propose to cluster the gaze points
using relative eigen quality, which predicts the number of clusters for a normalized graph cut algorithm. We leverage these clustered gaze
data points to piece together superpixels obtained from computer vision segmentation algorithms into a compelling object of interest. This
enables a variety of results such as defocusing, recoloring, stereoscopy as well as animations that we show in the accompanying video.

Abstract1

Traditional comics are increasingly being augmented with digital2

effects, such as recoloring, and animation. An open question in this3

endeavor is identifying where in a comic panel the effects should4

be placed. We propose a fast, semi-automatic technique to iden-5

tify effects-worthy segments in a comic panel by leveraging gaze6

data as a proxy for the importance of a region. We take advantage7

of the fact that comic artists influence viewer gaze towards narra-8

tive important regions. By capturing gaze data from multiple view-9

ers, we can identify important regions, and direct a computer vision10

segmentation algorithm to extract these segments. The challenge is11

that gaze data is noisy and difficult to process. Our key contribution12

is to leverage a theoretical breakthrough in the computer networks13

community towards robust and meaningful clustering of eyetrack-14

ing fixation points into semantic regions, without needing the user15

to specify the number of clusters. We present a method based on the16

concept of relative eigen quality that takes a scanned comic image17

and a set of gaze points and produces an image segmentation. We18

demonstrate a variety of effects such as defocus, recoloring, stere-19

oscopy, and animations.20

1 Introduction21

Comics are a captivating medium of storytelling [Comichron 2015;22

ComicBookPlus 2015]. Increasingly, traditional comics are being23

augmented with digital effects (animations, stereoscopy, moves-on-24

stills, etc.) to appeal to a new generation of viewers who primarily25

use hand-held devices. When creating such effects on comic pan-26

els, an open question is where to apply the effects. Applying effects27

to every object is unnecessary, and could even be distracting to the28

viewer. In a fully manual comic digitization workflow, the digital29

artist guesses at what objects in the comic panel would be best high-30

lighted via added effects. We address this challenge by leveraging31

eyetracking data collected from comic book readers. This data nat-32

urally highlights those regions in the comic panel that are the most33

important components for the readers (Figure 1 (a) and (b)).34

Even if we are able to identify regions that are important to the35

comic book narrative, the process of segmentation and applying ef-36

fects can still be cumbersome. For example, most commercially37

available photo editing software provide highly controllable, but38

very labor-intensive manual segmentation methods based on tech-39

niques such as, intelligent scissors [Mortensen and Barrett 1995]40

or user-assisted matting [Levin et al. 2008]. We hypothesize that41

clusters extracted from eyetracking data could help an established42

off-the-shelf computer vision algorithm, such as color-based super-43

pixels, to piece together plausible segments for effects generation44

(Figure 1 (b) and (c)).45

Our first contribution is to automatically predict the number of clus-46

ters for the spatial locations of gaze data using relative eigen quality47

(REQ) in a normalized cut framework. REQ has recently had suc-48

cess in the computer networks community [Shea and Macker 2013],49

and we have discovered that it is highly suited to gaze data, achiev-50

ing all three ideal eyetracking clustering characteristics, as outlined51

by Santella and colleagues [2004]. First, it does not require random52

initialization and has stable results. Second, it automatically detects53

the number of clusters. Third, it is outlier resistant.54

Our second contribution is a semi-automated system to generate55

segments on a scanned comic panel for the purpose of effects gener-56

ation. We demonstrate results on a variety of different comic book57

images. We show that these segments can be used to create vi-58

sual effects such as recoloring the background/foreground, adding59

a stereoscopic disparity to the important objects, defocusing the60

background and simple animations.61

1.1 Related work62

Image segmentation: Automatic image segmentation has been63

studied extensively in computer vision. Individual works are too64

numerous to list, but there exist established benchmarks [Arbelaez65

et al. 2011] that compare many state-of-the-art algorithms with dif-66

ferent strengths. For computer graphics applications, and especially67

for comic and graphic novel data, not all objects are equally impor-68

tant. The importance of an object in a panel or frame depends on69

many complex factors, such as context, and narrative. Therefore,70

user driven segmentation tasks [Mortensen and Barrett 1995; Levin71

et al. 2008] that allowed for extraction of objects and mattes have72

been more successfully adopted by artists and casual users.73

An active vision approach to segmentation by Mishra and col-74

leagues [2009] proposed the idea of segmenting an object by finding75

the enclosing contour around any given fixation point via a graph76

cuts framework where the edge weights are derived from cues such77

as color for monocular images, and stero and motion for video data.78

The assumption here is that every fixation is informative, and there79

is no attempt to filter out stray fixation points, or, to look for con-80
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ers, we can identify important regions, and direct a computer vision10
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that gaze data is noisy and difficult to process. Our key contribution12
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Gaze as Input to Image Operations: 
Segmentation

For videos F-measure
With Motion 0.95 ± 0.01

Without Motion 0.62 ± 0.02
For stereo pairs

With Stereo 0.96 ± 0.02
Without Stereo 0.65 ± 0.02

Table 1. The performance of our segmentation for the videos and
the stereo pairs. See Fig.6

Algorithm F-measure score
Bagon et al. [4] 0.87 ± 0.010
Alpert et al. [2] 0.86 ± 0.012

Our Method 0.83 ± 0.019
NCut [26] 0.72 ± 0.012

MeanShift [28] 0.57 ± 0.023
Table 2. One single segment coverage results. The scores for other
methods except [4] are taken from [2].

method improves significantly. With color and texture cues
only, the strong internal edges prevent the method from trac-
ing the actual depth boundary. (See Fig.6 Row 2). How-
ever, the motion or stereo cues clean the internal edges as
described in section 3 and the proposed method finds the
correct segmentation (Fig.6 Row 3).

