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Human Emotion Recognition using Power Spectrum of EEG
Signals : Application of Bayesian Networks and Relative Power
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Abstract

Many researchers are studying about human Brain—-Computer Interface(BCI) that it based on electroencephalogram
(EEG) signals of multichannel. The researches of EEG signals are used for detection of a seizure or a epilepsy and
as a lie detector. The researches about an interface between Brain and Computer have been studied rohots control and
game of using human brain as engineering recently. Especially, a field of brain studies used EEG signals is put
emphasis on EEG artifacts elimination for correct signals. In this paper, we measure EEG signals as human emotions
and divide it into five frequence parts. They are calculated related the percentage of selecting range to total range. the

calculating values are compared standard values by Bayesian Network. lastly, we show the human face avatar as
human Emotion.

Key Words : Electroencephalogram(EEG), 4t} 3+9] 3k Bayesian Networks, 727 ¢1 2!, Brain-Computer Interface(BCI)

1. A B2 ¥, Junko Murakamis A}l 158 77317 $)3A

EEG A% & o] &stitH1,3l. Chnstos Papadelist® Aok

B2 A7A4E2 Brain-Computer Interface(BCDS 9 dollMel Sl tidt EEG A2 o83 Abde] ~u=s
;A A8 714 2RSS spA 2 AFEtn 9ok BCIE o3 Bt A72 39 H4). Arao Funaser™ EEG 213 &
oA HuAFE fRE EEGAZE ARLalA] st 9 Z4 3 o} Independent Component Analysis(ICA)E ©]
o wEA AP vk EEG A% £33 HoA] o &8to] EEG A&lMe) #5-& AAS L BCO ©] 833

e Ze d7)12e 452 A= o7 guy Az} ohbl & =FolAs Atgre] Hat AEE Sl )l *}
So] 4/ As 2 97] wlo] w@e] ALLwTd Anna gho] 7+Ao) wel EEG A& 436t S4d A%

Catennat Sl ‘%]’Z] 718 $181 EEG 21388 #4314 Fast Fourier transform(FFT)& AR&3led 0~ 50HZ«] =
e 57)e) deow W 4Yel BE, 5o £
XMLl X} : e =Y ol ’_r,] Zhake] 7o Ao Z ¢ o134 A7) ZAe-Eo| wol
;}_Er%'xt : ggggé i—-‘z 1?5 A= 0~4HzR 9 §3te] FoE A A st E—/go}
» WAl XX} ok Z7e] ooz wrojxl Fakges A e
ol =22 oop7id ME(DeolMAIAE e Moz stz A G HlER At Ad. 183 544 DBsY
st BA e xjee o} SsiE oiTol(KRF-2007- ) BIE FEA ofmE el ,7}7,7}?.— Yslolx] & gj
313-D00493). oA 7H| X[ &lof| ZiAt=Z L} o7 uyehtA "ok HuE F7REA 2 ERdlAE

251



ro

|-:T_IL;(, %Al A E Sl-il

=

=X 2008, Vol. 18, No. 2

Bayesian NetworksE ©]& E FES AME3
Shiliang Sun< ¥% ZEL Asl7] fgk wWHo =z
Bayesian Network® A}&3}%13, Yan Sune ¥x=3lo]y
o] RS 93] Naruhiko Shiratoris 9H AE|9] 3=}
£ ¢7] A3 oAl Aehg HsiM AR = A6~
8]. Rui ZhangS Wavelet Analisys®} Bayesian Network
g o|&sliA Hzbol| 9%t HZHe] SHS BRFehE
FATH10L. ol9F Zo] F o) Bayesian Networks—: 0431
okl A FE FES 3 @Wol ARRHI Q) HEI
Kuzuhiko Takahashi= EEGA13.¢} & A= &2 o] &3
o 71X AANEZE ZAAE Adasts A% o]Fo )
[12]. Bayesian Networkel] <Jsiq UL Ax}= dAE
ojutetel] 9J3fAM FHAFA7L ojH TAHE 7HA 3 UY=AE
EA|SHAl Hr).

