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Experiment Result for
Documentary? video

Experiment Result for Short Film?,
with high narrative nature

Method Precision Recall Method Precision Recall
s 79.3% 41.6% L 47.3% 39.8%
Proposal Proposal

Arousal Arousal

0) 0) 0) 0)

Model 65.3% 33.6% Model 39.3% 29.5%
Coustant 57.1% 29.3% Sl 28.6% 17.5%
Interval Interval

 Our proposed method achieved highest result for both test videos

« For short video which conform to film grammar, arousal model® achieve
precision at around 65%, while our proposal’s precision is nearly 80%

« Documentary video has very low in narrative nature - the general precision
and recall is low

* In general for both the cases, our proposed method achieves improvement

REAXDEBLLIEZHEED

around 20 points over constant interval sampling

1. “Signs”, website, 2008.
2. “F4—TF-TJL—", Website, 2003,

3. Alan Hanjalic and Li-Qun Xu, “Affective Video Content
Representation and Modelling”, IEEE Transactions on
Multimedia, Vol. 7, No. 1, February 2005


http://patrickhughes.com.au/shorts/
http://www.deep-blue.jp/
http://www.deep-blue.jp/
http://www.deep-blue.jp/
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Principal Component Analysis shows

that 2 PC contributed to majority of the
+ Shots for .
Scene 1 data variance
LR Subiect Variance Contribution of 2 PCs nburen
& Shots for SUDIEEH | First PC | Second PC| Both | O TS
= Scene 2 1 69.58% | 23.56% | 93.14% | CPR, FC
2 (Happy) 2 66.03% | 26.39% | 92.42% | CPR, FC
= o Shots for 3 66.52% 25.48% 92.00% | CPR, FC
E 3;9"93 4 66.68% | 25.47% | 92.15% | CPR, FC
o ey 5 64.17% | 24.78% | 88.95% | CPR, FC
1% # Centroid for 6 67.26% 25.11% | 92.37% | CPR, FC
% Scene 1
g_ (Neutral) L. i .
g A o Classification results for all subjects
Scene 2 with the selected features
(Happy) .
| B Centoid for Subject Accurazcy
Cluster Boundary | Scene 3 1 75.86%
? 5 (Horror) 2 66.96%
3 3 80.65%
Cumulative Pupil Response 4 70.97%
i .. . 5 89.06%
Clustering result for a test subject into erent scenes S
6 47.86%
Average | 71.89%

Findings:
*An encouragingg

LRI EOREMEIEMNDS, Tthar ], THappyl.
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4 )

The output layer : cumulating pupil size

The intermediate layer : 2
The existence of functional modules in | .
the brain responsible for the contraction
and expansion of the pupil size[5]

The temporal summation value of the
cumulating pupil size in 1 second.

»¢We re-arrange the data to compensate the eye blinking
by applying linear interpolation using the value before

and after it.

The input layer : back ground activity of brain

Neural Network 3 layer model

(multi-layer perceptron)

Neural Networkz FALNT ., BEFAL1ZF

[ DREZREZ 7T

The power ratio of the frequency component of
the background activity of the past 5 seconds and
the future 5 seconds from each time point.

a_low 8-9Hz a_high  10-12Hz
B low 13-17Hz | B _high  18-30Hz
vy low  31-40Hz | y high 41Hz-

5 ShlgeyoshlASANO Ikki YASUIKE, Minoru NAKAYAMA, Yasutaka SHIMIZU, “A Pupil
eural Network for Brightness Change”, The Transactions of the

Jodel WITN
H“, & 0) mation and Communication Engineers, A Vol.J77-A No.5
inese)
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. The cumulating pupil size

= = = The predicted the cumulating pupil size aleration by the background activity

300

g 20 W’\/{V\’
E 200
2 \
¥ 1m0 R-square value :
&
I 0.967368
3
L) 50
£
[

o T T

1 10 19 28 37 45 55 64 73 82

Time
Fig.1 Interpolation Result of Subject 1 (The cumulating pupil size)

It is possible to predict the pupil size from the ratio of the power of the background activity.

