1-10 (??? 1959)

gooobobbooobobbtoooobobboboood

O o o oft oooooofl OOoooaofah

go0o0ooooooooO0o0O0O0O0000000ooooooooooooooon
goboobooooooboooOooooobOOoOoOooOobOOOoOOoOobOboOOoOobOOoOo
go0o0o0oooooooOOoOoO0OOO0O0000oooooooooooOO0ObbO0no
ooo0oooOoo0oooOo0o0oOoOoO0oOoOO0O0O0O00O0O0000C0O000O0
gobobooooooooooOooooobOOoOoOoOoOoboOoOOOoOoOoOoOoooOoOoOoOoo
0000000000 0000000000000000000 bag-of-visual-words
00000o0oo0o0o0o0ooooooooboOoob0o0oooooooooboobooboBbo
gooooooooooooboOobooOoOoOoooooooooobOOoOObOOOOoOo
goooooboooooooooooboOoOobOOoOoDOoOooboOoOoOoOoObOoOoOOoobo
oooooooOoooooOooooooooO0o0 «c0ooo"0 «0cooooor
goooooooo "o 0000000000 roooooooooooo0oOog
ood

Automatically Evaluation of Degree of Spectators’
Satisfuction in Video Sequences
by Recogniting Their Facial Expressions

TETSU MATSUKAWA .1 AKINORI HiDAKA !
and TAKIO KURITAT?

In this paper, we proposed a classification method of spectators’ state in video
sequences by voting of facial expressions and face directions. The task of this
paper is to classify the state of the spectators in a given video sequence into
“Positive Scene” or “Negative Scene”, and “Watching Seriously” or “Watching
Not Seriously”. The proposed classifier is designed by a “bag-of-visual-words”
approach based on face recognitions. First, the multiview (left-profile, front,
right-profile) faces are detected from each image in the given video sequence.
Then the detected faces are classified into the two expressions, smile or not
smile. The classification results of the face directions and the facial expressions
are voted to each classes’ histogram over the video sequence. Finally, the state

of the spectators is classified by using the kernel SVM on the voted histograms.
We conducted experiments using spectators’ video sequences captured from
TV. Our approach demonstrated promising results for classifications of “Posi-
tive Scene” and “Negative Scene” or “Watching Seriously” and “Watching Not
Seriously”. It was also ascertained that the facial expression is important in
the classification of “Positive” and “Negative”. On the other hand, face direc-
tion is important to classify whether the spectators are “Watching Seriously”
or “Not”.
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Fig.1 Example of spectators’ scene. (a): “Positive Scene”, (b): “Negative Scene” - “Watching Not
Seriously”, (c): “Negative Scene” - “Watching Seriously”. These are for explanation and not
the actual Olympic scenes used in this paper.

gooobooooboooocoboooobobooobOoOoooooOooOoOoOoboOobOOoOoboOonn
oooooooooooooooooooobobobooo00 ;000000 “D00O00O
(v, =+4+1)"0 “0000000 (s =-1)"00000000O00OOODOOOOOUDOO
gobOooooooooboo 200000b00bo0obOooboOooobOOoOooOoOooonn
0000000000 (D0O0D00U0DO000LD)0D000DLO0OO0DDOOOODOO
ooboooboooooooooboooooobooooOoooOooooobOooOooooooon
gooooooopooooooooooooo“wooooooo "o DOoOooooo
oo "pooooooOOOO0O0O «cOoOODODOOOO”"0 “000000000OO000"00
00000 2000000000000000000000000000 (0000000
oooooo0oo0ooUoo)bdboU0 y,=4+1000000000000000000O0
oooooooooboyw=—-10000000000000000O0O00C00O0O0O0O0OO
goobooobooboooooooooooooooooooo00 yy=410 ¥y =—-10
ooooooobo1l1boooooooooooobobobooboooooooogs3b000000
gobooboooobooboobooboobooboooobooooboooboOoon
go2008 0000000000 TVOOOOOOOOOO0O0O0O0O0O0O0O0O000000O0
O0000000000000 3ofps0 00000000 OO0OO0OOOOO0OD “000
goooboroooboboocoooooboooobooooouoobooboOoooooOoOOCOoOoOoDon
oooooooso00pooooOOOoO“cobOO0Ob0 "0b0000000D0O000000
goboboooooobooooboooooobooboooboooooboboOooboOoooobo sonbn
ocoooboooo0o0oo «cooooorboooOoOD0 “oOOb0O00O0O000“000n
goooooor"oooooo“ooooooboo 0000000000 00o0oon