To also evaluate the performance of the proposed algo-
rithm in the presence of the monocular cues only, the im-
ages from the Alpert image database [2] has been used.
The Berkeley edge detector [20] provides the probabilistic
boundary maps of these images. The fixation on the image
is chosen at the center of the bounding box around the fore-
ground. Our definition of the segmentation for a fixation is
the region enclosed by the depth boundary which is diffi-
cult to find with the monocular cues only. Table 2 shows
that we perform better than [26, 28] and close to [2, 4]. The
definition of segmentation in [4] is such that for a selected
seed on any of the two horses in Fig.1a, both horses will
be segmented while our segmentation finds only the horse
being fixated at. . In Fig.7, we provide a visual comparison
between the output of the proposed segmentation and the
interactive GrabCut algorithm[24] and Normalized Cut[26]
for some of the difficult images from the Berkeley Segmen-
tation Database[21]. For normalized cut, the best parameter
(between 5 to 20) for each image is manually selected and
the corresponding segmentation is shown in the last row of
Fig.7.

8. Fixation Strategy

The proposed method clearly depends on the fixation
point and thus it is important to select the fixations automat-
ically. Fixation selection is a mechanism that depends on
the underlying task as well as other senses (like sound). In

(a) (b)

Figure 8. (a) the first frame of an image sequence with multiple
fixations in it. (b) the corresponding segmentation. This figure is
best viewed in color.

the absence of these cues, one has to concentrate on generic
visual solutions. There is a significant amount of research
done on the topic of visual attention [30, 16, 25, 11] pri-
marily to find the salient locations in the scene where the
human eye may fixate. For our segmentation framework as
the next section shows, the fixation just needs to be inside
the objects in the scene. As long as this is true, the cor-
rect segmentation will be obtained. Fixation points amount
to features in the scene and the recent literature on features
comes in handy[18, 22]. Although we do not yet have a
definite way to automatically select fixations, we can eas-
ily generate the potential fixations that lie inside most of the
objects in a scene. Fig.8 shows multiple segmentation using
this technique.

8.1. Stability Analysis

Here, we verify our claim that the optimal closed bound-
ary for any fixation inside a region remains same. The pos-
sible variation in the segmentation will occur due to the
presence of bright internal edges in the probabilistic bound-
ary edge map. To evaluate the stability of segmentation
with respect to the location of fixation inside the object, we
devise the following procedure: Choose a fixation roughly
at the center of the object and calculate the optimal closed
boundary enclosing the segmented region. Calculate the av-
erage scale, S

avg

, of the segmented region as
p

Area/⇡.
Now, the new fixation is chosen by moving away from the
original fixation in random direction by n · S

avg

where
n = {0.1, 0.2, 0.3, ..., 1}. If the new fixation lies outside
the original segmentation, a new direction is chosen for the
same radial shift until the new fixation lies inside the orig-
inal segmentation. The overlap between the segmentation
with respect to the new fixation, R

n

, and the original seg-
mentation, R

o

, is given by |R
o

\R

n

|
|R

o

[R

n

| .
We calculated the overlap values for 100 textured regions

and 100 smooth regions from the BSD and Alpert Segmen-
tation Database. It is clear from the graph Fig.9a that the
overlap values are better for the smooth regions than for the
textured regions. Textured regions might have Strong inter-
nal edges making it possible for the original optimal path to

6

Mishra, Aloimonos and Fah. (2009) Active Segmentation with Fixation, ICCV

First frame of an image sequence Segmentation obtained from three 
fixation points
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Figure 3. Block diagram of the proposed approach to extract multiple objects from videos using eye tracking prior. The top row indicates the eye tracking
processing stage. The bottom row is the multiple object extraction framework guided by the visual tracks. Best viewed in color.

is achieved by a two step hierarchical association process
similar to [19, 23]. First, the eye tracking samples from all
the subjects over an entire video sequence are associated
in a conservative manner using 3-D mean shift clustering.
Eye tracking samples are normalized to have standard devi-
ation one in all dimensions and clustered using a flat kernel
with unity bandwidth ensuring invariance to video resolu-
tion. This gives us visual tracklets representing eye tracking
data over small potential temporal object segments through
the video sequence. In the next step these tracklets are as-
sociated to eventually represent dominant visual tracks.

Let the set of all tracklets be denoted by T =

{T1, T2...TN

}, where T
i

denotes an individual track-
let. Similarly, the set of all tracks is denoted as S =

{S1, S2...SM

}. A linkage probablity P
link

(T
q

|T
p

) is de-
fined between every pair of tracklets p and q. We encour-
age linkages between tracklets within close spatio-temporal
proximity and visual characteristics by defining it as a prod-
uct of two terms P

link

(T
q

|T
p

) = P
m

(T
q

|T
p

)P
app

(T
q

|T
p

).
Here, we use a linear model to predict the position of the
head of one tracklet from the tail of another. The error e in
predicting the head of tracklet T

p

from the tail of T
q

is used
to calculate the motion affinity using gaussian distribution,
P
m

(T
q

|T
p

) = N (e; 0,�2
e

I2⇥2). The appearance affinity is
calculated using histogram distance over the video frame
pixels corresponding to the eye tracking samples. The his-
togram distance (d) between the head of T

p

and tail of
T
q

is computed using �2 metric. The appearance affinity
is calculated by an exponential distribution evaluated at d,
P
app

(T
q

|T
p

) = � exp(��d).
Here we assume the likelihoods of the input tracklets are

conditionally independent given S and the tracks {S
l

} are
independent of each other. Now, the association term is de-
composed as

P(S|T ) / P(T |S)P(S)

=

Y

Tk2T
P(T

k

|S)
Y

Sl2S
P(S

l

) (1)

We also assume that a larger tracklet by size has a higher

probability of being a true positive, i.e., corresponding to
observing an object of interest. Therefore, the true positive
likelihood of a tracklet is defined as P(T

k

|S) =

�

|Tk|
P

k �

|Tk| ,
where |T

k

| 2 (0, 1] is the fraction of eye tracking samples
in T

k

.
The tracklet association priors in (1) are modeled as

Markov Chains.

