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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

A still from Polar Express
Critics’ comments included “lifeless eyes”
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Challenges and Approaches
•

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

•

Collecting data on shape, appearance and movement
2

·

Vitor Pamplona et al.

Human iris

Animated result

PamplonaFig.
et1:al.
(2009),
Photorealistic
High-Quality
Capture of Eyes models for pupil
Comparison of the results predicted by our models against some video of a human iris. (left) One frame of an animation
Pascal Bérard
Derekin
Bradley
Maurizio Nitti
Thabopattern
Beeler deformation.
Markus Gross (center) One frame from a video of a human iris.
simulating
theiridal
changes
pupil diameter
and iridal
light reflex
and
pattern
deformation,
ACM TOG
1) ETH
2) Disney
Research Zurich
(right) Graph comparing
theZurich
measured
pupil diameters
from each individual frame of a nine-second-long video sequence (green
1,2
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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
and,
except
drug-induced
action,
is This
thefigure
single
Figure 1: Weexperience
present a system to
acquire
the shape for
and texture
of an eye at very high
resolution.
showsmost
one of thenoticeable
input images, of such involuntary movements
the reconstructed
eyeball
and
iris
geometry,
and
a
final
render
from
a
novel
viewpoint
under
different
illumination
(left
to
right).
of the pupil.
The human iris is a muscular tissue containing several easily identifiable structures. Together, they define
Abstract
started to consider other facial features, such as facial hair [Beeler
patterns
that
are
deformed
as
a
result
of changes
in the
pupil
diameter.
et al. 2012].
The eye, arguably
the most
important
facial feature, Although pupil light reflex and
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Even though the human eye is one of the central features of indihas so far only received very little attention, especially its shape.
vidual appearance,
its shape
has so far been mostly
approximated
in
iridal
deformations
could
be animated
using standard computer graphics techniques, such as parametric

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

K. Ruhland et al. / A Review of E

One of the earliest systems

Lee, Badler and Badler (2002), Eyes Alive, ACM TOG
Figure 2: Overall system architecture
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Overview of system architecture

Figure 2 depicts the overall system architecture and animation 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-
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Render
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Figure
3: Eye movement
capture using
a head-mounted
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device, and corresponding virtual avatar displaying the recorded
eye movements [MBB12].

turn-taking cue [10] and mutua
engagement and naturalness in hu
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.

Applications to Real-time Avatars
•
•

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.

Conversational agents

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.

Human-robot interaction

nd et al. / A Review of Eye Gaze
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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

4.3 Experimental Proc

We conducted a paired-comparis
room. The study took place on t
event such that many and dive
rapidly recruited during the pu
incomplete block design (v=3,
support rapid trials (maximum
reactions: each participant evalu
pairings. Condition order was ra
counterbalanced among trials.

Participants provided informed
where verbal instructions were gi
stand at a marked area facing the
participate in a handover interac
that the robot would pick up the
hand it to them. They were asked
whenever they felt it was the
unintended cuing, during handov
the field of view of participants.

After receiving the first bottle, p
box approximately 3 meters be
washout between handovers, bre
the robot and the handover, a
Participants then returned to the
robot and participated in a sec
permitted to keep the last bottle g

esearch
Somegement
N13] in

to gennd eyeatically
formablinks,
Markov
n pause
ack. Le
motion

Niewiadomski et al. (2013), Computational
Figure 4: of
Gaze
as one of a number
of coordinated
modalities
models
expressive
behaviors
for
a
virtual
expressing panic and fear in an Embodied Conversational Agent
agent,
Social Emotions in Nature and Artifact
(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 de6
sign of conversational characters. Behaviour Markup Language

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

Figure 3. Demonstration of the experimental set-up and the three conditions at the handover loca
Attention; and c) Turn-Taking. An array of infrared sensors was located at the edge of the table. Th
location where subject’s reach motion is detected. Subjects stood at a specified location m

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
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
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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”

Zhai et al. (1999), Manual and gaze input cascaded (MAGIC) pointing, CHI
Sibert and Jacob. (2000), Evaluation of eye gaze interaction, CHI
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Gaze as Implicit Indicator
•

Usability analysis
•

Can reveal bottlenecks in a user interface

•

Illustrate differences between systems via scan
path analysis techniques

Duchowski (2002), A breadth-first survey of eye-tracking applications,
Behavior Research Methods, Instruments and Computer
Jacob and Karn (2003), Eye tracking in human-computer interaction
and usability research: Ready to deliver the promises, Mind
10