2 =9 A U Zrh WA 239 AME
A-2%E Bayesian Networkel At m49] oz HA
WS ARl 3= AE Y dHeolyge =& 9 4

of thaljx] Adrgslal 4= A 2 A o&
Rk 5&bo M= EE Y &% mFgke] UsiM =9 ?3'}—‘
TME FAAHO Th

o ol
&Jl‘?‘i

2

ch:

]_
}

olf
E r =

17

kv

rir

2. Bayesian Network2l AHcH =l 4t

2.1 Bayesian Network
ol x|t WEHAE dx %oz Wah: 2849

A}3}o) ])\Eﬂoﬂ}\-] 22O Hb’]- 1@%} A2 24 2

== 9l J

o]-&3t FEL %Q}"a‘i "L%‘f-g ﬁle rowg Jﬁlo}jl B
3 8 AAHS AFste =2 4o AR dest A A
HAgAe AAdE 7IE DBSE} Al #gsis dho
Agalt), wolx|¢t HEY AT w28 472 AAE Tds)
= Wakd 4] 3 I =Z(DAG : Conditional Acycli
Graph)ZElE 71432 o, yEQAE T8 7} =T
= _—-E Heg Ueldcl 24 ==& o] AHE 7R
z} Al g &8 gk 3 1o] I w=
=EE dAdle Ilarc)E =5 Alol9 d#AAE o
H WHaeo] SHEAQ Q13 AR YEHIZE TSI
A Eﬁ(Likelihood)O]Ur S (Evidence)7} 4% A%
g5 & ZA% &F Ho)E(Conditional Probablhtv
Table, CPT)E 7FA 2L th39] & 13 2L o] x|t 73]
(Baye’s Rule)& ©] &3} éﬁre F28 4 9t} [15].

P(:EJLI'Z)P(:EZ)
Pz;)

N

A
T“

o gm &

(1)

P(a:Ja,J) =

a9 1949] WXt HENL EAF SFolea
Z

st A FE Hga, MENAE PR 2}
wso Hek 2% FES Ty A% L
P(xl,m2,333,a:4,:135) =
P(.’L‘l)P(:L‘Q)P(:E3!331,;132)P(.’E4|£C2)_P({B5|£E3) (2)

DREARl HeAt HIER A k= Aol &E T¥=

A 39} 7ol e,

252

a8 1. 7hdE so| Xt U EY 9] oA
Fig 1. The example of simple Bayesian
network

HP |Parent(z;)) (3)

i—1

Plxy,zg,-.m,

2.2 Aof #e # &4

A 1he] gk B2 EEG A% dHolHE AEsA 24
371 913k "Wholr)y. WA, =A¥E EEG A&E Fast
Fourier transform(FFT)ell 2jiA Fu H2 EA431=
Power Spectrum #41& 314 frh &4 «]311"1 571 ¢
Fue 99ez W A "Hu ¥ 2E EEG kR=s
Power Spectrum o oA Yo E5g& RAFE
v} Z+zhe] ZAA o wel 579 JHe= LJrTOPSI EEG 4l
35 EO:]TT: L o714 A W}EJr dH el H|-&o| Yt
A= AL & ¢ Utk o]# AolHE o]&IA HAE F
A3HA == Aol

1689,

«_g"g‘ﬁ;e:‘

-
b O

£e1188

~eo
ws 288

2

o
3

=]
o

g o
e

L

e

8o

g&‘ﬁh

58
w '-J‘(-_:?:mv

'E?f@
Ry
FE TR

Ho
2o
LA

520 3 40 SO S, I =0 &0 i i
Frequency(Hz) EE ¥ FrequencyiHe; Frequencyibz)

Freq W(HZ) ru FrequencﬂH ) 1

anger — comic - disgust - fear - joy - sad

a2l 2. A wWE EEG 4139 Power Spectrum 4
Fig 2. Power Spectrum Analysis of EEG Signals as
Human Emotions

troldl BEG A= @@ Ml 2@eel g b
(0~4HzF )3 W2 A8 4] (@] we} zhzke] Hejg
Zis e dde] dodd het vlaw HAE Bk

Selecting Hange

Total Range @

Ralative Power Value (%) =




A28 gkt Wundt7} #/E5, 35/
WA Aoz FARE Ao gHE 294 EF7 AzkE Q)
oo o] Russell2 7]&9] ATES E&3to] /&<
A8/M el HAA T 7kA Yoz AME BAs =
st AHARE e G 4 A oA A
O ThFAA} e ATE A3 HU 53], WEA 2y
o AT 7|EEA o8& FEIHE Ekmans HBE
(happy), =% (surprise), ¥ ¥(fear), *=(anger) L
(disgust), €&(sad)®] 67}#]e] AAM7} 7| EAQ e} F3
sttHis] # =wolME AMe 712 A4S Ekman<
Aeld| 7|Fo 2 34 67F4] ZAE A 1 67HA HA
e T AAA g mE Hag 4 e B =
o A AL 7|8, FEHe, €5 24, 3y, ¥
6712 & &kt Mark D. Korhonen& A}gre] 7+
F3t7] A g8 7HH] Sohe At 7%
o AE-slSar, Sotol] webd s A8
kG THIZ) 2 =FdAe 1 28R 7AS
A FAAAS AbEle] obd AlA 7 RAREE A}
< FE3tAnh AT RaE d=cle] dv
2t ARE ARSI o RS

.

