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MOTIVATION:	No	matter	how	intelligent	machines	become,	they	will	still	need	to	interact
with	humans.	Humans,	while	sometimes	rational	beings,	are	mostly	emotional	beings.	
How	do	we	build	AI	that	understand	what	their	user	is	feeling	and	react	empathetically?

CHALLENGES:	
It	is	burdensome	for	a	user	to	wear	a	multitude	of	sensors.
Cues	such	as	language,	tone	of	voice,	facial	expression,	are	highly	variable	between	
individuals,	and	across	cultures.

BACKGROUND:	Researchers	are	studying	a	variety	of	techniques	to	understand	a	user’s	
motivational/emotional	state:	ubiquitous	sensors,	behavioral	measurements,	physiological	
sensors,	etc.	Multi-modal	sensing	is	indeed	quite	good	at	predicting	emotional	
state/valence-arousal.

INSIGHT:	“Eyes	are	the	windows	to	a	soul”
When	a	person	is	paying	attention	to	something,	they	look	at	it.
When	a	person	is	scared,	pupils	dilate.
In	other	words,	cues	from	the	eye	are	repeatable	across	individuals,	and	generalizable	
across	cultures.

described in this proposal are aimed at learning an individual-specific model of pupillary light
reflex that can be used to correct for this factor in scenarios where lighting cannot be controlled.

Previous work in psychology and vision science has focused on modeling steady state pupil-
lary light response [6, 43, 67, 76, 77]. In contrast, my goal of enabling empathetic human-machine
interaction in real-world settings necessitates an understanding of its temporal dynamics. My ap-
proach is to apply techniques from linear time invariant systems to create models of the light
response function of the pupil, and to develop novel calibration methods that will allow these
models to be fitted to the individual physiology. The fitted model will be used to factor out light
response from pupil diameter measurements, thus yielding a clean index of user engagement (Sec-
tion 3). In contrast to current approaches that burden a user with wearing multiple physiological
sensors, we would be able to assess user engagement with a single light-weight, non-invasive
sensing modality. I propose to evaluate these models and calibration methods by applying them
towards in-disciplinary applications: to assess user engagement in videos and virtual reality, and
to create expressive avatars (Section 4). Finally, I propose an inter-disciplinary aim: to deploy this
technology to create apps for technology-assisted student counseling.
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Figure 1: In this proposal, I will focus on the topics highlighted in yellow. The rest of this diagram
illustrates the landscape made available by the models and methods generated by this proposal.

1.2 Broader Impact:
Humans and machines need to work with each other. A crucial component in a successful work-
ing relationship is the ability to empathize [45]. As sensors are embedded in wearable devices,
phones, tablets, computers, and almost every Internet-capable gadget, research in human emotion
understanding is gaining momentum [1,72]. My work will enable personalized indices of engage-
ment based on a lightweight, non-intrusive sensor. This research will impact emerging societal
needs such as ubiquitous human-machine teams, and physical and mental care-giving.

Machine learning is one of computer science’s most powerful methodologies for creating sys-
tems that perform like humans (or, in some cases, out-perform humans). Supervised learning
approaches have led to some of the largest leaps in computational performance on a variety of
problems, for example, speech processing, face recognition, and image classification. The key en-
abling component in supervised machine learning is the availability of sufficiently large quantities
of labeled data. For emotion understanding, labeled data is hard to get because asking humans to
self report how they are feeling is incredibly noisy [7]. The ideas described in this proposal will
generate implicit annotations, that is, a transformatively large labeled data set.

More broadly, the foundations and methods created in the process will open new opportunities
to measure and quantify user engagement ‘in the wild’. The proposed work includes the devel-
opment of prototypes such as apps that will be deployed by the UF Counselling and Wellness
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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
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RESEARCH DIRECTIONS:	
Assessing	attentional	and	emotional	priorities	using	eye-tracking	data
Creating	expressive	virtual	avatars

xx:16 • P. Raiturkar et al.

