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Course Motivation and Description

Recently, visual sallency has received extensively growing attention across many disciplines including cognitive psychology, neurobiology, image processing, and
computer vision. Based on our observed reaction times and estimated signal transmission times along biological pathways, human attention theories hypothesize that
the human visual system processes only parts of an image in detail, with only limited processing of areas outside of the focus of attention. From an engineering
perspective, such visual attention mechanisms have inspired a series of key research topics in the last few decades. One of the key forces behind these rapid
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- Behavioral Findings

- Computational Models






Everyone knows what attention is.

What is attention? WILLIAM JAMES

father of modern psychology

 Attention is the cognitive process of selectively concentrating on one aspect
of the environment while ignoring other things. Attention has also been
referred to as the allocation of processing resources.

Finding “interesting” information”?

* In principle, very complex task:
- Need to attend to all objects in scene?
- Then recognize each attended object?
- Finally evaluate set of recognized objects against behavioral goals?

* In practice, survival depends on ability to quickly locate and identify important
information.

* Need to develop simple heuristics or approximations:
- Bottom-up guidance towards salient locations [Perceptual]
- Top-down guidance towards task-relevant locations [Cognitive]
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Fovea comprises less than 1% of retinal size but takes up
over 50% of the visual cortex in the brain.



http://www.cns.nyu.edu/~david/courses/perception/lecturenotes/V1/lgn-V1.html




Change blindness

Precursors: visual memory - Observers were found to be poor at detecting change
If old and new displays were separated by an |S| of more than 60-70 ms.
saccades - observers were found to be poor at detecting change, with
detection good only for a change in the saccade target

Two conclusions:

« observers never form a complete,
detailed representation of their
surroundings.

- attention is required to perceive Y )
change, and that in the absence of [ Aol 26 =F o=
localized motion signals it is guided s s
on the basis of high-level "interest".

http://www.psych.ubc.ca/~rensink/flicker/download/






Bottom-up (BU) Attention

Visual salience (or visual saliency) is the distinct subjective
perceptual quality which makes some items in the world stand
out from their neighbors and immediately grab our attention.

Laurent Itti, Scholarpedia



What attracts attention (BU)”

Local image statistics
E.g., Barth et al. '98; Reinagel & Zador '99;
Privitera & Stark ‘00; Parkhurst & Niebur ‘03;
Einhauser et al. “06; Tatler et al. "07

Spatial outliers — Saliency
E.g., Treisman & Gelade ‘80; Koch & Ullman ‘85;
Tsotsos et al. ‘95; Li, ‘98; Itti, Koch & Niebur "98;
Burce & Tsotsos 06; Gao & Vasconcelos "07;
Zhang et al. 07

Temporal outliers — Novelty
E.g., Mueller et al. ‘99; Markou & Singh ‘01;
Theeuwes ‘95; Fecteau & Munoz ‘04

12



TR Colours
uliscale Red, green, blue, yellow,

_} low-level feature —» etc.

extraction \
Intensity
On, off, etc.
Orientations
0°, 45°, 90°,
135°, etc.

Other
Motion, junctions
and terminators

stereo disparity,

shape from shading,
Attended S '
location

e ——————

Inhibition of return

(Winner-takeﬂlD

Centre-surround
differences and

1 spatial competition

Saliency map

Feature
combinations

., Top-down
attentional bias

: : : «ff— and training
Itti et al., PAMI 1998, Itti & Koch, Nat. Rev. Neurosci., 2001









Which cues attract BU visual attention?

- Color contrast - Center-bias

- Intensity contrast - Object center-bias

- Orientation contrast - Symmetry

- Motion - Semantic object distance

- Flicker .

- Context free viewing task usually 3-5 seconds

- Scene layout y

- Text

- Face

- Human body

- Animals

- Depth

- Gaze direction

- Focus of expansion

- Surprise

- Vanishing point - _ | = :
To pinpoint BU attention

See also Wolfe, J.M., Horowitz, T.S. Nature Neuro. 2004

16



Attention Models

As of Nov. 2012

A hierarchical illustration of saliency models.

Information Theoretic Models

Bruce and Tsotsos, 2005 (Spatial)
Rosenholtz, 1998 | !