P(S
l

) = P
link

(T
k1 |Tk0)...Plink

(T
kpl

|T
kpl�1) (2)

where p
l

refers to the number of tracklets associated to form
the track S

l

. Thus, the association prior is a product of
transition terms representing linkage probabilities between
tracklets.

As we need to maximize (1), first we convert it into a cost
function by taking negative logarithms. The cost described
in (1) can be optimized by the Hungarian algorithm similar
to the one proposed in [19]. In brief, to associate n tracklets
an n⇥n cost matrix C

link

is built with the non-diagonal en-
tries denoting the tracklet association costs. Another n⇥ n
cost matrix obtained from the true positive probabilities in
the diagonal entries is concatenated with C

link

to generate
a n ⇥ 2n matrix. The optimal tracklet associations which
minimize the cost globally is obtained by the Hungarian as-
signment on this cost matrix. Therefore, the joint cost ma-
trix C

J

of dimensions n⇥ 2n is expressed as

C
J

(p, q) =

8
>><

>>:

� lnP
link

(T
q

|T
p

)� 1
2 [lnP(T

p

|S) + lnP(T
q

|S)]
if p, q  n and p 6= q

� lnP(T
p

|S) if p+ n = q
+1 otherwise

(3)
The optimal tracks are obtained by the Hungarian algo-

rithm on C
J

which assigns every row to a unique column.
Finally, tracks containing above > 20% of the eye tracking
samples are classified as dominant visual tracks. An ex-
ample of visual tracklets and tracks on a video sequence is
shown in Fig. 5. We note that the parameters were chosen
empirically (� = 1,�

e

= 0.2) to give good visual results,
as we do not have ground truth for visual tracks.

Karthikeyan et al. (2015) Eyetracking assisted extraction of 
attentionally important objects from videos, CVPR

Gaze as Input to Video Operations: 
Segmentation

Spampinato et al. (2015) Using the Eyes to “See” Objects, ACM Multimedia
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Gaze as input to image operations Gaze as input to video operations

e.g., Cropping, Segmentation e.g., Segmentation, Editing
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Problem: Widescreen Video at a 
Reduced Aspect Ratio
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(a) Original frame
(1.75:1)

(b) Scaling
 (1:1)

(c) Cropping 
(1:1)

(d) Letterboxing 
(1:1)

Figure 2: Commonly used methods to resize video: (a) Original
frame, (b) Scaling squeezes the objects and characters, (c) Crop-
ping removes content (d) Letterboxing wastes screen space.