EE ISR UVERARE R AN DD T HERE,

PR T TIEBIE CERVMEM BB RIGE DT TE S ATHEEN
AN Iy (RS




AR, BE. EALEZR AL
Comicig S FF DB EI R I fEHT (1/2)

SR x A B

R?=0.8097 =4 y=0.3656x+5.5163
XFH x A EiE
. / 120
L 4 . 100
< P .
* * 7Y 30 P
60 S
/f * /
0 <
L IR J L 4 .% 40 / *
* *
5 L 4 S 2 20 *
* /
* A
0 - : : : : . . 0 ; :
50 100 150 200 250 300 0 >0

FEEh: 1 Page =Y DWEHLF DIXFEH
HtEh 1 PageZF S DI EDOLT-FERE (7))
Test Comic: £ITJLT13 18L& H, ATZRA—-7r— | ELLBF

REHLFDXFHEHTEE RO EBEREFRNFE

ARERBICEIEHEMNSKRENNTULDSEDI(E., ZDPagelZxt
FTHEREZEFERLTONDIENTREIND,




MR =B EAEEFIALE
ComicinZ H#d) BB R IG B8R 4T (2/2)

HERE1DOBRER Pace (IJ)LT13)

012 3 456 7 8 91011121314151617 1819 20 21 22 23 24 25 26 27 28 29 30 31 32 33 34 35 36 37 38 39 40 41

HERE2OBE Pace (IT)LT13)

25 A

0 1 2 345 6 7 8 91011121314151617 18 19 2021 22 23 24 25 26 27 28 29 30 31 32 33 34 35 36 37 38 39 40

Fé%h: Page
it : gD B B &0 RE O el el fE

{5 B D EIEH 5. PageE D EHERE A TESRIEEENREINSD




REBDELUEIZEFEBL
Userﬂ%ﬁ?é;‘*ﬁ;kuierd)m(;roum b (1/2)

llllllllllllllllllllll

eeeeeeeeeeeeeeeeeeeeeee

eeeeeeeeeeeeeeeeeeeeeee

RERDIIMALALL TNDIBE ., TNoDUserDISIFNETLNS

D TITEUL I EHERIEN S, Fretchet DistanceZ FALNT ., fREGDEE
L EZ R EIE




RIRDFBELEICEB LT
UserF& ¥ 43 §1 &£User® Groupik (2/2)

Userfdl CIREGDEFLUENE RS, BBEIFDELMZKSHUser Group
[ TEHaEEEMNRIBEINT=,




H“’ ReFALIZIREEEANDKRDFH DT

4.5 .
N L EEUROBEOBEEL
S 35 - -
S
2 25
[«a )
2 |
15 -
1 .
0.5 -
0 |
HEE(n=6) RHB—Ry/—(n=7) AL 2P L1 —Z(n=5)
= BLEKRIG0R - BRULNVERDIEE DR ZEE
m SLERANS20F) 45 -
4 .
Jm]
= 3.5 -
Q
£
= 25 A
2 .
1.5 1
1 .
0.5 -
0 -
@ o
& {&“ & 5 5 = HEKAT60R
7 ) =—f)”
/ ) . -
N -) m S AR AN S 20F)
< XY

AR (R EBRDEL) ICK > THRDIF HETHTTES



IO

RIREHR2FAL-EAOERZICELE-ERSTE (1/2)

Target: “Ocean”
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(1) 11K T (2) 132% 5T
E27] e
p |n p |n
E |p*|115]141 IF |p*|129]127
M T (146|270 M Tx[123]293

precision=0.441 precision=0.508
recall=0.479 recall=0.504
fIE=0.445 fIE=0.508

RIRDFHEN O, BEABIC, BLERZFF B ETHE
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