Torralba, 2003

Cognitive models

Feature Integration Theory (FIT), Triesman and Gelade, 1980

Koch and Uliman, 1985

: Bruce and Hou and Mancas, 2007
: Tsotsos,  Zhang, 2008 Seo and Milanfar,
2008 Sl

! (spatiotemporal)

Wangetal, 2011 }!
i1 Milanse, 1993

/ \\ Niebur

i Yin Li et al, 2009 i Baluja and and Kach, ;
Pomerleau, 1885
[ No [Model Year|t1 f2|f3 f4[f5 f6 f7 f8[ f9 10 111 f12 [113] 14 | 15 bt al, 1998 1994 5
Bottom-up (saliency models) i Salah et al, 2002 | N pe— . : U, :
1 |itti et al. [15] 1998 ; + S s + i f + + CIo C: - - & ]
2 [Privitera & Stark [127] 2000 + -+ -+ + i f o+ o+ . 0 i - Stark and Choi Itti et al., 2003 :
. Bottom-up models 2 [Geleh ex . 531 pecod DUNDE DU DU I i S o oo ;
4 |lttietal. [118] 2003: + - i+ +i+ + + + f + + CIOFM Cc - - ' H
5 [Torralba [93] 2003 - + i+ + +ig + + 0 B DR Torralba et al. Marat et al, 2009 :
6 |Sun & Fisher [118] 2003 : + - + + + - - + Clo G - - Jia Liet al, 2010 .
7 |Gao & Vasconcelos [146] 2004 : - +: + - + + s - + DCT D DR Brodatz, Caltech :
8 |Ouerhani et al. [209] 2004 | + R +i f + + ClO+Corneri C i CC Ouerhani rop, 2006 ]
9 |Boccignone & Ferraro [175] 2004{+ -i+ +i- + - +1if - + Optical Flow: B | - BEHAVE et al. 2006 Navalpakkam :
10 |Frintrop [51] 2005+ +i+ +i+ + + +if/s +/- + CIOM C i - - B and Itti, 2005 :
11 |[ltti & Baldi [145] 2005 i + P+ o+ i+ o+ o+ - i f + + CIOFM B i KLAUC ORIG-MTV. ., 2006 :
12 |Ma et al. [34] 2005 i + FE s - +if o+ o+ M (0] - - 5011 \ Borii et al :
g 13 |Bruce & Tsotsos [144] 2006 + - i+ + + +i f + + DOGICA 1 KL, ROG Bruce and Tsotsos SUIECEU.
- Cognltlve mOdels 14 |Navalpakkam & Itti [52] 2006 - +i+ -i+ - + +ig + + ClO c - 2010 .
15 |Zhai & Shah [104] 2006 . + . + o+ : + o+ + . f + + SIFT 0 i = - 1998 Frintrop, Elazary and '
. . 16 |Harel et al. [120] 2006 ; + Pt A + f + + 10 G i AU Bruce and Tsotsos 20086 Itti, 2010 :
- InformatIOn_theoretIC models 17 |Le Meur et al. [42] 2006 ; + it s S f + + LM* C : CCKL Le Meur et al. E
| i KOCh [38] ERBE &+ =g =pd = & f +/- + Co c . . . lal, 2004 —— Kootstra et al., 2008 ([symmetry model) :
19 |Peters & Itti [102] 2007 i + + i+ +i+ o+ + i + + CIOFM P i KLNSS Peters and ltti i
. 20 [Liu et al. [44] 2007 + + - + - + f - + Liu* G F-measure Regional [T T T T
- G raphlcal mOdels 21 [Shic & Scassellati [75] 2007i+ -i+ +i+ + - +i f + - cloOM ci Roc Shic and Scassellati | Bayesian Models
22 |Hou & Zhang [150] 2007 : + - : + -+ + + i f 1 + FFT, DCT S i NSS DB of Hou and Zhang, 2007 :
. 23 |Cerf et al. [156] 2007 i+ +i+ -i+ - + +if/s + + CIOY) C i AUC Cerfet al. a, 2003 Zhang et al., 2008 :
— S peCt ral —_ an aI S I S m Od e I S 24 |Le Meur et al. [138] 2007 ; + HEE S 3 . T f + + LM* C i CCKL Le Meur et al. al., 2003 (spatial) p
y 25 |Mancas [152] 2007 | + P +i+ o+ o+ o+ i f + + Cl [ CE] Le Meur et al. :
26 |Guo et al.[156] 2008 | + P+ - i+ -+ f + + cCO D{ «cC Self data ]
L H 27 |Zhang et al. [141] 2008 ; + i+ -i+ - + +i f + + DOG,ICA B i KL AUC Bruce and Tsotsos , 2005 (surprise model) :
- DeC | S | O n —t h eo ret I C m Od e I S 28 |Hou & Zhang [151] 2008+ - i+ +i+ + +i f + + ICA 1 i AUC KL Bruce and Tsotsos, ORIG Zhang et al., 2009 '
29 |Pang et al. [103] 2008 + + i+ +i+ + + i f + + CloMm G i Nss ORIG, Self data (spatio-temporal)
. g . 30 [Kootstra et al. [136] 2008 | + e +i f + + Symmetry i Ci CC Kootstragbal.  fr--momome e el
- Pattern classification models |gfmeaiz o, me e e - on Theoretic Models
32 |Rajashekar et al. [174] 2008 § + R +i f + + R* si «cC Rajashekar et al.
33 |Kienzle et al. [165] 2009 + + - + - + f + + 1 P K* Kienzle et al. lconcelos, 2004 [Spatial) :
34 |Marat et al. [50] 2009 ; + R o= R v ] :
35 [Judd et al. [166] 2008 | + O ,1J sncviEvaluatio e 1
36 |Seo & Milanfar [107] 2009 i + P o+l o+ odi ljjj-/j—' /-JJJ'J-'JJJJ :
37 |Rosin [168] 2009 + - i+ i+ - :
38 |YinLietal [171] 2009: - + i+ 4+ + 4+ Vmoer :
39 |Bian & Zhang [159] 2009 : + vl A 3
40 [Diaz et al. [160] 2009 ; + + i+ -
41 |Zhang et al. [142] 2009 : + + +i -+ 1
42 |Achanta et al. [158] 2009 | + A [
43 |(Gao et al. [147] 2009 i + - i+ +i+ + o
44 |Chikkerur et al. [154] 2010 + + i+ i+ - - -~ -y '
45 [Mahadaven & Vasconcelos [106]2010 § + - i + +i - +
46 |Avraham & Lindenbaum [153] 2010 : + + : + - + -
47 |Jia Liet al. [133] 2010f - +i+ +i+ + -
48 |Guo et al. [157] 2008i+ -+ +i+ + ’ - -
49 |Borji et al. [90] 2010 - + i + + . -
50 |Goeferman et al. [47] 2010} + RS P+
51 [Murray et al. [199] 2011 i + i+ P+
52 [Wang et al. [200] 2011 i + P+ s
[ TO - d ow n m o d e I S Top-down (general attention models)
53 [McCallum [163] 1995 + i+ + -
54 |Rao et al. [24] 1995 + i+ + v
55 |Ramstrom & Christiansen [168] 2002 : - + i + - i + - v
19 56 |Sprague & Ballard [108] 2008 - + i+ +i- o+ Note: [ w date s webalt 230 3tay d - B
Yet, few top-down models!” 7 [Romnngeretal (o5 zvai- +i+ -+
J 58 |Navalpakkam & Itti [B81] 2005 - + i + i+
59 [Palleta et al. [164] 2005 -+ + P+ " . . o L
60 |Jodogne & Piater [162] 2007 : + 4+ i+ ’ v
61 |Butko & Movellan [161] 2009: - + i+ 4+ + 4+
62 |Verma & McOwan [213] 2009 : + - i + +
63 |Boriji et al. [89] 2010 + i+ +

