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Abstract

In modern society, in business decisions of our customers are continually increasing in
importance, and owing to the development of information and communication technology effectively
on a computer to measure the preferences of key customer techniques are being studied. However,
this preference reflects significantly on personal ideas, and therefore, it is difficult to
commercialize a measure calculated according to the ambiguous results. In this paper, by using
biometric information that has been measure; we have configured the multi-sensitivity models
based on customer preferences to evaluate the proposed system. This system consists of multiple
biometric information of multi-dimensional vector model for learning through the use of structured
emotional to apply the same criteria to evaluate customer preferences. In addition, by studying the
specific subject-specific emotion model, it is shown to improve accuracy with further experiments.

» Keyword : Evaluation, Customer Preference, Multi-Sensitivity Model, Multiple Biometric
Information
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Fig. 2. Universal Facial Expressions of Emotion
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* InputData is array o
InputData[FACE]
InputData[ TEMP)
InputData[VOICI
InputData[PULSE] is

FeaturePoints — Extractx. y ffeature pointin EJ-
VecEmotion — Create vector for face emotion in FeaturePoints;

FeatureTemps « Extract temperature around 3-by-3 area for each FeaturePoints in
InputData[ TEMP];
VecTemperature — Create temperature vector by averaging each 3-by-3 area for
extract point in Feature Tomps;

VecVaice «— Extract features of sound wave as min, max, average for amplitude, period,
and waveform (sampling with 10 points) in InputData[VOICE]:

VecPulse « Extract features of pulse wave as min, max, average for amplitude, period,

and waveform (sampling with 10 points) in InputData[PULSE];

Dimension — of all for ion, VecTemp
VecVoice, VecPulse to construct single emotion model:

EmotionModel «— Construct integrated multi-emotion model by combining feature
vectors VecEmotion, VecTemperature. VecVoice, VecPulse in
consideration of Dimension :

25 COE ZARY 5 2aeiE
Fig.5.Mutti-Emotion Model Construction
Algorithm
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* InputDat

ey

VecFeatures — Extract feature vectors for whole measured data InpurData;
VecSingle — Combine all vectors to single integrated vector in VecFeatures;

Pattern matching between VecSingle and Pref Model;

If (VeeSingle is correspondingto specific preference) then
Decision specific preference in PreferenceModel;
Return;

EndIf;

Scores «— Calculate similarity for each preference and evaluate score in FeeSingle and
PreferenceModel;

MinEval « »; i—0;
For Each S in Scores do
If (MinEval > ) then
MinEval — S:
Index — i;
End If;
I
End For;

index —0;

* Save current index to find this

Decision using Index in Pref
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Fig.6.Preference Evaluation Algorithm

o] H7184 Scorese FEEtiel ARE Eslo] 2HE)
B2 7P A4 e AEE Adsle] 3% 24
Wtk

43 M2" 8 T4
a8 72 Alg Azde) ZREERIS AR A Sl
slol2: F4E Lehd,

i

General
Option

Temperature
Sensing
7

Voice
Analysis

( Puise
Analysis

i

T2 7. AR olEfmo A~
Fig. 7. System Interface

#59l= General Option F& ©l-83l] Al27le] 7]
el 444o] F5im, Status HolH AHHAQ) WL )
gty 283 Wel Ho|AME Face Feature Recognition,
Temperature Sensing, Voice Analysis, Pulse Analysis
F9S Fote] VA AAFRE Ao R FEsfal ok
ol Log H5 F3t] Al Aol Baee EAu <t
WA AlFdor 7)53t

V. d

oIr
Okl

7t

At AlzRle] A% F71E 93] AREE Al2EleA] 5}
=90 AR Intel®) Core (TM)2 Duo CPU T9300
250GHz, 4GB RAMe|H, 29AA1= Windows XP SP3
£ A3 AgdME F 108 APAE tidez 3
o A&HoE daF G, A £X, 24, YuE AN
o 28]3 F 539 AFS FEsiglon, 74 A8 1Azt
B AT v 1029} 1A ZEEE ERISIT: 1
H 82 1A 53] Ay AHE 7RO E At A|2FY] 91X
BI=E UEPA 2ejzolrt

2 Afelxe 35, =9, &5 3F, A4S, s 2
67HA LRkl A Aol tiste] Q1A AEEE SAEA
o} Z4Zte] 2 el digh AEEE v gz UEeR)

i



38 B TR M REE G CEk(2011. 05.)

Jom, A 7o HEs Aklsle] A8 ajZzE Bk

" Happy

SUMPrise s S30ness mws Fear
Disgust

Anger  m—ae—Avg.

100.0%

20.0%

80.0%

70.0%

60.0% 1 JURRE REER.N RS R

Mean Recognition Rates

50.0% I8 RUBNN NRHRAN

40.0%

1 2 3 4 s
Number of Experiments

J2B.0IX| Halr Ant
Fig.8.The Results of Correct Recognition Rates

1Y 8] 4 ABE Fak] Agk Al2Ho] Lehd
AoEe 18 AelN B 7175, 38 AYA
740%, 53] AN B 103%0=, HA A
QA AREE FYA o 0TItk EF AA 4 o
o] Zzke] U HF A FY=S BR, Happye o
756%, Surprisee  ¢F 792%, Sadnesst F  636%,
Feare 9 806% Disguste <F 646%, Angere= ©F
60625 LFERA ACE.