Gaze data is considered a strong indicator of video saliency, as it64

identifies what people are attending to in the frame, i.e., what is65

really important from the viewer’s perspective. Previous research66

has established that using information from eyetracking data can67

improve the performance of computational image saliency algo-68

rithms [Judd et al. 2009]. It has also been shown that even rela-69

tively large artifacts in an image remain unnoticed outside the gaze70

area of the viewer [Castillo et al. 2011]. Different automatic mea-71

sures have been proposed for computing visual saliency. However,72

these measures can misfire because they do not take into account73

scene context or storyline. Computing saliency for videos is also74

much more challenging than for still images because additional75

cues, such as motion and audio, may affect the saliency of objects76

in the scene. For example, a pedestrian moving across a flowing77

crowd will immediately become salient because of his opposing78

motion pattern [Rosenholtz 1999], whereas he might not stand out79

in a still taken from the video. In this work, rather than trying to80

create computational models of visual saliency, we let viewers di-81

rectly reveal what is important to them by eyetracking them while82

they watch the original video.83

We use recorded gaze data from several subjects as driving input84

to a RANSAC algorithm that simultaneously finds pan-and-scan85

paths and cuts while retaining the salient content of the original86

video. This approach mimics the approach used by studio profes-87

sionals when a film shot in widescreen format is fitted by hand to88

smaller aspect ratios. The random search algorithm of RANSAC89

provides necessary robustness to individual variation in the gaze90

patterns across subjects and measurement error. To produce a re-91

edited video, we use RANSAC to search for a path that moves92

the cropping window through the video cube while maximizing the93

number of gaze points included. When cuts are required to produce94

a video with adequate coverage of the eyetracking data, RANSAC95

simultaneously finds two paths and an optimal cut between them.96

To close the loop, we evaluate our results based on the principle that97

faithful re-edits must preserve the gaze behavior observed in the98

original video. A comparison of viewer eye movements before and99

after the application of the operators provides a behavioral metric100

to evaluate the quality of the re-edit produced by our algorithm.101

Contributions: We present a method for re-editing original footage102

to fit to a non-native aspect ratio via two operators: pan-and-scan on103

a cropped frame and an operator that introduces cuts in a continuous104

shot. We use recorded viewer gaze to drive the application of the105

two operators, and use the difference between pre- and post-edited106

video to evaluate whether the results are a good representation of107

the original video.108

2 Related Work109

Most previous methods concentrated on resizing or retargeting the110

video content to a different format. The three methods used most111

are scaling, cropping and letterboxing. Scaling simply squeezes (or112

stretches) the video to match the size of the new display device,113

thereby changing the shapes of objects in the video (Figure 2(b)).114

Cropping trims the original video to the desired size, which often115

can result in dropping important content (Figure 2(c)). Letterbox-116

ing places a black matte around the original video when displaying117

it on a different device, which does not utilize all screen space, and118

can create a visual distraction (Figure 2(d)). These limitations have119

led to advances in content-aware retargeting methods: resizing the120

original format video non-uniformly so that it fits the new screen121

size, minimizing the loss and distortion of visually important con-122

tent.123

Two principal classes of methods were introduced for content aware124

retargeting. Discrete methods remove or insert pixels to the image,125

minimizing an energy measure until the modified image reaches126

the target size. These pixels may be removed from the interior of127

the image (seam carving) [Avidan and Shamir 2007] or from the128

edges of the image (content-aware cropping) [Chen et al. 2003; Liu129

and Gleicher 2006]. The extension to video is created by defining130

a cuboid of frames in 3D space-time and removing (or replicat-131

ing) minimal energy 2D manifolds via graph cuts [Rubinstein et al.132

2008]. Content-aware cropping for video data involves comput-133

ing optimal pans or zooms [Liu and Gleicher 2006; Deselaers et al.134

2008]. Continuous methods apply a warping function to each frame135

of the original video such that the shapes of important regions are136

preserved, and distortions (squeezing or stretching) are absorbed137

by unimportant regions [Wang et al. 2008; Wang et al. 2010; Wang138

et al. 2011]. These two classes of methods differ in how they ma-139

nipulate the original video. Discrete methods treat the video as a140

collection of individual pixels, while continuous methods treat the141

video data as a continuous signal that is sampled according to a142

function. Still, the only content-based method guaranteeing that no143

artifacts will occur is pan-and-scan. Moreover, in our re-editing144

framework we extend the low level view of retargeting to include145

semantic temporal decisions for path planning and cutting.146

Both classes of retargeting methods rely on an underlying impor-147

tance map, which guides the algorithm by identifying which re-148

gions of the image or video are most important to preserve. Impor-149

tance maps are generated from cues such as edges, intensity, con-150

trast [Shamir and Sorkine 2009], and optical flow [Liu and Gleicher151

2006; Wang et al. 2009; Wang et al. 2010]. Krahenbuhl and col-152

leagues additionally allow a user to specify regions which should153

remain undistorted [Krähenbühl et al. 2009]. Manual hand-drawn154

binary maps have also been used in [Gal et al. 2006]. Our use of155

eye-gaze data provides a more accurate way to ascertain which re-156

gions of the video should be preserved. Eye tracking has been used157

for image retargeting, first by Santella and colleagues [Santella et al.158

2006] for cropping photographs, and more recently, by Castillo and159

colleagues [Castillo et al. 2011] for providing the saliency map in-160

put to nonlinear image retargeting methods. We extend this idea of161

employing gaze data to video re-editing.162

Dorr and colleagues showed that eye movements are significantly163

more consistent across viewers for Hollywood action movies com-164

pared to movies of natural scenes such as a video taken at a165

beach [Dorr et al. 2010]. As eyetracking technologies become166

cheaper and more easily available (for example, webcam based eye-167

tracking [Agustin et al. 2010; Abbot and Aldo 2011], it will become168

possible to obtain the gold standard for video saliency by simply169

crowdsourcing viewer gaze data collection. Hence, we use eye-170

tracking data both for guiding our optimization as well as for vali-171

dating our results.172
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(a) Original frame
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(b) Scaling
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Figure 2: Commonly used methods to resize video: (a) Original
frame, (b) Scaling squeezes the objects and characters, (c) Crop-
ping removes content (d) Letterboxing wastes screen space.