Borji et al., IEEE TIP 2012



mit saliency benchmark

results datasets submission downloads

The goal of this website is to be the most up-to-date, online source of saliency model performances and datasets. We believe that a continu
serve as an essential resource to document and promote progress in the field of saliency modeling.

On this site, our contribution is twofold:
(1) We score and report performances for the latest saliency models on our saliency benchmark: the only data sets where human eye movements
and fitting to, the datasets. Go to model performances or submit a new model.

(2) We maintain an up-to-date listing of other saliency datasets and collection procedures, along with all relevant links in order to have a one-stop
Go to datasets.

We continuously update this page with the latest developments in saliency modeling. Please browse around.

citation
If vowrGse any of the results or data on this page, please cite the following:

émisc{mit-saliency-benchmark,
author {2oya Bylinskii and Tilke Judd and Ali Borji and Laurent Itti and Fr{\'e}do Durand and Aude Oliva and Antonio Torralba}
title {MIT Saliency Benchmark},
n9ppublished {http://saliency.mit.edu/}

}
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mit saliency benchmark results: cat2000

The following are results of models evaluated on their ability to predict ground truth human fixations on our benchmark data s
categories with eye tracking data from 24 observers. We post the results here and provide a way for people to submit new mode

citations

Action Black & Whige

Line Drawing

Social

T

i{ §
L

model performances ]
12 models, 4 baselines, 7 metrics, and counting... 24 PEOPIG , 4000 Mages,

20 categories, 32 Billion saccades

20
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Precision (vertical axis) and recall (horizontal axis) curves of saliency methods on 6 popular benchmark datasets.