A
o
o g

Ly

o ¥° Fu}]o q
4

rd e
419 1 fo

o N Rl om0 M 2 o do o i g o0

2o 7
o
—t
~

1 >
r-i—roﬁ_l_.nl

|

-'—l

ofo
Off
-—l—l

O

1_1
x

-
»

o
o
1o

-l_d

ol offt >
oft o
o
g
ftlo
H
2
ol
g
X
L
il
ftilo
o
3R
=
i
v
anj

i
Lot 2o 4 2 d

7
3
A A AHAAFY FEE ¢ A AHFNE
&
7

72 3 EEG 2% 2
Fig. 3. The Picture of EEG Experiment

A g

Late

3.2 EEG ¢t 3
EEG 4% %
9 43} o] 3o
% ol gsiM 13

H}
8
a

Al g Bayesian Networks2b &FCH Power values 8&

L KRF
By,

Frrferis

£,
a3 4 EEG A3 A9 %
Fig. 4. Coordinate of EEG Experiment Electrode

I 7] Wl 10/20 A= A
4kt 89 A=
HolR i A H4 A8E

13 ZHo] o]FXA Hr}, 4" 2AF gEd
Ngd FEZE ol&3A PC dlojHz [EHo]
), agn Asd doleEL TR oA s}
gro2 wEsiA Aok AR 4 e 81 A
7FA LAXTHACIA A3-=E QEEG-83H| & AF&-alA A

@ 2L sk

3.3 EEG A& £4 uitd

Adel EEG A3 535 e MF 1
Z2AF o)Xt} Tarun Madan< long-term¥]
G A Power Spectral DensityE ©]&3|A 4=3}
ATE 3grHl14]. B =FAE A Ho| A u3-g
Fast Fourier transform(FFT)-& ©]$€3t Power Spectrum
o7 sl =y 138 58 KW EEG AZE Power
SpectrumC. & W33 THS HojPEr) w3ks w) 57)¢]
Ao ol HISHA Hu 447 s Mom FHASH
vl oElal o9 49} o] YRtH o R o Fes Fakr g
Holof whe} Q1A o2 dEl §3H0.2~3.99 Hz), MEF 63}
(4~799 Hz), ¥ a3H8~12.99 Hz), ¥lEl 33H13~29.99
Hz), 77} y3H30~50 Hz) & 7834 #4492 3tk

g = Hdn

#owg- BHy

DR 38 3

F ¥4 iomanyd

v oo W - B6 He L

12 5. Power Spectrum ‘H3
Fig. 5. Power Spectrum transformation

253



= X| 2008, Vol. 18, No. 2

2

| :LE' 6 EEG A EJ- )\HH J}—rl %}‘: .
(@063, @:av, @: B3, @ : y3p
Fig. 6. Relative Power Values of EEG Signals

o7,
& HO
1%
10
=

= AAE A4 J4A73A7F oA TAHE

1 DB} vluE F3lA 2
Hu gk A= AlgErTe]
I STt o] dHS nest] 9
ZAAE Adel7| 2 3%t DB
|To & '3}51 Aozl d|o)E &} v|uLsdle] oy
StE= FASHA "ok B =EA
2 Hlo]X et YEHaE ’\}%5}9313}.
#olx]¢t YEYAE o]&3}7] #1314 Norsys Corp.9]
Netica AZEgo](Norsys Software Corp., Vancouver,
BC, Canada)®] Limitation ModeZ AF&3d}o] F&E Rdo
o] 83tAth. 1Y 7S WolA HEH A FAHE BT

AT

~J
—-‘_l'
A
=4
S
rir
)
il
i
e
ol
N,
o,
%
P

o

E ,
at) )i rlo F[:IIO
i o
2
k%)

g{:r

X

_! ]
o o 5%

o
N

-I—l

o

=2

N

-—'—f

N,

Mo

A
10 i
Jﬂ

Fear
Anger 143

Humer 143

Normal 143

Disqust 143 Theta

Sadness  14.38 Gamma
heta
Algha

CH7 _
Theta 420 i
Gamma 270
beta 200w

. |Ape oL
28 7. 24 2l vl UEa T4
Fig. 7. Bayesian Networks Structure for Emotion
Recognition

