—10 O

Jooobboobbuoobobobogooobuaon

00 0 ta) oo oogte

oo oogto oo oogfd

Modeling Video Saliency Dynamics for Viewer State Estimation

Ryo YONETANI® | Hiroaki KAWASHIMATP) | Takekazu KATOT®), and Takashi

MATSUYAMAT®

0000 ooooooOo,000o0,0o0o00,0000:.’00goooooOoUoooooooOoOoooo
oooor,0o0oo0oooog, J96-D(8), pp.1675-1687, Aug. 2013 (http://search.ieice.org/bin/
summary.php?id=j96-d_8_1675&category=D&year=2013&lang=J&abst) 000000000000 1,4, 70
goooopoooooooopobUoopUooUoDUooULULooooooooooDoooOODODODOO
goooooooooooooooOoOoOoOoOoOoOOOOODODOODOODODODOODOODOODOODDODOOO
gooooooooooooooooooOooOoOoOoOoOoOOOOOOOOOOOOOOOOOOODOOOOO
0000000000000000000000000000 scene-based saliency dynamics model (SSDM)
oooooooooo0ooOooooo0oOoDoOoooOoO0ooooOOoooooooooooOooooooogon
ooooooOooooOoooooOooooO0OooOoO0oUoOoOooOOoOOoO0O0oOOoOoOoOoObOOooooDooOO
O0oooooboooooooOo0oo0ooo0oooO0o0oboO0O0o0oOOoOSSbMOOO0OOO0OoDoOO0OO0OoOO00
Oo0oooooooooooooooo ssbMOoOOooOoO0oOoDOoOO

00000 O0O0O000O0Osaliency mapdO0O0O0O0O0O00O000O0

1. 0D OO0

00000000000000000000000
000000000000000000000000
000000000000000000000000
000000000000000000000000
000000000000000000000000
000000000000000000000000
000000 (1)00000000000000000
000000000000000000000000
000000000000000000000000
000000000000000000000000
0000000000000000000 [2],[3)00
0000000000000000000000000
000000000000000000000000

"ODoDD O0DOoOO0O0o0
Graduate School of Informatics, Kyoto University
a) E-mail: yonetani@vision.kuee.kyoto-u.ac.jp
b) E-mail: kawashima@i.kyoto-u.ac.jp
c) E-mail: tkato@vision.kuee.kyoto-u.ac.jp

d) E-mail: tm@i.kyoto-u.ac.jp

0o0000000000O0O0OoOoO’® o000
0000000000000000000000000
000000000000000000000000
000000000000000000000000
000000000000000000000000
000000000000
00000000000000000000000
000000000 “00000000000000
000”00000000000000000000
000000000000000000“0000
0000000000000” 0000000000
000000000000000000000000
000000000000000000000000
000000000000000000000000
000000000000000 [5,6000000
000000000000000000000000
00000000000000000 [7]0[14]0
00000000000000000000000

001mooooo0oo, “0c0b00b0b00bo0o000o0o0o00a

Oo00o0r[400000000

0ooooooooog X Vol Jxx=X No.xx pp.1-13 ©UOOOO000O0O0O00 xxxx 1



0000D00D0D0OD xxxx/xx Vol. Jxx—X No. xx

Input frames (saliency maps)

Salient regions
VST - RS

Q

Scenes: Combination of LDSs
LDS LDS __LDS LDS LDS

#1 #1 #3 } # #4
SICIGITCIE
LDS | LDS |
#2 #4
LDS ! LDS A LDS
i 9 | #29 ‘ 1 #s

Scene #1 Scene #2 Scene #3

0 1 Scene-based saliency dynamics modell
Fig.1 Scene-based saliency dynamics model.
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Fig.2 Model estimation scheme for the SSDM.
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and the corresponding results of GMM fitting.
The rest of the rows depicts the time-varying
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Table 1 Experimental results.

Method BM1 BM2 PM1 PM2 PM2’

Accuracy (%) 53.8 65.0 78.2 85.4 80.6
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Fig.7 Illustrative results. The 1st and 2nd columns

depict saliency maps and model estimation re-
sults. LDSs with bold rectangles contribute
to attentive-state estimation. The 3rd column
shows the gaze-feature distributions after the
Fisher’s discriminant analysis (above: high at-
tentive, bottom: low attentive).
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Abstract This article is the authors’ version of Yonetani, Kawashima, Kato and Mat-
suyama:  “Modeling Video Saliency Dynamics for Viewer State Estimation”, IEICE Transac-
tion, J96-D(8), pp.1675-1687, Aug. 2013 (http://search.ieice.org/bin/summary.php?id=j96-d_8_
1675&category=D&year=2013&lang=J&abst). Videos used in this research including Figures 1, 4 and 7
were provided by courtesy of Panasonic Corporation. Eye movements that occur while humans are watch-
ing a video reflect their internal states as well as dynamic characteristics of the video scenes being watched.
For a framework to analyze the relationship between the scene characteristics, eye movements and human
states, we propose a novel model that describes the video scenes using primitive spatio-temporal patterns
of video salient regions, which we refer to as the scene-based saliency dynamics model (SSDM). The SSDM
introduces a set of linear dynamical systems to model the scenes (i.e., primitive patterns), and realizes sta-
tistical learning of eye movement features while considering the scene dynamics. Experimental results reveal
the effectiveness of the SSDM by applying the model to estimate viewers’ attentive states when watching
general TV commercials.

Key words saliency dynamics, saliency map, eye movements, viewer state estimation