Shuffled AUC

0.8

Model Benchmarking over Judd et al. 2009 dataset
using shuffled AUC score

Borji et al., IEEE TIP 2012

Still a large gap between
humans and models

Yan
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model performances
46 models, 5 baselines, 7 metrics, and counting...

Performance numbers prior to September 25, 2014.

Matlab code for the metrics we use.

Sorted by: | sAUC

& | metric

AUC-

Model Name Published Code || Judd [siM[?][EMD [?] A”f’? 3“?”" cc?] INsS[?)]| Datetested [key; || SamPle
12 orji [7]f [?] [img]
Baseline: infinite
l;nrs'.t tested: 19/11/2014
[SALICON Xun Huang, Chengyao Shen, Xavier Boix, Qi Zhao 0.87 0.60 .62 0.85 0.74 0.74 .12 Iast tested 20/03/201 5
irst tested: 17/06/2015
SalNet Kevin McGuinness. Unpublished work. 0.83 0.52 3.31 0.82 0.69 0.58 1.51 ast tested: 17/06/2015
maps from authors
LVI ian Liu, Junwei Han, Dingwen Zhang, Shifeng I,
’ : : . t tested: 11/08/2015
ultiresolution CNN Wen, Tianming Liu. Predicting Eye Fixations oo
(Mr-CNN) sing Convolutional Neural Networks [CVPR 0.77 p.45 33 078 e k@b [l Iasttest e,d 1“0 ?{2015
015] ‘...\‘\: ’ ! |
ton Garcia-Diaz, Victor Leboran, Xose R. Fdez- =N
jAdaptive Whitening |[Vidal, Xose M. Pardo. On the relationship 'a|3t testgd 23/09'2014
liency Model tween optical variability, visual saliency, and |matlab 0.74 0.43 4.62 0.73 0.68 0.37 1.01 L, T4 A urlk
) ye fixations: A computational approach [JoV STArNAT § f’u _}': pr
icolas Riche, Matei Mancas, Matthieu Duvinage,
akiese Mibulumukini, Bernard Gosselin, Thierry
IRARE2012 utoit. RARE2012: A multi-scale rarity-based | 0p, 077 |b4s |11 [p75s [o67 [p42 |15 T'ar:tt :::::g 2310002014
liency detection with its comparative . % : : 3 ' ; mans from authors
tatistical analysis [Signal Processing: Image P e
ommunication, 2013]
atthias Kimmerer, Lucas Theis, Matthias
Deep Gaze 1 thge. Deep Gaze I: Boosting Sallency bod b ber [bes bes bae hie lom :2:};’3 gg:ggg: y
rediction with Feature Maps Trained on ’ [ ’ ’ ’ ’ ’ B S i e
mageNet [arxiv 2014] = —
Iast tested 23/09/2014
naps irom coge
INeil Bruce, John Tsotsos. Attention based on DL:15/01/2014) with
AIM information maximization [JoV 2007] matlab 077 [p40 W73 (075 [p66 P31 [0.79 params: resize=0
DNvVoive=1,
thebasis='31infc x975'
Xiaodi Hou, Jonathan Harel, Christof Koch. Image irst tested: 19/06/2014
Image Signature Eignature: Highlighting Sparse Salient Regions |matlab 0.75 0.43 4.49 0.74 0.66 0.38 1.01 ast tested 23!09/2014
PAMI 2011] 1ps from author
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Scores

« Fixation Prediction Refs:
« AUC (I spotted 4 types of AUC) ~ _
. NSS * Borji and Itti, PAMI 2013
- CC  Peters and Itti, TAP 2008
: EkAD e Alsam and Sharma,
« Percentile SCIA 2013
« Fixation Saliency Method (FS)
« String Editing Distances Problem with SAUC

« Average Accuracy Score (AAS)
« Similarity score
« Saliency Detection

« AUC
o Precision-Recall

e Mean Error Rate

Saliency and Human Fixations: State-of-the-art and Study of Comparison Metrics, Riche et al., ICCV 2013
How close are we to understanding image-based saliency? Bethge et al., arXiv, 20414



—ffect of gaze direction

e Do observers follow the
gaze direction In viewing
natural scenes?”?

e How are gaze direction and
BU saliency related?

e How can gaze direction help
fixation prediction”?