254

4. NE T

4.1 EEG 248 Z1}

EEG A3%x fMRIY A7 #Zo] 67H4 #A-E w23}
7] I3l Az AEE AREst] AP st A
@3’4 388 Power Spectrum #42 F3A ¥

& A3Z BE F AU 27 28 BY 4749 gA
‘1}‘3} T4 9] zolE Hole= AL & 7+ Uk §3], comic

o]} disgust & AE9] FAF Ao|E Rol= 34\% 2
4 94tk Power Spectrum ¥4 § Auiule] gte A4t
0}711 Hizd A" e Z47bo] H&EE BAIF it
27 88 vy AHEY §A4 AidA Fupgd mE A

u!
1

2ol olsiA BAF A7 el «@E vEkd Rolth )
9] Zhe AUk o] Fu4 W)/ AHz~50Hz(=

O+a+Brg)el &3 Alks ozl

- T T T —TT — T
A T L " N R IS : ; T e IS S P
. v et Low T el eTele T R R R I B L I B PR - ]
..... : : R PR i = Lo B i R I BT
. : R N A PR T L RE: )
FREREER Y R F ROV SNETAN TR TR L D bt I L] B > B
L7 20, (NS H . I, 3% B Ty
@ : ¥ » o " . fe A Ll M : K3
] K2 I = 1k TRENP AN AN A - WY, o 4 St ] L i i A
T T PR TR B WY B I wof a i ooy TS £ ] 4 %5 e 778 o
A k. - et 24 " sl LSRN T S L TN AR N AR > §o el
< e - o7 A g ! - T e AT d 8T e B e e A LT, -
I R B LTI IR P R
N 4 . ) - £ 0 - Ld o L 20
P

;;;;;;

101007

01565 10.2078 [0.3071 10.3281(0.3189 [0.3217 (0.3434[0.3446

110.4353(0.4232(0.3959 [0.3847 |0.4057(0.3819 10.3956 |0.3973

+10.3079]0.2375(0.0574 0.0483 [0.0589 [0.07330.0417 |0.0516

a2 8 Al 9 gk (ol ¢ 3ET)

Fig. 8 Relative Power Values ("Ex : Angry”)

A0 w2 A2 AlFEviT o o] x}o]7t §l7|
) 5ol wlo]X|¢t IEYAE o] &3 & FEF S 4
HE A "t 28 92 WolAt YERAE 7S
H Hoa glth

" | [ T
Fear 2 | Fear =1 | Fear 4 Feat {
Anger 1) Anger 1 Anger S0 Anger 239
Hummor i | Humer @2 | Humor 4 1 Humor .
Mormal 7 | Mormat <1444 1 Narmal 2 | Mormal
Disgust wngd | Disgust a5 1 Disgust sidegesiy | Disgust
Sadness =1l | Sadness Si [ Sadness OEzcesend | Sadness
/ CH7
Joy / Joy hi N
Fear g Fear 0f
Anger / Anger o L
Hurmar Humor 124 Mt
Narrnal Normal 0
Disgust e Disgust 9k
Satness 1] G R Sadness 1240
CHb _ CHB
JDY 393 RN JD ______
y :

;ﬁ;;r 129N Fear 125 M Tags

Anger 125 M ST
Humor  23.9 M Humor 245
Nomnal Normat  Of
Disgust 239 Disgust 1} 5
Sadness & Sadness OE

a2 9. W33l wo|Xet WE =
Fig. 9. Compiled Bayesian Networks

oot MEHAR HEF ¥ 71 2 FES 7
4 AR Ao AsA Bk ABvolRS
A4 2 BRe BAs opubegz @ o) Atk o
d Aade AT O A%y dHbe|lxE Y £7)
el Ao AT & 5 Ark Zhzte) el mE oput

P oft o



-_—

/|

EEG &5 2| Power Spectrum2 o| ¢l

Bt 23S A deEE fﬂolFflE o]-&3iA AREA7}
Yohz MUlA7ER = A s & A HE etk 13 10
o A EFolAe] ABE RoFE Aol