Gaze data is considered a strong indicator of video saliency, as it64

identifies what people are attending to in the frame, i.e., what is65

really important from the viewer’s perspective. Previous research66

has established that using information from eyetracking data can67

improve the performance of computational image saliency algo-68

rithms [Judd et al. 2009]. It has also been shown that even rela-69

tively large artifacts in an image remain unnoticed outside the gaze70

area of the viewer [Castillo et al. 2011]. Different automatic mea-71

sures have been proposed for computing visual saliency. However,72

these measures can misfire because they do not take into account73

scene context or storyline. Computing saliency for videos is also74

much more challenging than for still images because additional75

cues, such as motion and audio, may affect the saliency of objects76

in the scene. For example, a pedestrian moving across a flowing77

crowd will immediately become salient because of his opposing78

motion pattern [Rosenholtz 1999], whereas he might not stand out79

in a still taken from the video. In this work, rather than trying to80

create computational models of visual saliency, we let viewers di-81

rectly reveal what is important to them by eyetracking them while82

they watch the original video.83

We use recorded gaze data from several subjects as driving input84

to a RANSAC algorithm that simultaneously finds pan-and-scan85

paths and cuts while retaining the salient content of the original86

video. This approach mimics the approach used by studio profes-87

sionals when a film shot in widescreen format is fitted by hand to88

smaller aspect ratios. The random search algorithm of RANSAC89

provides necessary robustness to individual variation in the gaze90

patterns across subjects and measurement error. To produce a re-91

edited video, we use RANSAC to search for a path that moves92

the cropping window through the video cube while maximizing the93

number of gaze points included. When cuts are required to produce94

a video with adequate coverage of the eyetracking data, RANSAC95

simultaneously finds two paths and an optimal cut between them.96

To close the loop, we evaluate our results based on the principle that97

faithful re-edits must preserve the gaze behavior observed in the98

original video. A comparison of viewer eye movements before and99

after the application of the operators provides a behavioral metric100

to evaluate the quality of the re-edit produced by our algorithm.101

Contributions: We present a method for re-editing original footage102

to fit to a non-native aspect ratio via two operators: pan-and-scan on103

a cropped frame and an operator that introduces cuts in a continuous104

shot. We use recorded viewer gaze to drive the application of the105

two operators, and use the difference between pre- and post-edited106

video to evaluate whether the results are a good representation of107

the original video.108

2 Related Work109

Most previous methods concentrated on resizing or retargeting the110

video content to a different format. The three methods used most111

are scaling, cropping and letterboxing. Scaling simply squeezes (or112

stretches) the video to match the size of the new display device,113

thereby changing the shapes of objects in the video (Figure 2(b)).114

Cropping trims the original video to the desired size, which often115

can result in dropping important content (Figure 2(c)). Letterbox-116

ing places a black matte around the original video when displaying117

it on a different device, which does not utilize all screen space, and118

can create a visual distraction (Figure 2(d)). These limitations have119

led to advances in content-aware retargeting methods: resizing the120

original format video non-uniformly so that it fits the new screen121

size, minimizing the loss and distortion of visually important con-122

tent.123

Two principal classes of methods were introduced for content aware124

retargeting. Discrete methods remove or insert pixels to the image,125

minimizing an energy measure until the modified image reaches126

the target size. These pixels may be removed from the interior of127

the image (seam carving) [Avidan and Shamir 2007] or from the128

edges of the image (content-aware cropping) [Chen et al. 2003; Liu129

and Gleicher 2006]. The extension to video is created by defining130

a cuboid of frames in 3D space-time and removing (or replicat-131

ing) minimal energy 2D manifolds via graph cuts [Rubinstein et al.132

2008]. Content-aware cropping for video data involves comput-133

ing optimal pans or zooms [Liu and Gleicher 2006; Deselaers et al.134

2008]. Continuous methods apply a warping function to each frame135

of the original video such that the shapes of important regions are136

preserved, and distortions (squeezing or stretching) are absorbed137

by unimportant regions [Wang et al. 2008; Wang et al. 2010; Wang138

et al. 2011]. These two classes of methods differ in how they ma-139

nipulate the original video. Discrete methods treat the video as a140

collection of individual pixels, while continuous methods treat the141

video data as a continuous signal that is sampled according to a142

function. Still, the only content-based method guaranteeing that no143

artifacts will occur is pan-and-scan. Moreover, in our re-editing144

framework we extend the low level view of retargeting to include145

semantic temporal decisions for path planning and cutting.146

Both classes of retargeting methods rely on an underlying impor-147

tance map, which guides the algorithm by identifying which re-148

gions of the image or video are most important to preserve. Impor-149

tance maps are generated from cues such as edges, intensity, con-150

trast [Shamir and Sorkine 2009], and optical flow [Liu and Gleicher151

2006; Wang et al. 2009; Wang et al. 2010]. Krahenbuhl and col-152

leagues additionally allow a user to specify regions which should153

remain undistorted [Krähenbühl et al. 2009]. Manual hand-drawn154

binary maps have also been used in [Gal et al. 2006]. Our use of155

eye-gaze data provides a more accurate way to ascertain which re-156

gions of the video should be preserved. Eye tracking has been used157

for image retargeting, first by Santella and colleagues [Santella et al.158

2006] for cropping photographs, and more recently, by Castillo and159

colleagues [Castillo et al. 2011] for providing the saliency map in-160

put to nonlinear image retargeting methods. We extend this idea of161

employing gaze data to video re-editing.162

Dorr and colleagues showed that eye movements are significantly163

more consistent across viewers for Hollywood action movies com-164

pared to movies of natural scenes such as a video taken at a165

beach [Dorr et al. 2010]. As eyetracking technologies become166

cheaper and more easily available (for example, webcam based eye-167

tracking [Agustin et al. 2010; Abbot and Aldo 2011], it will become168

possible to obtain the gold standard for video saliency by simply169

crowdsourcing viewer gaze data collection. Hence, we use eye-170

tracking data both for guiding our optimization as well as for vali-171

dating our results.172

2

(A Comparative Study of Image Retargeting, Rubinstein et al., ACM Transactions on Graphics, 2010)

For images, simply cropping is voted to be visually more pleasing.
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Rubinstein et al. (2008)

Several intelligent retargeting operators:

Liu and Gleicher (2006) Deselaers et al. (2008) Kopf et al. (2011)
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Figure 2: Commonly used methods to resize video: (a) Original
frame, (b) Scaling squeezes the objects and characters, (c) Crop-
ping removes content (d) Letterboxing wastes screen space.
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the original video.108
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eye-gaze data provides a more accurate way to ascertain which re-156

gions of the video should be preserved. Eye tracking has been used157
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Dorr and colleagues showed that eye movements are significantly163

more consistent across viewers for Hollywood action movies com-164

pared to movies of natural scenes such as a video taken at a165

beach [Dorr et al. 2010]. As eyetracking technologies become166

cheaper and more easily available (for example, webcam based eye-167
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possible to obtain the gold standard for video saliency by simply169
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Original Widescreen Video (1.75:1)

Challenge: Narrative-Important Regions

NoddingSpeaker

Bottom-up factors, top-down influences, context, motion, audio…

Baluch and Itti (2011) Rudoy et al. (2013) Katti et al. (2014) …
Itti and Koch (2001)Koch and Ullman (1985)Didday and Arbib(1975)

Predicting is hard, but we can measure…



Solution: Recording Viewer Gaze

Remote 
Eyetracker

ScreenParticipant

Eyetracking data from six subjects

Subject 1

Subject 2

Subject 3

Subject 4
Subject 5

Subject 6
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Place cropping window to best capture viewers’ gaze

Piecewise nonuniform cubic B-spline

Ease-in

Ease-out

Cinematic constraints: 
Ease-in-ease-out
Knot distance constrains pan velocity
Switch between two trajectories based on a shift in viewer attention, 
subject to minimum distance (avoid a `jump’ cut)

Score each trajectory by the number of gaze points enclosed



Results

Herbie Rides Again 1974 (1.75:1) Our Result (1:1)  
no zoom

Our Result (1:1)  
zoom parameter=1

Zoom achieved by changing the size of the cropping window based on the 
spread of gaze data in the scene



Validation Via Eyetracking

Blue markers: Result videos  
Red markers:  Original widescreen videos.

Jain, Sheikh, Shamir, Hodgins. Gaze-driven Video Re-editing, ACM TOG (2015) 



• Knowing where people look provides insight into how the 
brain is processing the visual world  

• Can be used to mimic sophisticated high level operations

49

Gaze as Implicit Indicator

Gaze as input to image operations Gaze as input to video operations

e.g., Cropping, Segmentation e.g., Segmentation, Editing



Gaze as Input to Video Operations: 
Summarization

• Video operations such as summarization, 
recommendation, search, categorization, etc. are 
hugely relevant today 

• Challenge: Large amount of data to process. So, 
how can we obtain a prioritization? 