Complementary effects of gaze direction and saliency

in free viewing of natural scenes,
Borji et al., JOV 2014

See for example

- Frischen et al., Psychological bulletin, 2007 Augmented saliency model using automatic 3D head
- Morales et al., Infant Behavior and pose detection and learned gaze following in natural
Development, 1998 scenes

Parks, Borji and Itti, VR 2015
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Predicting saccade direction

- Do observers saccade at the direction of the gaze more than random (chance)
and max saliency directions?

* Analysis is done over all saccades that leave the head region

image | in the pair eye movements saliency map

image 2 in the pair

27



Predicting fixation location

e Building a cone model
e Sometimes this simple model

outperforms the best saliency model

gaze >= saliency

S ol
ey
§ o7 b
g‘ 06 |
& o
mean = 0.7815
| : 302/305 ~ 99% T
0.3 1 . . . : . .
04 0.4 05 06 07 08 09 1 o g 3 B
Per Image Gaze AUC # of Images

e How about a combined
model of saliency
and gaze direction”

Parks, Borji and Itti, VR 2015




—ffect of vanishing point

Vanishing Point Attracts Eye Movements in Scene Free-viewing
A Borji, M Feng, H Lu

arXiv preprint arXiv:1505.03578

Fixation prediction with a combined model of bottom-up saliency and vanishing point
M Feng, A Boriji, H Lu

Submitted.
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A hierarchical illustration of saliency models.

Information Theoretic Models Cognitive models

Bruce and Tsotsos, 2005 (Spatial) i Feature Integration Theory (FIT), Triesman and Gelade, 1980

Attention Models

As of Nov. 2012

Rosenholtz, 1998

Torralba, 2003

5 Bruce and Hou and Mancas, 2QD7 i Koch and Ullman, 1985 :
[ Tsotsos,  Zhang, 2008 Se0 and Milanfar, ;
2008 Sl

! (spatiotemporal)

Wangetal, 2011 }!
i1 Milanse, 1993

/ \\ Niebur

i Yin Li et al, 2009 i Baluja and and Kach, ;
Pomerleau, 1885
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5 [Torralba [93] 2003 - + i+ + +ig + + 0 B DR Torralba et al. Marat et al, 2009 :
6 |Sun & Fisher [118] 2003 : + - + + + - - + Clo G - - Jia Liet al, 2010 .
7 |Gao & Vasconcelos [146] 2004 : - + @ + + + s - + DCT D DR Brodatz, Caltech :
8 |Ouerhani et al. [209] 2004 i + + i+ - +i f + + ClO+Corner: C G Ouerhani rop, 2006 ]
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- 13 [Bruce & Tsotsos [144] 2006 + - i+ + + +i f + + DOGICA 1 KL, ROC Bruce and Tsotsos SUIECEU.
- Cog n Itlve mOdels 14 |Navalpakkam & Itti [52] 2006 - +i+ -i+ - + +ig + + ClO c - 2010 .
15 |Zhai & Shah [104] 2006 : + + +i 4+ o+ + f + + SIFT (a] = - 1998 Frintrop, Elazary and '
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- InformatIOn_theoretIC models 17 |Le Meur et al. [42] 2006 ; + N o = ¥ f + + LM* Cc i CCKL Le Meur et al. E
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19 |Peters & Itti [102] 2007 : + +: 4+ +: + + + i + + CIOFM P i KLNSS Peters and Itti H
. 20 [Liu et al. [44] 2007 ; + + -i+ - + f - + Liu* G ; Fmeasure Regional [T T T T
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. 23 |Cerf et al. [156] 2007 i+ +i+ -i+ - + +if/s + + ClO:) Cc AUC Cerfetal. a, 2003 Zhang et al., 2008 :
_ SpeCt ral _anal SIS mOdeIS 24 |Le Meur et al. [138] 2007 : + + +iP+ o+ -+ f + + LM* Cc CC, KL Le Meur et al. al., 2003 (spatial) p
y 25 |Mancas [152] 2007 : + + +i4+ + 4+ o+ f T + CI | cC Le Meur et al. :
26 |Guo et al.[156] 2008 | + P+ - i+ -+ f + + cCO D{ «cC Self data ]
S~ H 27 |Zhang et al. [141] 2008 i + i+ -i+ -+ +i f + + DOGICA B i KLAUC Bruce and Tsotsos , 2005 (surprise model) :
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32 |Rajashekar et al. [174] 2008 i + + + +i f + + R* s cc Rajashekar et al.
33 |Kienzle et al. [1695] 2009 ; + 1% =g - + i f + + 1 i P K* Kienzle et al. concelos, 2004 (Spatial) :
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39 |Bian & Zhang [159] 2009 : + vl A 3
40 [Diaz et al. [160] 2009 ; + + i+ -
41 |Zhang et al. [142] 2009 : + + +i -+ 1
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http://blog.art21.org/2013/01/07/tracking-the-gaze/#.U1MODOZdXWk