: i H i
i Inpuf Data of Brsiowaves Qpl:ﬂ File i i dnput Deta of Actions |

L "
(Froquesoy; Ot 1 Chz i cWd | ohd 1 ohs e L ent 1 Ch8 |l fds | heguiar : Accelerstion |
[ Bz 0519821, 0513556 0544652.. O.506960.. 0.482239. 0.501581.. 0.562027.. 0470130, X axis L 3.234
4 813Hz 0105448, 0.102346.. 0.110092.. 0177411 0.096723., 0102752.. 0.109892.. D.114660.. (Ywxis 2083 2,563
CDIF30Mz 0201675, 0.207986.. 0.20539S.. 0.19508.. D.209251.. 0.200615.. 0.198255.. 0.210127.. §Zax'|s 1.247 1.899
(3050Hz 0173410, 0.176548.. 0.140382.. 0.119805.. 0.220063.. 0.195229.. 0.E290R8. 0.20543.. |

i Becognition Hesuli of Brainwm

I Preiabifity nf Rrainwaves : thsbl!ity v Adions

" (Emton | Probabity | [Emolin | Probebilty | Y TV A
Joy 0.546 ! Joy 0.500 }
Fear 6.023 . Fear 0.624
Anger 6.03% ;. Anger 0.065
Humor 0.204 i Humor 0.174 |
Normal 0,121 £ Normal 0.121 |
Disgust 0.046 i Disgust 0.095 i
Sadness 0.625 i Sadness 0.102 o rm——

T 10, 7HE A AEH A
Fig. 10. Emotion recognition Simulator

a9 10014 9F 2] Open fileE EdA = A37 AR
H HdS dojA YEvtolr] el E}u o] x| QF U ES
a5 A gE o xdEIA A a2gn 1 &5
grol webal olmelz wAskE AL HolZth 19 109]
M= 71 oldbs 2 A9E HoFa 9

7‘5‘% < ’*‘0}7%1 &= Zolt) o] A
2317 YElA AT ABE AFSSIY T M9S5S Fast
Fourler transform(FFT)& A}8-8le] Power Spectrum®.
2 W3St th EE?'{}, Hael IE-& AAS] YA T
o] Wol Eo9l F9E AAS2 EFE  Power
Spectrum gtell A )\}fﬂzq ¢l Fro = AAREIG T} mpxulo 7
Hw Ao A && —?“—%0}71 A wlelZ|ek HEHZE
ANZ VERA Ho il Ad e dF

AHE-3 A B
#oZ YA Hed b 2 855 A4ty Ao
23 Aedtar 1 AR i O}HPE}*‘?‘* AlgdleldE &
A HAFA ok Aapdoz wo|x¢t EYAZ FI
A g= FEAR] e Ueha d3leis AAEEY 7
Aol whE A3} e BelE £ gtk FE g vlus) B
H fear, ]oy, anger, disgust®] #AAELS & 859 o)z
= g

UEIA R angere} sade H|$3 35L& 714 oE
& 4 AT
Apgol| = Fappo X LA Fubas AL Zolx o

9 592 3
T 2ol W BAo] ohd Q7o) B3k ATt ol
dasch 2 s B4 glojA] 4

2 AAE BN Aesolx Fe |
ok Su} Bk opye} e o] 7} 441&1%— gol
oA o]&shhy Zrof ol oL} n-018 23 X ]
Bk ol Be RIEIH A7) o) o] 4 & v}
3 Qzhac,

Ab2to| Zt

[mai

i

[1]

12]

[3]

[4]

[5]

16]

[7]

8]

[9]

[10] Rui

died : Bayesian Networks2t &M Power values &

x =
T

o

Anna Caterina Merzagora, Scott Bunce, Meltem
and Banu Onaral, "Wavelet analysis for EEG
feature extraction in deception detection,” Proc
of the 28th IEEE EMBS Annual International
Conference, August 2006.

Luke Rankine, Nathan Stevenson, Mostefa
Mesbah, and Boualem Boashash, "A
Nonstationary Model of Newborn EEG,” IEEE
Transactions on Biomedical Engineering, Vol.54,
No.1l, January 2007.

Junko Murakami, Shin-1chi Ito, Yasue
Mitsukura, Jianting Cao and Minoru Fukumi,
"Detection of the Human-—Activity Using the
FCM,” proc o International Conference on
Control, Automation and Svstems, October 2007,
pp. 1883-1886.

Christos Papadelis, Chrysoula
Kourtidou—-Papadeli, Panagiotis D.Bamidis, Ioanna
Chouvarda, "Indicators of Sleepiness in an am-
bulatory EEG study of night driving,” Proc of
the 28th IEEE EMBS Annual International
Conference, August 2006, pp. 6201-6204.