Gaze as Implicit Indicator
•

Gaze contingent applications
•

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

•

Covered by Sumanta Pattanaik in his session

11

Gaze as Implicit Indicator
•

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

Stylization
Abstraction
of Photographs
Can be used
toandmimic
high
level operations
such as painterly abstraction
Doug DeCarlo

Anthony Santella

Department of Computer Science & Center for Cognitive Science
Rutgers University

DeCarlo and
Santella (2002), Stylization and
abstraction
ofandphotographs,
ACM TOG
Abstract
to explain
the objects’ identities
causal histories [Marr 1982;
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
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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-

Gaze as Implicit Indicator
•

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

•

Can be used to mimic sophisticated high level operations

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

(a) original
Original

(b) gaze-based
Gaze-based
crop

(c)
automatic crop
Automatic

gure 1. Cropping can drastically change the impact of a photo. Compared to the original snapshot, a good crop as produced by our gaze-base
stem can improve an image. A poorly chosen crop, as produced by a fully automatic method [29], can be distracting. Automatic methods usin
omputational models
of visual methods
salience confuse
prominent
but unimportant
features
with in
relevant
content.
Herecases,
the yellowe.g.,
light in the upper le
Automatic
using
saliency
models
can
fail
often
simple
ackground is visually prominent but does not contribute to the meaning of the image.

where the yellow light is visually salient, but not relevant to the context.

Our system treats cropping as an optimization problem. It
A key aspect of practical composition, emphasized by pho
earches the space of possible crops
to findet
oneal.
that
respectsGaze-based
tography manuals
(e.g., [14,27])
is being aware of what is i
Santella
(2006),
Interaction
for
he interest of the viewer and abides
by a few basic
rules Cropping,
the viewfinder.
Peterson [27] specifically suggests scannin
Semi-Automatic
Photo
ACM SIGCHI
f composition. Our goal is to create aesthetically pleasing
all four sides of the viewfinder to ensure that only relevan
rops without explicit interaction. Accordingly, we validate
content is included, and that no distracting fragments of ou
ur approach with forced-choice experiments in which sub- 14 side objects intrude. He also suggests “filling the frame” s

Image Operation: Moves on stills
Comic panel

Moves-on-stills

Original images copyright MARVEL

Jain et al. (2012), Inferring Artistic Intention in
Comic Art from Viewer Gaze, ACM SAP
Jain et al. (2016, to appear), Predicting Moves-onStills for Comic Art using Viewer Gaze, IEEE CG&A

Moves-on-Stills
•

•

Advantages:

•
•

Engage the audience

•

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

Panel 3

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

Challenges:

•

Needs a semantic understanding of
the image

•

Need to convert image
understanding into a camera move

Panel
3
Original
image copyright MARVEL

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...”
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CHAPTER VIl

Intensity, Color,
Orientations

Itti and Koch (2001)

EYE MOVEMENTS DURING PERCEPTION OF COMPL

Emotional content

Hollywood trailers
versus natural movies

Niu et al. (2010)

Dorr et al. (2010)

Task: Judge the age or comment on clothes

Cut intervals in film

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.

e movements by the same subject. Each record lasted 3
ed the reproduction with both eyes. 1) Free examination of
ent recordingsessions, the subject was asked to: 2) estimate
'the family in the picture; 3) give the ages of the people;
d been doing before the arrival of the 'unexpected visitor":
n by the people; 6) remember the position of the people and
te how long the "unexpected visitor' had been away from the

Yarbus (1967)

information useful and essential for perception. Elements on which
Carmi and Itti (2006)
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. F i r s t we will
note that special attention o r indifference to the elements of a picture
Record of the eye movements for 3 minutes
is in no way due to the numberFig.
of 110.
details
composing the elements.
seven consecutive parts. The duration of eac

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

SMI RED eyetracker

•
•
•
•
•

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)

ROC Curves / Area Under Curve
ROC curves: Mean curve after leave−one−out.
(Gaze data on word bubbles discarded.)