Eye movements during natural behavior

Resource Area

Workspace

Block copying

Picking and moving a bar
(Johanssen et al 2001)

" ferol

“ - Xa,'o + * Xq, by ~

TRVIAACN =

Cricket : ‘ - [
(Land and Macleod, 2000) A o |
Drawing
a | Miall and Tchalenko (2001) .

~¢‘:o"

-
\ - - - IREELENRELLEZE]
‘\ Tete

- T Y Srivic Walking
" Tea making Sandwitch making 9 Palta and Vickers 1997,
(Ballard et al. 1995) (Ballard et al. 1995) Mourant & Foekewell 1970 Turano et al., 2003




MODEL TYPE

STIMULUS TYPE qualitative/descriptive | quantitative/predictive
artificial Treisman & Gelade 1980; Rao et al 2002;
(gabor patches Wolfe & Horowitz 2004 Najemnik & Geisler 2005;

search arrays)

Navalpakkam & Itti 2006

static, natural
(photographs)

Yarbus 1967
Greene et al 2012
Henderson et al 2012
Borji and Itti, 2014

Privitera & Stark 1998:
Reinagel & Zador 1999;
Parkhurst et al 2002;
Torralba 2003;
Peters et al 2005;
Navalpakkam & Itti 2005;
Pomplun 2006
Tatler et al., 2005, 2007

dynamic, natural
(movies, cartoons)

Tosi, Mecacci & Pasqual 1997;
May, Dean & Barnard 2003;
Peli, Goldstein & Woods 2005

Carmi & Itti 2004;
Itti & Baldi 2005

interactive, natural

(video games, virtual reality

flying/driving simulators)

Land & Hayhoe 2001;
Hayhoe et al 2002;
Hayhoe et al 2003

Peters and Itti, 2007
Borji et al., 2011, 2012

CNR
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train

training movie frames

(from multiple movies) |

dyadic
pyramids .

, feature extractor

fourier .-
components <
random -
features

ol AR
on

training set

eye trackiang

p([:)') - [’.\‘3,.

p(t1) = (x1, y1)
p(t2) = (x2, y2)

%3)

&3
/"JJJ

test movie

|
\

features ,
compare and score

bottom-up
prediction

Peters & Itti, IEEE CVPR 2007;
Borji et al., IEEE CVPR 2012;
Borji et al., IEEE T. SMC-A 2014

\J

> > predicted

»> Iea‘m‘er top-down @ eye positions
iiit prediction

linear network (least-squares fitting)
non-linear multilayer network (backprop)
gaussian mixture model (EM fitting)

; support vector machine



top—douwn




train

training movie frames
(from multiple movies)

dyadic
pyramids

components

random |
features

training set

Peters & Itti, IEEE CVPR 2007;
Borji et al., IEEE CVPR 2012;
Borji et al., IEEE T. SMC-A 2014




Experimental setup

Game Machine VGA to Composite Recording Machine Eye Tracker Recorder
WinXP Video Converter Linux Mandriva Win98
LAN LAN
VGA Composite
1. >— ] > F ﬁ

Function: Function: Function: Function:

- Play game - Convert VGA to - Record video - Record eye movement
- Record keyboard, mouse, Composite for Recording Callbratlon of eye tracker - Control the camera

Steering Wheel
+ Acc./Brake
Pedal
edals Mouse

Keyboard

© 0

Headphone Subject

Simultaneous
recording of eye
positions and
physical actions

Borji et al., AAAI, 2012
Boriji et al., IEEE SMC, 2014
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order hotdog ketchup -