3 OD0000000000ooooooooOoOooonoo

—

Input: Spectator’s Video Sequence

Keft face Right face \Applyeach image

Front face
Face Detector  Face Detector  Face Detector

v v v

Expression Expression Expression
Classifier Classifier Classifier

|

K Voting to ilistogram / J,__,I,

Leftface |
notsmile

Front face
smile

direction expression

ne Classification
Sz E R | Histogram over a video sequence |

Output: Scene Classification Score

02 0J000O0O0Oooooog
Fig.2 Overview of proposed system.
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Fig.3 Face Detection Method.
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Fig.4 Example of False Positive by VJ-detctor.
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Fig.5 Facial Expression Recognition Method.
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Fig.6 Flow of Voting Method
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Kco(Hx, Hy) = apKa( HY, HY) + agKa( HY, HY)
+(1 = (ap +ap))Ka( HY, HY'Y)
where 0 < ap +ag <1.
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Table 1 Classification performance of SVM (average of 5-fold cross validation on training data).

Direction | NonFace Filter | Expression(HI)
Front 95.62% 92.3%
Side 94.05% 93.5%
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*1 Software available at http://www.sourceforge.net/projetcs/opencvlibrary
*2 Software available at http://www.csie.edu.tw/ cjlin/libsvm
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Table 2 Accuracy on classification scene. FP(a): The incorporation rate of false expression, FP(b):

The incorporation rate of non face

Accuracy | FP(a) | FP(b)

Front(Smile) 96.3% 2.0% 1.7%
Front(Not Smile) 99.4% 0.3% 0.3%
Left(Smile) 93.8% 3.3% | 2.9%
Left(Not Smile) 98.8% 0.2% 1.0%
Right(Smile) 89.7% 4.7% | 5.6%
Right(Plane) 98.5% 02% | 1.3%
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Fig.8 Example of Occuluded Face.
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03 0000000000 (%), (a): “000007 vs “0000007, (b): “0000000007 vs “00

00o0oo0O0», [ 0000000000000000000.
Table 3 Error rates of scene classification (%), (a): “Positive Scene” vs “Negative Scene”, (b):
“Watching Seriously” vs “Watching Not Seriously”, [ ]: error rate of non aligned direction.
kernel histogram (a) (b)

Linear I 53 [44] | 28 [40]

Linear HP 13 [-] 68 []

Linear HDPNE 10 [13] | 32 [32]

Linear HP, HF 13 [14] | 30 [40]

Linear | HP, H¥ HP"P | 10[13] | 30 [32]

Ka HP 40 [39] | 32 [36]

Ka HP 10 [] 40 []

Ka HPNE 13 [16] | 34 [30]

Ka HP, HY 12 [12] | 32 [36]

Ka HP, HP, HPNE | 12 [13] | 32 [34]

Kp HP, HF 9 [12] | 30 [34]

Ko HP "HP, HPNE | 9[11] | 28 [30]
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Fig.10 Error rates for Kp corresponding to direction weight ap (leave-one-out). (a): “Positive
Scene” vs “Negative Scene” (C=32), (b): “Watching Seriously” vs “Watching Not Seri-
ously” (C=0.5).
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Table 4 Explanation of data in Fig.11

label ooooo oo oooo oo ooo O
a ooooooooo 0.03 0.97 0.07 0.91 0.02
b gooooooo 0.02 0.80 0.03 0.84 0.13
c goooooooooo 0.38 0.62 0.38 0.47 0.15
d oooooooooo 0.57 0.43 0.23 0.76 0.01
e goooooo 0.90 0.10 0 0.99 0.01
f oooooooD 0 1 0.46 0.54 0
g ooooooooooD 0.12 0.8 0.04 0.54 0
h gooooooooon 0.23 0.77 0.06 0.68 0.26
i oooooooooo 0.27 0.73 0.36 0.49 0.15
j ooooooooooD 0.58 0.42 0 0.71 0.29
k gooooooooo 0.08 0.92 0.12 0.47 0.41
1 oooooooooooooo 0.14 0.86 0.31 0.69 0
n ooooo 0.01 0.99 0 1 0
m ooooo 0 1 0.15 0.43 0.42
o ooooooo 0.19 0.81 0.07 0.70 0.23
P goooooo 0 1 0 0.94 0.05
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