Mean ROC area for each category. Error bars are standard error of the mean.
(Gaze data on word bubbles discarded.)
1

p<0.05
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0.7
Mean ROC area

Percent inliers
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Amateur snapshots

40
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Watchmen

Aligned Vector Distance

Mean RMSD score

Mean RMSD for each category. Error bars are standard error of the mean.
150

100

50

0

Robot

Amateur Photoessay Ironman
Stimuli category
p<0.05

Sakoe and Chiba (1990)

Watchmen

Finding
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

Image Operation: Moves on stills

Points of
interest
Comic
panel

Eyetracking
device

Gaze data

Pan

PanelTrack
3

Panel 3

Framing
window
parameters

(x,y,size)Panel 4

Panel 4

Rendering the move on still
b/3
b

2b/3

b

2b/3
b/3

Image Operation: Moves on stills
Comic panel

Moves-on-stills

Original images copyright MARVEL

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

Results: World War Hulk
Comic panel

Moves-on-stills

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

Gaze as Implicit Indicator
•

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

•

Can be used to mimic sophisticated high level operations

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
Challenge: What is an appropriate segmentation?

Iyengar, Koppal, Shea, Jain. (2016) Leveraging Gaze Data for
Segmentation and Effects on Comics, ACM SAP poster
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Leveraging
Gaze
Data
for
Seg
Online
Submission
ID:
36
Gaze
as
Input
to
Image
Operations:
Online
Submission
ID:
36
Leveraging Gaze Data for Segme
Segmentation

LeveragingGaze
GazeData
Datafor
forSegmentation
Segmentationand
an
Leveraging

Cluster data to determine regions of interest.
Use
gaze
to assemble
super-pixels
into
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Figure
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Eyetracking
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extract
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that
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1:clusters
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recoloring,
stereoscopy
asas
well
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nline Submission ID: 36

Effects

r Segmentation and Effects on Comics

Defocus

Recolor

Stereo

the regions that are important to the story. We propose to cluster the gaze points
clusters for a normalized graph cut algorithm. We leverage these clustered gaze
omputer vision segmentation algorithms into36a compelling object of interest. This

Effects

Iyengar, Koppal, Shea, Jain. (2016) Leveraging Gaze Data for
Segmentation and Effects on Comics, ACM SAP poster
37

s and

Gaze as Input to Image Operations:
Segmentation

First frame of an image sequence Segmentation obtained from three
(a)
(b)
fixation points

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

the absence of these cues, one
38 has to concentrate on generic

Gaze as Input to Video Operations:
Segmentation

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.

Karthikeyan et al. (2015) Eyetracking assisted extraction of

is achieved by a two step hierarchical association process
probability of being a true positive, i.e., corresponding to
important
objects
from
videos,
CVPR
similar to [19, 23]. attentionally
First, the eye tracking
samples from
all
observing
an object
of interest. Therefore, the true positive
|Tk |
the subjects over an entire video sequence are associated
likelihood of a tracklet is defined as P(Tk |S) = P |Tk | ,
k
in a conservative manner using 3-D mean shift clustering.
where |Tk | 2 (0, 1] is the fraction of eye tracking samples
Eye Spampinato
tracking samples are
normalized
to
have
standard
deviet al. (2015) Using the Eyes to
Objects, ACM Multimedia
in T“See”
k.
ation one in all dimensions and clustered using a flat kernel
The tracklet association priors in (1) are modeled as
with unity bandwidth ensuring invariance to video resoluMarkov Chains.
tion. This gives us visual tracklets representing eye tracking
P(Sl ) = Plink (Tk1 |Tk0 )...Plink (Tkpl |Tkpl 1 ) (2)
data over small potential temporal object segments through
the video sequence. In the next step these tracklets are as-39 where p refers to the number of tracklets associated to form
l

Gaze as Implicit Indicator
•

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

•

Can be used to mimic sophisticated high level operations

Gaze as input to image operations

Gaze as input to video operations

e.g., Cropping, Segmentation

e.g., Segmentation, Editing
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Video Re-editing

Herbie Rides Again 1974 (1.75:1)

Our Result (1:1)

Problem: How would we best present the narrative content in this scene?
Jain, Sheikh, Shamir, Hodgins. Gaze-driven Video Re-editing, ACM TOG (2015)

Problem: Widescreen Video at a
Reduced Aspect Ratio

Original Widescreen Video (1.75:1)

Reduced Aspect Ratio
(Linear Scaling)

(a)frame
Original frame(b) Scaling
(b) Scaling
(c)
(a) Original
(c) Croppin
(1.75:1)
(1:1)
Several intelligent (1.75:1)
retargeting operators:
(1:1)
(1:1)
For images, simply cropping is voted to be visually more pleasing.