Arao Funase, Tohru Yagi, Allan K. Barros,
Andrzej Cichocki and Ichi Takumi, "Single trial
method for Brain—-Computer Interface,” Proc of
the 28th IEEE EMBS Annual International
Conference, August 2006, pp. 5277-5231.

Shiliang Sun, Changshui Zhang, and Guoqglang
Yu, "A Bayesian Network Approach to Traffic
Flow  Forecasting,” I[IEEE Transactions of
Intelligent Transportation Systems, Vol7, No.l,
March 2006. pp. 124-132,

Yan Sun, Shipin Lv, Yiyvuan Tang, “"Construction
and Application of Bayvesian Network in Early
Diagnosis of Alzheimer Disease’'s System,” proc
of International Conference on Complex Medical
Engineering, May 2007, pp. 924-929.

Naruhiko  Shirator1 and  Naohito  Okude,
"Bavesian Networks Layer Model to represent
anesthetic  practice,” proc of International
Conference on Systems, Man and Cybernetics,
October 2007, pp. 674-679.

Kyu-Baeck Hwang and Byoung-Tak zhang,
“Bayesian Model Averaging of Bayesian
Network Classifiers Over Multiple Node—-Orders :
Application to Sparse  Datasets,” IEEE
Transactions on Systems, Man and
Cybernetics—Part b: Cybernetics, Vol.35, No. 6,
December 2005, pp. 1302-1310.

Zhang, Gerry McAllister, Bryan Scotney,
Sally McClean, Glen Houston, “Classification of
the Auditory Brainstem Response(ABR) using
Wavelet Analysis and Bayesian Network,” proc
of Symposium on Computer-Based medical
Svstems, June 2005, pp. 485-490.

255



SRR SAAH

—

o

3| =&X[ 2008, Vol. 18, No. 2

[11] Kazuhiko, Takahashi, "Remarks on Emotion
Recognition from Multi-Modal Bio-Potential
Signal,” [EEE  International Conference on
Industrial Technology(ICIT), 2004.

[12] Mark D. Korhonen, David A. Clausi, M. Ed
Jernigan, "Modeling Emotional Content of Music
Using System Identification,” IEEE Trans. on
Systems, Man, and Cybernetics - Part B
Cybernetics, vol. 36, no. 3, June 2006.

[13] Junya Tanaka, Mitsuhiro Kimura, Naoya Hosaka,
Hirovuki Sawaji, Kenichi sakakura, Kazushige
Magtani, "Decelopment of the EEG measurement
technique under exercising,” Proc. of the 2005
IEEE Engineering in Medicine and Biology Z27th
Annual Conference, Septerber 2005.

[14] Tarun Madan, Rajeev Agarwal, M.N.S. Swamy,
"Compression of long-term EEG using Power
Spectral Density,” Proc o the 26th Annual
Internatioal Conference of the IEEE EMBS,
September, 2004.

[15] Russell, J.A., “Evidence of convergent validity
on the dimensions of affect,” Journal of
Personality and Social Psychology. 36. 1152-1168.

[16] 2Fe, FAF, AAR, AEABFAR W
Context-based Service & R4 #x] & 2]5A4]
28 8l3] =7 Vol.l7, No. 7, pp 907-912.

A S S

A Z7[{Hong-Gi Yeom)
20083 : =gl A x}A 7 F e
Elél/\]_
20083 ~ & A : =gl ey
7517‘}7371%’*6—1}% A AL A

TP

206

ofF : Wearable robot, Application of Bio—signal &

¢+ ™ F(Cheol-Hun Han)
2008\ : FoFfighnl A pA ) FEHE
3 AL
2008 ~ A A : =gt e
AR 7)E SR A ALY

ZA E-o} : Computer vision system, Emotion Recognition,
Intelligent Robot &

2 &= (Ho-Duck Kim)

2005\ : =gty AR )R-
5’—-6‘1-}\]-
2008 ~ & A . =Yt ek

R

#AEoF : Evolvable H/W, Emotion Recognition, SLAM,
enetic Algorithm, DARS &

Al 3| 2 (Kwee-Bo Sim)
19903 : The University of Tokyo
P x}.sz-m 7} Zahula)

19914 ~ s:];q] ]-q]zﬂ-—?
@z}@ﬂ—w—?— s

[A118¢ 135(2008d 2¥83%) =]

. kbsim@cau.ac.kr
http://alife.cau.ac.kr

E-mail
Homepage URL