6.2 Modeled light response
We use a previously proposed method to factor out brightness induced diameter changes [45]. �is method
models the relationship between pupillary diameter and incident light intensity as a simple linear model. Let the
pupil diameter d at time instant t be proportional to the grayscale image intensity I in the foveal neighborhood
of the gaze position(x ,�). In order to account for the temporal delay between intensity change and pupillary
response [7], a lag parameter � is included in the linear model. �us,

d(t) = d0 + k ⇥ I (t � � ) (4)
where the parameters k and d0 are learned using least squares method for each individual in a static calibration

procedure (as described in Section 3. For each participant, we marked out the pupil constriction minima following
the slides having grayscale intensities 64, 128, 192 and 255. �ese minima values were used to regress the
described linear model. Once these parameters have been �t to each individual, the model predicts what the
measured pupil diameter would be if the only underlying factor was a change in brightness.

Figure 1 shows the response of the pupil to the static calibration procedure. We showed the participant slides
of intensity 0, 32 and 192 for one second each, with 8 seconds of a black �ller slide of intensity 0. As shown in the
�gure, the pupil is more constricted when faced with a higher intensity (Bo�om Le�). �e pupil diameter in mm
is also shown (Center). �e red vertical strips show the duration for which slides of grayscale intensities 32 and
192 were �ashed. Finally, the rightmost portion of the �gure shows an excerpt from an actual video clip (Decay
(short)) for one participant. �e black do�ed curve shows the average grayscale intensity, the thick blue curve
marks the measured raw pupil diameter, while the green do�ed line shows the pupil diameter a�er light re�ex
is removed. We observed, �rst, that the blue and green curves are di�erent. As expected, a dip in the intensity
(black do�ed) results in a corresponding increase in pupil diameter (blue solid). Also, a peak in intensity results
in a pupillary constriction (dip). We observed that when light re�ex is factored out, these pupillary constrictions
are suppressed.

6.3 How well does the modeled light response match ground truth?
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Fig. 10. Figure shows modeled light response (green) and ground truth light response (magenta), along with the average
light intensity in a 2� foveal neighborhood (black) for a single participant (s015) , for the video Decay (short).

In the previous subsections, we have discussed two di�erent methods to measure pupillary light response
on videos. We now compare the predicted light response using the linear model (modeled light response), and
the pupillary measurements from the adaptive calibration procedure (ground truth light response). Figure 10
shows the modeled light response and ground truth light response, along with the average light intensity in a 2�
foveal neighborhood for a single participant (s015). It can be observed that the modeled light response (magenta)
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Figure 6: The distribution of overall correctness for each par-
ticipant. All participants except one have the overall correct-
ness above chance (50%), except one who is thus excluded
from remaining analysis.

scaled videos, we did not take this actor type into account when
calculating the overall percentage correctness. For each participant,
we computed the number of responses that match the actual actor
type across all 36 videos which include both adult videos and child
videos.We then divided the number of correct responses by 36 to get
the overall percentage of correctness. We removed one participant
whose overall percentage of correctness was below chance.

To analyze the data obtained, we used the statistical analysis
tool, R. First, we ran a Shapiro-Wilk test, which indicated that the
distributions of percentage correctness for child and adult videos
(Figure 7) were normal (p = 0.8151 > 0.05, p = 0.8455 > 0.05).
We ran a one-tailed t-test for adult videos and child videos, re-
spectively, to examine if the percentage of correctness is signi�-
cantly above chance. For adult videos, the percentage of correct-
ness (mean=68.36%, SD=12.47%) was signi�cantly above chance (t
= 7.0592, df = 22, p < 0.0001). Similarly for the child videos, the
percentage of correctness (mean=66.91%, SD=14.06%) was signi�-
cantly above chance (t = 5.7664, df = 22, p < 0.0001). These results
con�rmed the �ndings from Jain et al. [2016], that naïve viewers are
able to attribute motion rendered in point-light displays correctly
to children or adults at levels above chance.
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Figure 7: Histogram showing the distributions of the per-
centage of correctness for child videos and adult videos.