Aol QA FB=E o M0%9] FEoF
e e A%E vehin g4 etk ol )
AR M5 mdo] 484l aseiE ARE el
olebn Yk AR tgrel AFAE dpoz o
AY Ao FYSe] QA LueES HYFo R Y
o) o] 7k o PR

off ol 9
R

LI‘ZUF:IJ

o L rr

ro mlx

O_u
L)
1 rlo

4
f

V. 2 &

el AHs]olM = 7199 AR glof 9] FaAol
X0 7 F7MER o, uAE ARG nHRe] F4
AF L I ol2igk niAIRe] A3t APl TRl gt
g 71%l w2t Beg 2t AEHE olglge] ok &
F AN TE B 724 Al ALT sAvlt g
1A B0z skl A ofele Aol 9
ILPEW =RoAME 7t AAERE A" 74, AL,
9 BAARE olgste] 749 v YRS 7t
a9 NEEE % 7}01-— ARl Albalgl e, 43
T3t At 71 A HEEE eI
FFoll= Al AlzElell AAHQ S SaelES 285t
of o} & AYEE /e der mdS 75310, v

A

ol le > N

>~

¢

ﬁ l:l[o

o

(1

(2l

(3]

[l

(5]

(6]

(7

8]

]

[10] Martin Wollmer et al,

JEde] 884 FPIE WEeE A7 Aotk

mk
rot

e

Gediminas A., Alexander T, Rong Z, “REQUEST: A
Query Language for Customizing Recommendations’,
Conditional accepted System
Research, 2010.

(mistoch Fuchs Martin® Scrder;  “Custorer Brrpowermrent
in New Puodcet Devdopmet’, Joural of  Bodut
Tnnovation Vanagerent, 2010,

Hordean E, Martin W, B'om S, “openFAR - Introducing
the Murich Open-Source Enotion and  Affect Recogrition
Toolkit”, Proc. ACIL IEEE, 2009,

Zhihong Z. et al, “Audio-Visual Spontaneous Emotion
Recognition”, Al for Human Conputing, Springer
Berlin / Heidelberg, LNAI 4451, pp. 72-90, 2007.

Thurid V., Elisabeth A, Nikolaus B, “EmoVoice —
A framework for online recognition of emotions from
voice”, PIT 2008, Springer Berlin / Heidelberg, LNAI
5078, pp. 188-199, 2008,

Jun Hakura et al, “Facial Expression Recognition
and Synthesis for Virtual Miyazawa Kenji System’,
WSEAS  Transactions on Circuits and Systems, Vol
3, No. 6, pp. 288-29%, 2007.

Christos D. Katsis et al, “Toward FEmotion Recognition
in  CarRacdng Drivers A Biosignal Processing
Approach”, TEEE Transactions On Systens, Man, And
Cybemetics—Part A Systems And Humans, Vol 33
No. 3, pp. 502512, May 2008

Chiara C, David S, Patik V., “Recognition of
Enmotional  Face  Expressions Amygdala
Pathology”, Epileptologie 2007, pp. 130-138, 2007.
Johannes W., Elisabeth A, Frank J, “Smart Sensor
Integration: A Framework for Multimodal Emotion
Recognition in Real-Time*, Affective Conputing and
Intelligent Interaction (ACI) IEEE, 2000.

“Data~driven Clustering in

by  Information

and



(11]

[12]

Emotional Space for Affect Recognition Using

Discriminatively Trained LSTM Networks”, Proc. of
Interspeech, pp. 15951598, 2009.
Marko L, MareElise J, Bin Y, “Combining

Classifiers With Diverse Feature Sets For Robust
Speaker Independent Emotion Recognition”,
Proceedings of the 17h  Buropean  Signal
Processing  Conference  (EUSIPCO ~ 2009),  pp.
1225-1229, 2000,

Martin - Wollmer, et al, “Abandoning Emotion

Classes - Towards Continuous Emotion
Recogniion ~ with  Modelling of  Long-Range
Dependencies”, Proceedings Interspeech, .
597-600, 2008.
SN
o714

1984 AR ARsl g A
1983 Zi=ehetul Freleslat ot
2005 Zeheh FFEEst Fekt
184191 g g7 R A

T4

19178A: S 8ITeH
S} wg

PARok  u-Hedlthcare, HIFEIS

3% DB dS IBS, SN
defriEls 5
Email : kylee@eulji..ackr

o & x|

1988 Zthean 2l Esk) B}

192744 SAish STV
S} W
BA RS/ WES CBDWHE,
HCI 5

Enmil kM4@eulji..ackr

Yk ARk g3t
Yk AApsk) g3t

. eAdsk FRIC (XY
SR
SAEhL  SRITeHA
et ug
A E-oku-Healthcare, 79 FE 2,
USN 5
Email : khkim@eulji..ackr

o] & &

1986 Zatfsta ARFEAS oSt

1980 =St et st S skt

1990: ekl Zrete sl it

10372006 P53t AR g3kt
g

00678 S PP
Fag

ieok A, FSAA 24814,
AgE 5
BEmail © ywlee@wsi..ackr



WWwWWw.KcCi.go.kr