• Gaze?  

• x-y locations tell us spatial prioritization 

• Temporal prioritization?

50



51

Pupillary dilation: Autonomic nervous 
system response to emotional arousal

Gaze as Input to Video Operations: 
Summarization

Katti et al. (2011) Affective Video Summarization and Story Board Generation using 
Pupillary Dilation and Eye Gaze, IEEE International Symposium on Multimedia (ISM) 



Challenge

Measurement: Pupillary diameter

Remote 
Eyetracker

ScreenParticipant

Change in pupillary diameter could be a result of changing 
screen brightness, as well as, viewer’s emotional response 

Can we decouple the emotional response and light response?



Calibration to Changing Brightness
Online Submission ID: 70

40
30
20
10

0
0 64 128 192 255

Session 1
Session 2
Session 3
Session 4
Session 5

Grayscale Intensity (0-255)

Measured light intensity versus grayscale image intensity of 
calibration slides

Li
gh

t I
nt

en
sit

y 
(lu

m
en

s)

(a)

Time (sec)
0 20 40 60 80

6

4

2

5

4

3

Participant 1

Pu
pi

l D
ia

m
et

er
 (m

m
)

I=32

I=32

I=64

I=64

I=96

I=96

I=128

I=128

I=160

I=160

I=192

I=192

I=224

I=224

I=255

I=255

0Pu
pi

l D
ia

m
et

er
 (m

m
)

Participant 2
806020 40

(b)

Figure 2: (a) As a check, we measured the light intensity with a
light meter as the calibration slides were presented to the partici-
pant. (b) The pupil diameter for two participants for the calibration
procedure (blinks not removed). The red markers show the pupil di-
ameter values that were used to fit the regression parameters. The
green markers are the measured pupil diameters at test intensities,
while the blue markers are the values predicted by the linear model.

the regression parameters have been fit to each individual via the175

calibration procedure, the model prediction can be subtracted from176

the pupillary diameter values recorded on each video frame, and177

the residual would be proportional to that individual’s emotional178

arousal.179

Calibration procedure: Each participant is presented with a set of180

slides of increasing grayscale intensities. The slides are uniformly181

colored, with a small white fixation cross to center the participant’s182

gaze. Previous literature has shown that it takes about one second183

for the pupil to constrict in response to brightness change [Bradley184

et al. 2008], and thus, each calibration slide is displayed for one185

second, followed by a black slide (grayscale intensity = 0) for eight186

seconds. As a check, we measured the incident light intensity via187

a Sekonic light meter at the head position of a test participant for188

each slide over multiple sessions. The measured light intensities are189

plotted in Figure 2a.190

Predictive accuracy: Figure 2b illustrates the recorded data for191

two participants. We observe the pupil constrict to regulate the192

amount of light entering the eye. The minimum pupillary diameter193

for each calibration slide is observed to be inversely proportional to194

the grayscale intensity of the slide. As can be seen from this graph,195

our model does not incorporate the dynamics of the pupillary light196

response.We only model the maximum constriction, i.e., the mini-197

mum achieved diameter. The red circular markers (grayscale inten-198

sity I = 64, 128, 192, 255) show the pupil diameter values that were199

used to fit the regression parameters. The dotted line illustrates the200

fit for each individual. The green square markers are the measured201
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Figure 3: Left: The red markers show measured pupil diameter
against normalized intensity for one participant, for the video De-
cay. Average grayscale intensity was computed in a square of size
74 ⇥ 74 pixels around the gaze position (approximating the 2�

foveal neighborhood). Right: The histogram illustrates that the
observed intensity values are non-uniformly distributed.
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Figure 4: Left: Pupil diameter for one participant (red). Aver-
age intensity in the foveal neighborhood (approx 2� visual angle)
around the gaze position (green). Right: Illustration of high inten-
sity peaks, which form ground truth test data for Section 5.

pupil diameters at test intensities I = 32, 96, 160, 224, while the202

blue triangular markers are the values predicted by the linear model.203

We find that the model is a better fit at higher intensity levels than204

at lower intensity levels. The mean errors at the training points for205

the two participants were 0.1306mm (� = 0.0974) and 0.0643mm206

(� = 0.0033), respectively. The mean errors at the test points were207

0.2938mm (� = 0.1131) and 0.1665mm (� = 0.2263), respectively.208

Can the separate calibration procedure be avoided? We hypoth-209

esized that if the pupillary light response is the overwhelming factor210

behind the pupil diameter values recorded on real video, then the211

linear model could be regressed directly from this data (thus avoid-212

ing a separate calibration procedure). Figure 3 shows the recorded213

pupil diameter values plotted against normalized intensity (0� 255214

normalized to 0�1) for an example video. One reason for this weak215

trend could be that all intensity levels were not equally represented;216

there are a much larger number of frames with intensity values of217

0.4 than 0.9. Another possibility is that the viewer is in different218

emotional states even when the intensity of the attended pixels is the219

same. For example, in Figure 4(Left), the thin green curve marking220

the intensity level is almost flat, while the thick red curve marks the221

normalized pupil diameter. Note that the pupil diameter values are222

normalized to lie between 0 and 1 by first subtracting the minimum223

value, and then dividing by the difference between the maximum224

and minimum values.225

4 Data Collection: Pupillary diameter mea-226

sured on short videos227

Eyetracking data was collected on videos that were long enough to228

contain a plot, but had a clear eliciting event, that is, a scene that229

3
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Figure 2: (a) As a check, we measured the light intensity with a
light meter as the calibration slides were presented to the partici-
pant. (b) The pupil diameter for two participants for the calibration
procedure (blinks not removed). The red markers show the pupil di-
ameter values that were used to fit the regression parameters. The
green markers are the measured pupil diameters at test intensities,
while the blue markers are the values predicted by the linear model.