Bayesian object-based Model

next attention unit mental

w / state

* In general we are interested in:  P(Re+1|S¢)
- No direct access to S, therefore estimate if from observables

* A pdf over scene objects being attended.:

fixation location genter Qf the
j-th object

sample frame

Euclidean distance

Z(Oj) — l/eocd(X.C(()j))

P(o’) = z(0’)/ LiL; 2(0)

order drink -
order hotdog -

ketchup -

money -

trash -

bread -

hotdog -

hotdog ketchup -
sausage cooked - 10
sausageraw - 11
sausage burn - 12
drink pool - 13
bread pool - 14
hotdog pool - 15

voNOOULTh,WN=




Bayesian object-based Model

O = [0,] yOp 50 * a()ﬁv] Object-based representation of the scene at time t

Define some functions encoding properties of objects: E —_ {f’(O,j)}

X1.r = [X1,X2, - X7] Sequence of attended spatial locations
Yi.r = [N, Y2,---Y7] Sequence of attended objects
Ci.t = [C1,C3,-+-Cr] Sequence of selected actions

FliN=[F"™ EN ... FFN]  Sequence of object-level scene representations

Full task-dependent joint probability:

P(Xi.1, Y11, ) = PXor, Yir |[FEP)P(FLEY) = PG [N ) P(Ner |FEY PR =
N

N , , A
[1P(F) P |F)PXi 1) x [TT] P:IE )P IY—1) x ] P(X:|Y:)
j:] =2

=2 j=I

Pﬂ

a7



Bayesian object-based Model

Conditional independence assumptions:

1) X, 11 F,i | ¥ Gaze position is independent of scene given attended object
2) F,i N F,j No interaction between objects (assuming a general structure)
3) Fly XL F Property of an object is independent of its property at previous time

(given annotated data hence 100% accuracy in labeling)

4) X,.1 1L X, |Y;,1 Gaze positions are independent through time given attended object

Graphical representation of DBN models

Timet ! Time t+1 O discrete & observable

. _" : »‘_> . discrete & hidden

‘ : Timet , Time t+1
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Applications

- Engineering

- Societal & Clinical




EYE MOVEMENT PATTERNS

Applications

Marketing and Advertisement

Wake up

Intent decoding / Mind reading JESEaaE - [
» Patient vs. normal observer R \jil
computer vision .

* Image re-targeting, segmentation,
e compression, detection, recognition,
« enhancement, etc.

Robotics

« Localization and Navigation
« Human robot interaction, etc.



cognition €= attention

Top-down processing

Visual processing

&

IT

o e

T

Pulvinar

= oaGTT=

Thalamic
processing

Occulomotor
system = X%~

~

Reward system

To brainstem

Mechanisms of top-down attention

Farhan Baluch' and Laurent itti'~

" Newssscerce Graduste Program, University of Seuthers Califormia, Los Angeles, CA, USA
"Depertmere of Comprter Science, Universty of Seuthers Callformia, Loa Angelea, CA USA

Key:

———@ Top-down signal
——& Bottom-up signal
®——@ Bidirectional signal

gl

X

Structure microstimulated
Structure lesioned
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saliency-based feature type

scene-shuffled
videos

Color (C) Intensity (1)

l

recorded/
/ gaze distribution of\ / recorded \ / \ Orientation (O) Flicker (F)

saliency maps

computed
data young observers (Y0) eye traces

\ﬁ\@/
|

sl g_ro_up-_b_ased oculomotor-based salle_n cy-based
types similarities to correlations between

=8

Motion (M) Junction (J)

J

saccade metrics :
young controls gaze and salience

o

Texture (Txt) Variance (Var)

)

tients
feature L pa
: classification ﬁ
selection conft)ri)ls’) Overall Overall
u ' Saliency Salience
(CIOFM) with Junction

(Itti & Koch, 2001) (CIOFMY)



summary of classification features

224
sub-features

overall

3 feature
types

oculomotor

saliency

group

| 5 core features

peak velocity
saccade amplitude
saccade duration
inter—saccade interval

color contrast

intensity contrast

oriented edge

temporal flicker

motion contrast

line junction

overall salience

overall salience with junction
intensity variance

texture contrast

similarity to young—observer __

| 2 sub-features
each

| 6 sub-features
each

| 6 sub-features
each



Results (PD vs. Controls)

Classification Accuracy: 89.6% (5 sub-features)
(63.2% chance)