7.2 Results by actor type
To understand how well the dynamic scaling method works in
transforming adult motion into child-like motion, we examined
how often survey participants identi�ed motion as belonging to a
child for each actor type they saw. To do so, we de�ne the value
“child response” as the response to the question “Does this motion
belong to a child or an adult?”. Child response is set to 1 if the
response is ‘child’, and 0 otherwise. We de�ne the number of child
responses per participant as the sum of child response for each
actor type, for each participant. We ran a Shapiro-Wilk test and
found that the distributions of the number of child responses for
all videos for each actor type (child, adult, and dynamically scaled
(DS)) were normal (p = 0.8151 > 0.05, p = 0.8455 > 0.05, and
p = 0.1609 > 0.05, respectively). We computed the means and
standard deviations for each actor type (Figure 8, 9a).

We ran a two-way repeated measures ANOVA on number of child
responses with within-subjects factors of actor type (Child, Adult,
DS), and action (“Fly Like a Bird”, “Jump High”, “Jumping Jacks”,
“Run Fast”, “Walk”, “Wave”) and found a signi�cant main e�ect by
actor type (F2,384=57.57, p <0.0001). A Tukey post-hoc test showed
that the following pairs di�er: Adult vs. Child (p <0.001), Child
vs. DS (p <0.001), and Adult vs. DS (p=0.019<0.05) (see Figure 10).
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Figure 8: Figure contains boxplot of the distribution of num-
ber of child responses. The bold bar in the middle shows the
median value.

(a)
Actor Type Mean SD

Child 12.04 2.53
Adult 5.70 2.24
DS 7.35 2.17

(b)
Action Mean SD

Fly like a bird 4.26 1.76
Jump high 4.57 1.56

Jumping jacks 3.22 1.54
Run fast 4.78 1.54
Walk 3.96 2.12
Wave 4.30 2.10

Figure 9: (a) Means and standard deviations of number
of child responses for each actor type. Every participant
watched 18 videos of each actor type. The maximal value of
number of child response is 18. (b) Means and standard de-
viations of number of child responses for each action. Every
participant watched 9 videos of each action. The maximal
value of number of child response is 9.
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Table 1: If the height of an actor is scaled by factor L, its
motion attributes will also be scaled according to the ta-
ble [Hodgins and Pollard 1997].

Quantity Units Geom. Scaling Mass Scaling

basic variables
length L L –
time T L

1/2 –
Motion variables

displacement L L –
velocity LT

�1
L

1/2 –
acceleration LT

�2 1 –
angular displacement – 1 –

angular velocity T

�1
L

�1/2 –
angular acceleration T

�2
L

�1 –

Raibert and Hodgins [1991] and Hodgins and Pollard [1997] ap-
plied dynamic scaling laws to computer generated motion of both
humans and animals to allow an animator to adapt these motions
to humans and animals of di�erent heights. The researchers also
pointed out that, if a motion control system is scaled in a certain
fashion, motion parameters will also be scaled accordingly. Hodgins
et al. [1997] used the scaling laws to modify the controller parame-
ters for a control system that generated adult human motion so that
it would generate motion for a child character. They also pointed
out that dynamic scaling laws can be applied to motion capture data
directly. Inspired by this work, we applied dynamic scaling laws to
motion capture data in our paper to create child-like motion from
adult motion capture data, with the goal of doing away with the
need for new motion capture sessions for child avatar animation.

2.4 Rendering characters
To see the e�ects of the scaling laws on the motion for the purposes
of this paper, after the perception study, we rendered the motion
onto an androgynous manikin character. Rendered characters con-
tain richer information about the motion than point-light displays,
and are often used in character animations. Hodgins et al.’s [1998]
study asserted that subjects are more sensitive to the changes in
running motion in a rendered geometric model compared to a stick
�gure model. Hence, we rendered our motion on a wooden �gure
model rather than a stick �gure in order to amplify and make more
visible the characteristics of the motions such as the speed. How-
ever, rendering realistic motion that matches motion capture data
accurately is challenging, especially for characters with di�erent
skeletons. Gleicher et al. [1998] created a space-time constraint
solver that adapts the motion while maintaining desirable features
of the original motion. We guarded against this problem by modi-
fying the skeleton and the skin mesh of the virtual characters to
match the actors. Feng et al. [2014] also proposed a pipeline to
tackle the challenges faced when preserving physical constraints
of the motion such as foot sliding and foot penetrating. We tackled
the foot sliding and foot penetrating problem by modifying the
position of the hip joint to ensure the foot always stays right on
the ground.