the regression parameters have been fit to each individual via the175

calibration procedure, the model prediction can be subtracted from176

the pupillary diameter values recorded on each video frame, and177

the residual would be proportional to that individual’s emotional178

arousal.179

Calibration procedure: Each participant is presented with a set of180

slides of increasing grayscale intensities. The slides are uniformly181

colored, with a small white fixation cross to center the participant’s182

gaze. Previous literature has shown that it takes about one second183

for the pupil to constrict in response to brightness change [Bradley184

et al. 2008], and thus, each calibration slide is displayed for one185

second, followed by a black slide (grayscale intensity = 0) for eight186

seconds. As a check, we measured the incident light intensity via187

a Sekonic light meter at the head position of a test participant for188

each slide over multiple sessions. The measured light intensities are189

plotted in Figure 2a.190

Predictive accuracy: Figure 2b illustrates the recorded data for191

two participants. We observe the pupil constrict to regulate the192

amount of light entering the eye. The minimum pupillary diameter193

for each calibration slide is observed to be inversely proportional to194

the grayscale intensity of the slide. As can be seen from this graph,195

our model does not incorporate the dynamics of the pupillary light196

response.We only model the maximum constriction, i.e., the mini-197

mum achieved diameter. The red circular markers (grayscale inten-198

sity I = 64, 128, 192, 255) show the pupil diameter values that were199

used to fit the regression parameters. The dotted line illustrates the200

fit for each individual. The green square markers are the measured201
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Figure 3: Left: The red markers show measured pupil diameter
against normalized intensity for one participant, for the video De-
cay. Average grayscale intensity was computed in a square of size
74 ⇥ 74 pixels around the gaze position (approximating the 2�

foveal neighborhood). Right: The histogram illustrates that the
observed intensity values are non-uniformly distributed.
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Figure 4: Left: Pupil diameter for one participant (red). Aver-
age intensity in the foveal neighborhood (approx 2� visual angle)
around the gaze position (green). Right: Illustration of high inten-
sity peaks, which form ground truth test data for Section 5.

pupil diameters at test intensities I = 32, 96, 160, 224, while the202

blue triangular markers are the values predicted by the linear model.203

We find that the model is a better fit at higher intensity levels than204

at lower intensity levels. The mean errors at the training points for205

the two participants were 0.1306mm (� = 0.0974) and 0.0643mm206

(� = 0.0033), respectively. The mean errors at the test points were207

0.2938mm (� = 0.1131) and 0.1665mm (� = 0.2263), respectively.208

Can the separate calibration procedure be avoided? We hypoth-209

esized that if the pupillary light response is the overwhelming factor210

behind the pupil diameter values recorded on real video, then the211

linear model could be regressed directly from this data (thus avoid-212

ing a separate calibration procedure). Figure 3 shows the recorded213

pupil diameter values plotted against normalized intensity (0� 255214

normalized to 0�1) for an example video. One reason for this weak215

trend could be that all intensity levels were not equally represented;216

there are a much larger number of frames with intensity values of217

0.4 than 0.9. Another possibility is that the viewer is in different218

emotional states even when the intensity of the attended pixels is the219

same. For example, in Figure 4(Left), the thin green curve marking220

the intensity level is almost flat, while the thick red curve marks the221

normalized pupil diameter. Note that the pupil diameter values are222

normalized to lie between 0 and 1 by first subtracting the minimum223

value, and then dividing by the difference between the maximum224

and minimum values.225

4 Data Collection: Pupillary diameter mea-226

sured on short videos227

Eyetracking data was collected on videos that were long enough to228

contain a plot, but had a clear eliciting event, that is, a scene that229

3

Linear Model of Pupillary Light Reflex

d(t) = d0 + k ⇤ T (t��)
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Figure 5: Left: Illustration of measured diameter and model prediction on a brighter region and a darker region. Right: Predictive error on
10 brightest points in a video for all seven videos is shown.

6 Does the residual provide a more accurate336

index of emotional arousal?337

In the previous sections, we have described a linear model of bright-338

ness induced pupillary diameter change. We have tested its predic-339

tive accuracy in a controlled test that mimics the calibration proce-340

dure. In order to apply this model to factor out the effect of light341

response from pupil diameter data recorded on real world videos,342

we tested the performance of the model at points where we expected343

the light reflex to dominate other sources of pupillary dilation, i.e.,344

points in the video where the grayscale intensity of the attended345

pixels is brightest. Now, we evaluate the model from an applica-346

tion point of view. The intuition is the following: because pupillary347

diameter is known to increase when the viewer is aroused, does348

factoring out light reflex change the regions of the video that are349

tagged as being exciting to viewers?350

Katti and colleagues [2011] have previously proposed a binning351

based method to convert pupillary diameter measurements from352

multiple viewers into a per-frame emotional arousal score. We com-353

puted an arousal score for our data using their method: For a given354

video, each participant is considered in turn. The mean and stan-355

dard deviation of measured pupil diameters across the entire du-356

ration of the video are computed. Then, the unsigned distance of357

the pupil diameter to the mean (in units of standard deviation) is358

computed for each frame of the video. This distance is smoothed359

via a moving average filter (window size = 4 seconds), and then,360

is binned in steps of 1 (as in [Katti et al. 2011]). The binned val-361

ues are a per-frame score of emotional arousal for this participant.362

We evaluate the impact of our model of pupillary light reflex by363

subtracting the model prediction for each frame from the measured364

pupil diameter value. An underlying assumption is that light re-365

flex and emotional arousal superimpose linearly, and factors such366

as age, cognitive effort, etc. are negligible in this setting.367

Figure 6 shows the measured pupil diameter and residual, and the368

corresponding binned values for one participant, and we see that369

the binned values which index the emotional arousal of the viewer,370

or, alternately, the exciting-ness of the video, are different in the371

two cases. Figure 7 shows the scores computed with light reflex372

factored out as the lighter green line, and the scores without this373

as the darker red line for participants on the video Decay. The re-374

gions marked with a black bounding box illustrate the impact of re-375
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Figure 6: Left: The red line represents the raw pupil diameter, and
the green line represents the residual between raw and predicted
pupil diameter for one participant, for the video Decay. Right: The
red line represents the binned vector computed from raw data. The
green line shows the binned vector computed from data after our
model is applied.