Predicted
PD Elderly
PD
=
=
|_
Elderly
Sensitivity Specificity
1
PD
0.5
Elderly
0

Ratio

Classification Accuracy

0.8

0.6

0.4

0.2+

*%*

All

* %

Oculomotor

Saliency

* %

Group



faNO New test detects autism and ADHD as young as 6 months, can also diagnose Parkinson's early in elderly. : science
4| » + (f)http://my.tegdit.com/r/science/commemglzv9urlnew_test_detects_a-utism_and_acl_hd_a;_young_as_G/?limit=5_00 L;;i C (Q' reddit adhd autism eye test O)

MY REDDITS w  FRONT - ALL - RANOOM | PICS - FUNNY - POLITICS - GAMING - ASKREDQIT - WORLDNEWS - VIDEOCS - [AMA - TODAYILEARNED - WTF - AWW - ATHEISM - TECHNOLOGY - ADVICEANIMALS - SCIENCE - MUSIC - MOVIES - BESTOF - FFE nm»m

> (2 000 £ 0.001) x 10’ ? ’Tcaaﬁ a man to reason,

: SC'ENCE' and he'l think for a F{ﬁ:z:e reddit

SCIENCE | comments | related other discussions (4) want to join? login or register in seconds | my
New test detects autism and ADHD as young as 6 months, can also diagnose Parkinson's early in elderly. search reddit
RUSISHN L1 SEFE 0 UE INSMOSERGR | this post was submitted on 15 Sep 2012

865 comments share
1 280 points (63% like n)

231 up rﬂlc* 1,651 down

top 500 comments

(-] refanius 2 points 11 days ago shotink: http://redd.it/zy%ur

My excitement is founded on the versatility of this testing procedure and the potential accuracy which may be :
developed in the future. It is possible that this method will become more accurate and perform more quickly due to [T |
the deterministic nature of the problem. The trait measurements which are being used in this study were mostly
ineffective at measuring PD. "Only 5 of 224 sub-features selected as most discriminative"” for PD identification, () remember me  reset password {_login
indicating that substantial improvements i
certainly room for improvement, as alwa

o ll SUIENTIFIC
AMERICAN’

controls”. Given the sizes of feature and g
Permanent Address: http:/lwww.scientificamerican.com/article.cfm?id=eye-tracking-software-may-reveal-autism-and-other-brain-disorders

a bit more before taken as proof of a ne
focused feature selection and still found 9

Eye-Tracking Software May Reveal Autism and other
Brain Disorders

improving for time efficiency.
The eyes of people with neurclogical conditions, including ADHD and Parkinson's, have a distinctive motion that could form the basis of clinical diagnoesis
By Nadja Popovich | Tuesday, June 18,2013 | 3 comments

As a first foray into this method for diagn
looking at one method which can diagnose
10% of the subfeatures which are being
only measured the 5 relevant subfeatures
against. Remember that the data for this
time, this method could outpace human e

In addition, only 5 subfeatures were relev
of a total 224 subfeatures being measured
with the other 90% of subfeatures which

With appropriate development, I think the
improved ability to detect neurological dig
diagnoses efficiency, but certainly produci

permalink parent

Eye-tracking has become the tech trend du jour. Advertisers use data on where you
look and when to better capture your attention. Designers employ it to improve
products. Game and phone developers utilize it to offer the latest in hands-free
interaction.

But eye-tracking can do more than help sell products or give your finger a rest
while playing Fruit Ninja. Years of research have found that our tiny, rapid eye
movements called saccades serve as a window into the brain for psychologists just
as for advertisers—but instead of giving clues about our preferred cookie brands
(pdf), they elucidate our inner mental functioning. The question is, can capturing




Related Topics

1 - Insight problem solving/ Theory of mind
2 - Mind reading/ Intent decoding

3 - Category and feature learning

4 - Visual Search/ Search games/ Foraging
5 - Active learning/ Online learning

6 - Scene understanding and perception



Summary, discussion and conclusions

¢ |n spite of recent progress, there is still a gap between BU
models and inter-observer model in fixation prediction

e Modeling top-down attention is a hard problem since
different tasks need different attentional behaviors

e Most previous studies on TD attention are devoted to === L._.
simple laboratory scale tasks and stimuli =L >

e We proposed several models which capture task demands P s
better than all previous models, using combined information -
from saliency, gist, actions, and objects

* These models can be used to assess internal mental
state of controls and patients with neurological disorders
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Thanks for your attention

Laurent Itti
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