Figure 1: Examples of the test condition for a “Jumping
Jacks” motion shown to the participants. Left: Adult, Cen-
ter: Child, and Right: Dynamically Scaled Adult.

3 BACKGROUND: DYNAMIC SCALING LAWS
Previous work in biomechanics, robotics, and computer graphics
have successfully proposed dynamic scaling laws to transfer motion
from one biped character to its scaled version [Hodgins and Pollard
1997; Raibert and Hodgins 1991]. More speci�cally, when the body
of a human character is scaled by a certain factor L uniformly
across all dimension, its new motion can be found using dynamic
scaling laws (Table 1). The derivation of Table 1 is based on the
assumption that the acceleration of gravity for the two characters
is constant. According to Newton’s law of motion, a = d/T 2, the
acceleration a can be found from the displacement d an object
moves and the time it takesT . For ballistic motions such as jumping,
where the acceleration is the acceleration due to gravity �, if the
displacement is scaled L times, the time duration must be scaled
by sqrt(L) to maintain �. This change implies that the velocity
of the scaled motion can be derived as � = L/T =

p
L. Table 1

summarizes this conversation between the scaled motion and the
original motion. We assumed the dynamically scaled adult and
original adult are geometrically similar. In other words, the skeleton
of a dynamically scaled adult can be generated from scaling an adult
skeleton uniformly along all dimensions. In our case, because all
the actions were performed in place and they only required the
body to move up and down (along �-axis), the lateral (along z-axis)
and horizontal (along x-axis) movement can be ignored. Except
the hip joint, the position of all other joints can be represented
as Euler angles (see Section 5) with respect to their parent joint.
According to dynamic scaling laws, the angular displacement stays
the same during the scaling procedure. Hence only the position of
the hip joint is a�ected. Therefore, we applied the scaling laws to
the following parameters:

(1) The displacement of the hip joint along the �-axis.
(2) The time duration T to complete the action.

4 STIMULI PREPARATION
To prepare the stimuli (point light displays) used in our current
study, we used the motion capture data collected by Jain et al. [2016].
This dataset consists of movement data of four adult actors (ages
22 to 32, all male) and four child actors (ages 5 to 9, two female)
performing a set of six actions, tracked by the Microsoft Kinect.
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out that dynamic scaling laws can be applied to motion capture data
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motion capture data in our paper to create child-like motion from
adult motion capture data, with the goal of doing away with the
need for new motion capture sessions for child avatar animation.
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To see the e�ects of the scaling laws on the motion for the purposes
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solver that adapts the motion while maintaining desirable features
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fying the skeleton and the skin mesh of the virtual characters to
match the actors. Feng et al. [2014] also proposed a pipeline to
tackle the challenges faced when preserving physical constraints
of the motion such as foot sliding and foot penetrating. We tackled
the foot sliding and foot penetrating problem by modifying the
position of the hip joint to ensure the foot always stays right on
the ground.
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ter: Child, and Right: Dynamically Scaled Adult.
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have successfully proposed dynamic scaling laws to transfer motion
from one biped character to its scaled version [Hodgins and Pollard
1997; Raibert and Hodgins 1991]. More speci�cally, when the body
of a human character is scaled by a certain factor L uniformly
across all dimension, its new motion can be found using dynamic
scaling laws (Table 1). The derivation of Table 1 is based on the
assumption that the acceleration of gravity for the two characters
is constant. According to Newton’s law of motion, a = d/T 2, the
acceleration a can be found from the displacement d an object
moves and the time it takesT . For ballistic motions such as jumping,
where the acceleration is the acceleration due to gravity �, if the
displacement is scaled L times, the time duration must be scaled
by sqrt(L) to maintain �. This change implies that the velocity
of the scaled motion can be derived as � = L/T =
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L. Table 1

summarizes this conversation between the scaled motion and the
original motion. We assumed the dynamically scaled adult and
original adult are geometrically similar. In other words, the skeleton
of a dynamically scaled adult can be generated from scaling an adult
skeleton uniformly along all dimensions. In our case, because all
the actions were performed in place and they only required the
body to move up and down (along �-axis), the lateral (along z-axis)
and horizontal (along x-axis) movement can be ignored. Except
the hip joint, the position of all other joints can be represented
as Euler angles (see Section 5) with respect to their parent joint.
According to dynamic scaling laws, the angular displacement stays
the same during the scaling procedure. Hence only the position of
the hip joint is a�ected. Therefore, we applied the scaling laws to
the following parameters:

(1) The displacement of the hip joint along the �-axis.
(2) The time duration T to complete the action.