moving light response using the proposed model. We observe that376

the model performs as expected intuitively: for a darker scene, the377

model predicts that light reflex will cause the viewer’s pupil to di-378

late, and thus, the portion of pupillary dilation that can be attributed379

to emotional arousal is less. This is why the green curve is below380

the red curve in the second dotted rectangle in Figure 7.381

Figure 1 shows the average score across all participants for the382

video Decay, after applying the moving average filter. The dark383

blue line represents the score computed from the raw pupil diameter384

measurements, while the lighter pink line represents the score com-385

puted after our model of light reflex has been applied. In Scene 1386

and Scene 3, the residual after factoring out light response causes387

an increased deviation from the mean, resulting in a high score. In388

particular, in the region marked Scene 3, a highly agitated woman389

is screaming at her friend for wanting to leave behind an injured390

member of their party. The brightness of the scene caused an in-391

5

Subtracting out Pupillary Light Reflex
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Decoupling Light Reflex from Pupillary Dilation
to Measure Emotional Arousal in Videos
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Figure 1: Measured pupillary diameter has been previously used as an index of arousal, or, exciting-ness in videos. In this paper, we consider
whether it is possible to factor out the impact of pupillary light reflex on an exciting-ness score computed from pupil diameter data of viewers
watching a video. We model the light reflex as a linear function of the grayscale intensity in the foveal neighborhood of a viewer’s gaze point.
Top: The score computed from raw pupil measurements is shown in dark blue, while the score after our model is applied is shown in lighter
pink. The colored regions denote the portions reported as “exciting” by three independent coders. Bottom: Representative frames from each
of the four scenes where our model has made a significant difference.

Abstract1

Predicting the exciting portions of a video is a widely relevant prob-2

lem because of applications such as video summarization, search-3

ing for similar videos, and recommending videos to users. Re-4

searchers have proposed the use of physiological indices such as5

pupillary dilation as a measure of emotional arousal. The key prob-6

lem with using the pupil to measure emotional arousal is account-7

ing for pupillary response to brightness changes. We propose a8

linear model of pupillary light reflex to predict the pupil diameter9

of a viewer based only on incident light intensity. The residual be-10

tween the measured pupillary diameter and the model prediction is11

attributed to the emotional arousal corresponding to that scene. We12

evaluate the effectiveness of this method of factoring out pupillary13

light reflex for the particular application of video summarization.14

The residual is converted into an exciting-ness score for each frame15

of a video. We show results on a variety of videos, and compare16

against ground truth as reported by three independent coders.17

1 Introduction18

Predicting the regions of high intensity, or, peak emotional arousal19

in videos is a widely relevant problem because of applications such20

as video summarization, searching for similar videos, and recom-21

mending videos to users. Computational solutions to this problem22

have sought to use computer vision to identify regions that are most23

different from the rest of the video, or, score high on factors such as24

motion in the scene, or, contain important objects, and repeated oc-25

currences that indicate the importance of this scene to the storyline26

of the video [Truong and Venkatesh 2007; Money and Agius 2008;27

Feng et al. 2012; Lee et al. 2012; Lu and Grauman 2012; Gygli28

et al. 2014].29

Finding an algorithmic solution to the problem of predicting regions30

of high emotional arousal remains hard because the components31

that go into creating an emotional response in a viewer are com-32

plex. Film-makers have identified devices as varied as color palette,33

theatrical setting, sound effects, actors’ expressions and body lan-34

guage, and of course, dialogue and setup to be just a few of the35

factors that go into creating the desired mis-en-scene. Though there36

have been past efforts to find computational features that quantify37

these concepts [Rasheed and Shah 2002; Rasheed et al. 2005], we38

are still far from a good model of the emotional content of a scene.39

Previous work in psychophysiology has shown that viewers’ re-40

actions to videos is measurable via physiological indices such as41

heart rate variation, galvanic skin response, and pupillary dilation42

[Graham and Clifton 1966; Lang and Cuthbert 1997; Picard et al.43

2001]. Thus, data recorded from viewers could be used as a proxy44

for computationally extracted features. Indeed, researchers in affec-45

tive computing have proposed approaches to summarizing videos46

based on a variety of physiological indices that are correlated with47

emotional arousal. Among these, pupillary dilation stands out be-48

cause it can be collected simultaneously with gaze position via an49

eyetracker, thus, allowing us to know both where a viewer was look-50

ing, and what her arousal level was at that time. However, it is51

an index that is impacted by brightness changes, in addition to the52

1

Result
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• Knowing where people look provides insight into how the 
brain is processing the visual world  

• Can be used to mimic sophisticated high level operations

58

Gaze as Implicit Indicator

Gaze as input to image operations Gaze as input to video operations

e.g., Cropping, Segmentation e.g., Segmentation, Editing



Summary

• Applications that use eye tracking data (rather than 
saliency models) 

• An introduction, rather than an exhaustive collection 

• Organization: 

• Eyetracking-driven gaze behavior for animated 
characters 

• Gaze as a source of user priorities
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• 13th ACM Symposium on Applied Perception (SAP)  

• Co-located with SIGGRAPH 2016 (Anaheim, USA) 

• July 22-23, 2016 

• Goals and Scope: To advance and promote research that crosses the 
boundaries between perception and disciplines such as graphics, visualization, 
vision, haptics and acoustics 

• Website: http://sap.acm.org 

• Long and short papers, posters 

• The strongest long papers have the option to be fast-tracked to a journal 
publication in the ACM Transactions on Applied Perception (TAP)
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