Liu and Gleicher (2006) Deselaers et al. (2008) Kopf et al. (2011) Rubinstein et al. (2008)
(A Comparative Study of Image Retargeting, Rubinstein et al., ACM Transactions on Graphics, 2010)
Krahenbuhl et al. (2009) Wang et al. (2010, 2011) … Survey by Shamir and Sorkine (2009)

Figure
2: Commonly
used methods
to re
Figure 2:
Commonly
used methods
to resize
vi
frame,
(b) Scaling
squeezes
the objects
an
frame, (b)
Scaling
squeezes
the objects
and cha
ping removes
(d) Letterboxing
ping removes
content content
(d) Letterboxing
wasteswas
scr

Challenge: Narrative-Important Regions
Predicting is hard, but we can measure…

Speaker

Nodding

(a) Original frame
(b) Scaling
(1.75:1)
Bottom-up factors, top-down
influences, context, motion, audio…(1:1)
Original Widescreen Video (1.75:1)

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

Figure 2: Commonly used methods t
frame, (b) Scaling squeezes the objec

Solution: Recording Viewer Gaze

Subject 1
Subject 2
Subject 3
Participant

Screen

Subject 4
Subject 5

Remote
Eyetracker

Eyetracking data from six subjects

Subject 6

1800

1600

1200

x−coordinate

x-coordinate
x-coordinate

1400

Ease-in

1000

800

Ease-out

600

400

200

0

0

1

50

100

150

200

Frame
number
Time

250

frame #

Place cropping window to best capture viewers’ gaze

Piecewise nonuniform cubic B-spline
Score each trajectory by the number of gaze points enclosed
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)

300

31

350

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)

Gaze as Implicit Indicator
•

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

•

Can be used to mimic sophisticated high level operations

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 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

Gaze as Input to Video Operations:
Summarization

Pupillary dilation: Autonomic nervous
system response to emotional arousal

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

Screen

Remote
Eyetracker

Measurement: Pupillary diameter
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

Light Intensity (lumens)

Online Submi

Measured light intensity versus grayscale image intensity of
calibration slides
40

Session 1
Session 2
Session 3
Session 4
Session 5

30
20
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0
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64

128

192

Grayscale Intensity (0-255)

m)

(a)

Participant 1

255

20
10

Linear 0Model64of Pupillary
Light
Reflex
128
255
192
0

Pupil Diameter (mm) Pupil Diameter (mm)

d(t)

Grayscale Intensity (0-255)
= d0 + k(a)⇤ T (t
)

6
4
I=32

I=64

0

I=96

20

I=128

I=160

I=192

40

Participant 2

I=224

I=255

60

80

5
4
3

I=32

0

I=64

I=96

20

I=128

I=160

40

Time (sec)
(b)

I=192

I=224

60

3.

Figur
agains
cay. A
74 ⇥
foveal
observ

Participant 1

2

Pupil Diam

Session 3
Session 4
Session 5

I=255

80

Normalized Value

Light Intensity

30

0.8

0.6

0.4

0.2

0

Subtracting out Pupillary Light
Online Reflex
Submission ID: 70
Example frame (high arousal)
Average Intensity = 0.4502
Residual
3.1962 mm
(our model)
Error

Measured
diameter
4.1985 mm

1.2

Average Intensity = 0.0759
Measured
diameter
4.1582 mm
Example frame (lower arousal)

Residual
3.6261 mm
(our model)

0.8

0.4

0

De

Online Submission ID: 70

Result

Decoupling Light Reflex from Pupillary Dilation
to Measure Emotional Arousal in Videos
Decay, a zombie video
Score from
raw data
Score after
model applied

Score

1

Scene 1
(moderately
arousing)

Scene 2
(low arousing)

Scene 3
(moderately
arousing)

Scene 4
(highly
arousing)

0
“He’s alive!”

-1
250

650
Scene 1

Camera pans to friend
1050
Frame Number
Scene 2

Furious woman
shouting
1450
Scene 3

Surprise zombie
attack
1850

2200

Scene 4

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.

Raiturkar, Kleinsmith, Keil, Jain. (2016, to appear) Decoupling Light Reflex
from Pupillary Dilation to Measure Emotional Arousal in Videos, ACM SAP

Gaze as Implicit Indicator
•

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

•

Can be used to mimic sophisticated high level operations

Gaze as input to image operations

Gaze as input to video operations

e.g., Cropping, Segmentation

e.g., Segmentation, Editing

58

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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