4 STIMULI PREPARATION
To prepare the stimuli (point light displays) used in our current
study, we used the motion capture data collected by Jain et al. [2016].
This dataset consists of movement data of four adult actors (ages
22 to 32, all male) and four child actors (ages 5 to 9, two female)
performing a set of six actions, tracked by the Microsoft Kinect.
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A	sensing	modality	that	is	generalizable,	
as	well	as	light-weight	and	non-invasive.
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Figure 13: Screenshots showing child actor 290, dynamically scaled adult actor 921, adult actor 921, performing the “Jumping
Jacks” action. Both the child and the dynamically scaled adult complete one jumping jack faster than the adult. In frame 34,
the child and DS actors have their arms back down by the side, but the original adult has yet to complete that jump.
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Figure 13: Screenshots showing child actor 290, dynamically scaled adult actor 921, adult actor 921, performing the “Jumping
Jacks” action. Both the child and the dynamically scaled adult complete one jumping jack faster than the adult. In frame 34,
the child and DS actors have their arms back down by the side, but the original adult has yet to complete that jump.
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Fig. 1. Eyetracking comics viewers allows us to extract the regions that are important to the story, thus
enabling us to apply effects to the objects of interest.

Even if we are able to identify regions that are important to the comic book narrative,23

the process of segmentation and applying effects can still be cumbersome. For exam-24

ple, most commercially available photo editing software provide highly controllable,25

but very labor-intensive manual segmentation methods based on techniques such as26

intelligent scissors [Mortensen and Barrett 1995] or user-assisted matting [Levin et al.27

2008]. We hypothesize that clusters extracted from eyetracking data could help an es-28

tablished off-the-shelf computer vision algorithm, such as color-based superpixels, to29

piece together plausible segments for effects generation (Fig. 1 (b) and (c)).30

Our first contribution is to automatically predict the number of clusters for the spa-31

tial locations of gaze data using relative eigen quality (REQ) in a normalized cut frame-32

work. REQ has recently had success in the computer networks community [Shea and33

Macker 2013], and we have discovered that it is highly suited to gaze data, achieving34

all three ideal eyetracking clustering characteristics, as outlined by Santella and col-35

leagues [2004]. First, it does not require random initialization and has stable results.36

Second, it automatically detects the number of clusters. Third, it is outlier resistant.37

Our second contribution is a semi-automated system to generate segments on a38

scanned comic panel for the purpose of effects generation. We demonstrate results39

on a variety of comic book images. We show that these segments can be used to cre-40

ate visual effects such as recoloring the background/foreground, adding a stereoscopic41

disparity to the important objects, defocusing the background, and simple animations.42

Our third contribution is to explore the use of saliency based visually attended43

locations as an alternative to eyetracking data. We use a Winner-Take-All net-44

work [Walther and Koch 2006] on our comic images to generate visually attended lo-45

cations. This network uses a saliency map as one of its inputs, and we demonstrate46

results with maps from two different saliency models: the model proposed by Judd et47

al. [2009] and the model proposed by Itti et al. [1998]. Clustering and segmentation are48

then performed on these saliency based visually attended locations. We compare these49

generated locations to the scanpath locations generated by a saccadic model [Le Meur50

and Coutrot 2016; Le Meur and Liu 2015] that uses the saliency map from Judd et51

al. [2009] as input. We qualitatively compare the usefulness of the saliency based vi-52

sually attended locations generated by these two methods with actual recorded eye-53

tracking data.54

2. RELATED WORK55

Image segmentation: Automatic image segmentation has been studied extensively56

in computer vision. Individual works are too numerous to list, but there exist estab-57

lished benchmarks [Arbelaez et al. 2011] that compare many state-of-the-art algo-58

rithms with different strengths. For computer graphics applications, and especially for59

comic and graphic novel data, not all objects are equally important. The importance of60

an object in a panel or frame depends on many complex factors, such as context, and61

narrative. Therefore, user driven segmentation tasks [Mortensen and Barrett 1995;62

ACM Transactions on Multimedia Computing, Communications, and Applications (TOMM), Vol. V, No. N, Article A, Publication date: January YYYY.

A:2 Ishwarya Thirunarayanan et al.

Fig. 1. Eyetracking comics viewers allows us to extract the regions that are important to the story, thus
enabling us to apply effects to the objects of interest.

Even if we are able to identify regions that are important to the comic book narrative,23

the process of segmentation and applying effects can still be cumbersome. For exam-24

ple, most commercially available photo editing software provide highly controllable,25

but very labor-intensive manual segmentation methods based on techniques such as26

intelligent scissors [Mortensen and Barrett 1995] or user-assisted matting [Levin et al.27

2008]. We hypothesize that clusters extracted from eyetracking data could help an es-28

tablished off-the-shelf computer vision algorithm, such as color-based superpixels, to29

piece together plausible segments for effects generation (Fig. 1 (b) and (c)).30

Our first contribution is to automatically predict the number of clusters for the spa-31

tial locations of gaze data using relative eigen quality (REQ) in a normalized cut frame-32

work. REQ has recently had success in the computer networks community [Shea and33

Macker 2013], and we have discovered that it is highly suited to gaze data, achieving34

all three ideal eyetracking clustering characteristics, as outlined by Santella and col-35

leagues [2004]. First, it does not require random initialization and has stable results.36

Second, it automatically detects the number of clusters. Third, it is outlier resistant.37

Our second contribution is a semi-automated system to generate segments on a38

scanned comic panel for the purpose of effects generation. We demonstrate results39

on a variety of comic book images. We show that these segments can be used to cre-40

ate visual effects such as recoloring the background/foreground, adding a stereoscopic41

disparity to the important objects, defocusing the background, and simple animations.42

Our third contribution is to explore the use of saliency based visually attended43

locations as an alternative to eyetracking data. We use a Winner-Take-All net-44

work [Walther and Koch 2006] on our comic images to generate visually attended lo-45

cations. This network uses a saliency map as one of its inputs, and we demonstrate46

results with maps from two different saliency models: the model proposed by Judd et47

al. [2009] and the model proposed by Itti et al. [1998]. Clustering and segmentation are48

then performed on these saliency based visually attended locations. We compare these49

generated locations to the scanpath locations generated by a saccadic model [Le Meur50

and Coutrot 2016; Le Meur and Liu 2015] that uses the saliency map from Judd et51

al. [2009] as input. We qualitatively compare the usefulness of the saliency based vi-52

sually attended locations generated by these two methods with actual recorded eye-53

tracking data.54

2. RELATED WORK55

Image segmentation: Automatic image segmentation has been studied extensively56

in computer vision. Individual works are too numerous to list, but there exist estab-57

lished benchmarks [Arbelaez et al. 2011] that compare many state-of-the-art algo-58

rithms with different strengths. For computer graphics applications, and especially for59

comic and graphic novel data, not all objects are equally important. The importance of60

an object in a panel or frame depends on many complex factors, such as context, and61

narrative. Therefore, user driven segmentation tasks [Mortensen and Barrett 1995;62

ACM Transactions on Multimedia Computing, Communications, and Applications (TOMM), Vol. V, No. N, Article A, Publication date: January YYYY.

Iyengar, Khetarpal, Koppal, Le Meur, Shea, 
Jain, ACM Transactions on Multimedia (2017)

Jain, Sheikh, Hodgins, IEEE Computer Graphics & Applications (2016)Jain, Sheikh, Shamir, Hodgins. ACM Transactions on Graphics (2015)

Raiturkar, Kleinsmith, Keil, Banerjee, Jain, ACM Symposium on Applied Perception (2016)

Jain, Anthony, Aloba, Castonguay, Cuba, Shaw, Woodard, ACM Transactions on Applied Perception (2016)

Dong, Paryani, Rana, Aloba, Anthony, Jain, ACM Symposium on Motion in Games (2017)


